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Preface

This book is a technical and academic treatment of marketing research. It is written for two readers at once: the doctoral researcher, who wants formal constructs, derivations, identification assumptions, and citations to the primary literature; and the senior technical practitioner, who wants the intuition, the trade-offs, and runnable code. Wherever the two pull in different directions, the book leads with intuition and follows immediately with the formalism, so that neither reader is short-changed.

Three commitments shape every chapter. First, rigor: constructs are defined formally, methods are stated with their estimators and assumptions, and empirical claims are tied to the primary literature in the top marketing journals. Second, reproducibility: quantitative ideas are accompanied by code that runs. Third, verifiability: every cited work carries a DOI, so any claim can be traced to its source.

The book is organized into parts that move from what marketing studies (constructs and substantive domains) to how it studies them (methodology), and then to the advanced seminars and research craft that define the modern field. A short history of marketing thought (see Chapter 2) situates the whole enterprise before the substantive material begins.

No formal prerequisites are required, though a reader comfortable with introductory probability, regression, and a scripting language such as R will get the most from the methodological chapters.




1 Introduction

Marketing research sits at a productive intersection. It is a behavioral science, concerned with why people attend, prefer, choose, and stay loyal; it is an economic science, concerned with how firms price, advertise, and compete; and it is increasingly a computational science, concerned with how to extract credible quantities from messy, high-dimensional, observational data. This book treats all three as one subject. Its premise is that a brand premium, a diffusion curve, a click-through elasticity, and a structural demand parameter are not separate worlds but different views of the same underlying problem: connecting a latent construct to an observable consequence in a way that survives scrutiny.

The book is written with two readers in mind, and each chapter tries to serve both. The first is the academic researcher who needs the construct defined formally, the estimator written out, the identifying assumptions stated, and the failure modes named (i.e., the reader who will be asked in a seminar what breaks if that assumption is false). The second is the technical practitioner (e.g., a data scientist, research lead, or quantitatively trained marketing strategist), who needs the intuition first, a runnable implementation second, and an honest account of when a method earns its keep and when it does not. These two readers are usually addressed by separate literatures. The premise here is that they are often better served together: rigor tends to be more useful alongside intuition, intuition more dependable alongside rigor, and the gap between a published identification strategy and a production decision is often smaller than either side assumes.

That dual audience dictates the form of every chapter. Each idea leads with intuition, follows immediately with formalism, and closes with reproducible code. Constructs are defined before they are measured; methods are stated as an estimator with explicit assumptions before they are applied; and causal claims are flagged as causal, correlational claims as correlational, never blurred. The standard is not encyclopedic coverage, the field is far too large for that, but operational competence: after a chapter, the reader should be able to define the construct, estimate the quantity, defend the assumptions, and recognize the conditions under which the whole apparatus fails.

This opening chapter does three things. It states the scope and aims of the book and the audiences it serves; it lays out how the material is organized into parts and how to read across them; and it fixes the mathematical notation used throughout, in a master table that the rest of the book treats as binding. A book that connects behavioral constructs, econometric estimators, and structural models will write down expectations, vectors, matrices, parameters, and their estimates on nearly every page. The conventions below are set once and honored everywhere.


1.1 Scope and Aims

Marketing as an academic discipline is young relative to economics or psychology, and it has spent much of its history negotiating its own identity, such as borrowing theory from the social sciences while insisting on the distinctiveness of exchange, markets, and the firm’s marketing decisions as objects of study (Bartels 1988; Sheth, Gardner, and Garrett 1988).1 That negotiation left the field with an unusually wide methodological range (e.g., lab experiments, econometric models of observational data, analytical game theory, structural estimation, and, increasingly, machine learning on text and images), held together by a common substantive concern with demand and the firm’s influence on it. A book that claims to cover marketing research must therefore be plural about method while disciplined about evidence.

Three commitments define the book’s scope.

First, it is construct-centered before it is method-centered. A recurring failure in applied work is to reach for a method before the quantity of interest is defined. The book inverts that order: it asks what brand equity, satisfaction, innovativeness, or customer lifetime value actually is, as a formally defined object, before asking how to measure or estimate it. A construct is a theoretical concept that is not directly observable and must be inferred from observable indicators or behavior; the central difficulty of the field is that its most important quantities are constructs, not variables, and the construct–variable distinction is foundational enough to receive its own treatment (1).

Second, it is identification-aware. Most marketing data are observational: firms do not randomize their prices, advertising, or product launches, and consumers self-select into exposure and purchase. The book, therefore, treats identification (the question of whether the data, given the assumptions, can recover the target quantity at all) as a first-class concern rather than a footnote. For each method, it asks not only how to estimate but what identifies the estimate and what breaks when the identifying assumption fails. This is the discipline that separates a number from a finding.

Third, it is reproducible. Every worked example ships as runnable, seeded R code.

What the book is not: it is not an introductory marketing textbook, not a software manual, and not a literature review that catalogs findings without a mechanism. It assumes the reader wants to understand why a result holds and when it can be relied upon, and it is willing to spend formalism to get there.



1.2 The Two Audiences

The two readers want different things from the same page, and naming the tension makes it manageable. Table 1.1 contrasts what each brings and what each needs; the chapters aim to let either reader follow their own thread without having to abandon the other’s.




Table 1.1: What each audience brings and needs










	Dimension
	Academic researcher
	Technical practitioner





	Primary goal
	Contribute defensible knowledge
	Make a defensible decision



	Reads for
	Constructs, derivations, identification
	Intuition, implementation, trade-offs



	Tolerance for formalism
	High; wants the proof
	Moderate; wants the consequence



	Tolerance for ambiguity
	Names open questions as open
	Wants a recommendation under uncertainty



	Failure they fear
	An unidentified or confounded claim
	A model that misleads a real choice



	What the chapter owes them
	Assumptions stated, estimator written out
	Runnable code, honest scope conditions










The book serves by a fixed ordering within each idea, intuition, then formalism, then code, then pitfalls, rather than by segregating “applied” and “theoretical” sections. The practitioner who stops after the intuition and the code still leaves with something correct; the researcher who reads the formalism and the identification discussion in full leaves with something complete. Asides that matter to only one reader are placed in footnotes or callouts so the main line stays legible to both.2

A word on prerequisites follows from this. The book assumes a working command of probability and statistics through linear regression and maximum likelihood; basic linear algebra (vectors, matrices, and what an inverse and an eigenvalue are); calculus sufficient to read a first-order condition; and enough R to read and modify a tidyverse or base-R script. It does not assume prior exposure to discrete-choice models, structural estimation, causal-inference designs, or Bayesian computation, each is developed from its intuition in the methodology chapters. A reader missing one of the prerequisites can still follow the substantive chapters by treating the formal passages as reference and leaning on the intuition and code; a reader with all of them can read the book front to back as a unified technical treatment.



1.3 How the Book Is Organized

The book is built on three pillars, and it is worth naming them at the outset, because they are the logic behind every part that follows.


1.3.1 The three pillars

Marketing scholarship, like the social sciences it draws on, is organized along three intersecting domains. Doctoral seminars use this framing to locate any piece of research (MacInnis 2011; Hunt 1976), and a study always lives somewhere in the space the three pillars span:


	The construct domain is the set of unobservable concepts a theory is about: satisfaction, trust, perceived risk, and brand equity. Its defining concern is construct validity, whether a measure actually captures the concept it names (Cronbach and Meehl 1955).

	The substantive domain is the real-world phenomenon or context being explained: pricing, advertising, retailing, platforms, and health. Its defining concern is relevance and how far a finding generalizes beyond the setting that produced it.

	The methodological domain is the apparatus of measurement, identification, and inference that turns data into a defensible claim. Its defining concern is whether the design actually supports the conclusion drawn from it.



A contribution can advance any single pillar by sharpening a construct, illuminating a phenomenon, or improving a method, but the strongest work moves more than one at once, and the most common error is to mistake progress on one pillar for progress on another (Yadav 2010; Summers 2001). The book is organized in exactly this order: constructs supply the concepts, substantive domains supply the questions, and methodology supplies the evidence. Two further parts then extend the methodological pillar outward, to the unstructured and multimodal data that modern marketing runs on and to the integrative seminars that braid all three pillars together, before the closing material on research craft and worked cases.

This ordering reverses how research is often taught (method first), but it matches how research is actually done: a question about a construct in a substantive domain motivates a method, not the other way around. Figure 1.1 shows the dependency structure; the parts are summarized below.
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Figure 1.1: Organization of the book around the three pillars. Constructs and substantive domains motivate the methodology that serves them; the data and seminar parts extend methodology outward; research craft and cases build on all of it. Arrows denote ‘is prerequisite for’, not strict reading order.








Foundations. This introduction and the history of marketing thought (Chapter 2) set the intellectual frame: where the field’s questions come from, why it is methodologically plural, and what standard of evidence the book holds itself to.

Pillar I, Constructs. The first pillar draws the line between a construct (an unobservable theoretical quantity) and a variable (its observable proxy), then works that distinction through the field’s major construct families: evaluative judgments such as customer satisfaction (Chapter 4), the relational constructs of trust and loyalty, the brand constructs, and the cognitive and affective processes behind them. These chapters establish the habits the rest of the book relies on: define formally, measure honestly, and never confuse the proxy with the thing.

Pillar II, Substantive Domains. The longest part takes the field’s major phenomena in turn: branding (Chapter 11), online environments (Chapter 12), advertising (Chapter 13), sales (Chapter 14), customer lifetime value (Chapter 15), endorsement and influencer marketing, nudges, pricing, service, health, gaming, and the marketing and finance interface (Chapter 23), through privacy (Chapter 24), and the strategy-facing phenomena of innovation (Chapter 25), market entry, and virality and word of mouth (Chapter 27). Each domain chapter leans on the constructs of the first pillar and points forward to the methods of the third.

Pillar III, Methodology. Here the book develops the estimation machinery: metrics (Chapter 28), data (Chapter 29), modeling, measurement and scaling (Chapter 35), surveys and experiments (Chapter 36), preference measurement (Chapter 37), qualitative research (Chapter 38), industrial-organization and structural demand (Chapter 39, Chapter 34), causal inference and field experiments (Chapter 40), discrete choice and Bayesian methods (Chapter 41), and the information theory (Chapter 42) that underlies how marketing encodes and transmits meaning. The notation fixed in this chapter is most heavily used here.

Unstructured and Multimodal Data. Most marketing data does not arrive as a tidy table. This part takes the unstructured modalities in turn: text as data (Chapter 43)—together with the figurative language, such as sarcasm, that breaks naïve text pipelines (Chapter 44)—images (Chapter 45), and, as the part grows, audio and voice, video, and the multimodal foundation models that represent them jointly.

Integrative Seminars. This part synthesizes: marketing-mix models (Chapter 53), strategic and dynamic models (Chapter 54), artificial intelligence and machine learning (Chapter 65), platforms and two-sided markets (Chapter 66), and full-semester doctoral seminars in consumer behavior, analytical modeling, and marketing strategy that read primary sources at research depth.

Research Craft. Knowing how to estimate a quantity is necessary but not sufficient to publish it. This part covers scientific writing, the review process (Chapter 68), and reporting: the practices that turn a correct result into a contribution others can use and trust.

Case Studies. The book closes with worked cases (branding, advertising) and instructor companions that apply the constructs and methods to concrete decisions, alongside an appendix of selected topics (Chapter 73) and the consolidated references.

The parts are designed to be read in order on a first pass and consulted out of order thereafter. Cross-references use @sec- labels rather than prose pointers, so following a thread is mechanical: a forward reference to a method names the exact chapter that develops it, and a backward reference to a construct names the chapter that defined it.




1.4 Notation and Conventions

The book holds to one notation system, set here and used in every chapter. The guiding principle is that type carries meaning: whether a symbol is upright or italic, bold or plain, lower- or upper-case tells the reader what kind of object it is before they read what it denotes. The following landmark convention, standard across statistics and econometrics, is the backbone:


A scalar is italic and plain (xx, β\beta); a vector is bold lower-case (𝐱\mathbf{x}, 𝛃\boldsymbol{\beta}), a column unless stated; a matrix is bold upper-case (𝐗\mathbf{X}, 𝚺\boldsymbol{\Sigma}); an estimator or fitted quantity wears a hat (β̂\hat{\beta}, 𝐲̂\hat{\mathbf{y}}); and a true but unknown population parameter is Greek (θ\theta, σ2\sigma^2). The expectation is 𝔼[⋅]\mathbb{E}[\cdot] and the probability of an event is ℙ(⋅)\mathbb{P}(\cdot).



Table 1.2 makes the system complete and binding. Where a chapter must depart from it—because an established result in that subfield uses a fixed symbol—the departure is flagged at first use and confined to that chapter.




Table 1.2: Master notation table. These conventions are binding across the book; local departures are flagged at first use.










	Symbol
	Type
	Meaning / convention





	x,y,β,λx,\ y,\ \beta,\ \lambda
	scalar
	Italic, plain. Generic scalar quantities and scalar parameters.



	i,j,t,ki,\ j,\ t,\ k
	scalar index
	Units (ii), alternatives/items (jj), time (tt), components (kk).



	n,N,T,Kn,\ N,\ T,\ K
	scalar
	Sample size, population size, number of periods, number of components/indicators.



	𝐱,𝐲,𝛃\mathbf{x},\ \mathbf{y},\ \boldsymbol{\beta}
	vector
	Bold lower-case; column vectors unless transposed. 𝐱i\mathbf{x}_i is unit ii’s covariate vector.



	𝐗,𝚺,𝐈\mathbf{X},\ \boldsymbol{\Sigma},\ \mathbf{I}
	matrix
	Bold upper-case. 𝐗\mathbf{X} design/data matrix; 𝚺\boldsymbol{\Sigma} covariance; 𝐈\mathbf{I} identity.



	𝐱⊤,𝐗⊤\mathbf{x}^{\top},\ \mathbf{X}^{\top}
	operator
	Transpose. Inner product 𝐱⊤𝐳\mathbf{x}^{\top}\mathbf{z}; outer product 𝐱𝐳⊤\mathbf{x}\mathbf{z}^{\top}.



	𝐗−1,|𝐗|\mathbf{X}^{-1},\ \lvert \mathbf{X}\rvert
	operator
	Matrix inverse; determinant.



	θ,𝛉,Θ\theta,\ \boldsymbol{\theta},\ \Theta
	parameter
	True unknown population parameter (scalar / vector); Θ\Theta the parameter space.



	θ̂,𝛃̂,𝐲̂\hat{\theta},\ \hat{\boldsymbol{\beta}},\ \hat{\mathbf{y}}
	estimator
	Hat denotes an estimator or fitted/predicted value computed from data.



	θ̃,x‾\tilde{\theta},\ \bar{x}
	estimator
	Tilde an alternative estimator (e.g., restricted); bar a sample mean, x‾=1n∑ixi\bar{x}=\tfrac{1}{n}\sum_i x_i.



	θ0\theta_0
	parameter
	The data-generating (“true”) value of θ\theta when a distinction from a candidate value is needed.



	𝔼[⋅],𝔼[Y∣X]\mathbb{E}[\cdot],\ \mathbb{E}[Y\mid X]
	operator
	Expectation; conditional expectation. 𝕍(⋅)\mathbb{V}(\cdot) variance, Cov(⋅,⋅)\mathrm{Cov}(\cdot,\cdot) covariance.



	ℙ(⋅),ℙ(A∣B)\mathbb{P}(\cdot),\ \mathbb{P}(A\mid B)
	operator
	Probability of an event; conditional probability.



	f(⋅),F(⋅)f(\cdot),\ F(\cdot)
	function
	Probability density (or mass) function; cumulative distribution function.



	ℒ(θ),ℓ(θ)\mathcal{L}(\theta),\ \ell(\theta)
	function
	Likelihood and log-likelihood of θ\theta given the data.



	ε,𝛆,ζ,u\varepsilon,\ \boldsymbol{\varepsilon},\ \zeta,\ u
	random
	Disturbance / error terms; structural shocks where noted.



	∼\sim
	relation
	“Is distributed as,” e.g., ε∼𝒩(0,σ2)\varepsilon \sim \mathcal{N}(0,\sigma^2).



	𝒩(μ,σ2),𝒩(𝛍,𝚺)\mathcal{N}(\mu,\sigma^2),\ \mathcal{N}(\boldsymbol{\mu},\boldsymbol{\Sigma})
	distribution
	Univariate / multivariate normal; other distributions named in full at first use.



	η,λk,wk\eta,\ \lambda_k,\ w_k
	parameter
	Latent construct (η\eta); reflective loading (λk\lambda_k); formative weight (wkw_k). See Chapter 35.



	Uij,VijU_{ij},\ V_{ij}
	scalar
	Random-utility total and deterministic components for unit ii, alternative jj. See Chapter 41.



	∝,→,→p,→d\propto,\ \to,\ \xrightarrow{p},\ \xrightarrow{d}
	relation
	Proportional to; converges to; converges in probability; converges in distribution.



	𝟙{⋅}\mathbb{1}\{\cdot\}
	function
	Indicator: 11 if the condition holds, 00 otherwise.



	argmaxθ,argminθ\arg\max_\theta,\ \arg\min_\theta
	operator
	The argument optimizing the following objective over θ\theta.










Three conventions deserve emphasis because they prevent the most common misreadings.

The hat is reserved for estimates. β\beta is a feature of the population (a number we would know if we could observe everyone; β̂\hat{\beta} is a function of the sample) a number we compute and that would change with a different draw. Every sentence that asserts a property of β̂\hat{\beta} (unbiasedness, consistency, asymptotic normality) is a sentence about the estimator’s behavior across hypothetical samples, never about the realized number. Keeping the hat disciplined keeps that distinction from collapsing, which is where a great deal of applied confusion originates.

Expectation is an operator, not a number, until the distribution is fixed. Writing 𝔼[Y∣X=x]\mathbb{E}[Y \mid X = x] commits to a conditional distribution of YY given XX; the regression function the book estimates over and over is exactly this conditional mean. A short, runnable example (Figure 1.2) fixes the link between the population object 𝔼[Y∣X=x]\mathbb{E}[Y\mid X=x] and its sample analog β̂\hat{\beta}, and previews the figure conventions used throughout.


set.seed(42)

n     <- 200
beta0 <- 2      # population intercept (a parameter)
beta1 <- 1.5    # population slope     (a parameter)

x       <- runif(n, min = 0, max = 10)
epsilon <- rnorm(n, mean = 0, sd = 2)      # disturbance term
y       <- beta0 + beta1 * x + epsilon     # E[Y | X = x] = beta0 + beta1 * x

fit <- lm(y ~ x)                           # OLS estimator -> beta-hat

plot(x, y, pch = 16, col = "grey55",
     xlab = "x", ylab = "y",
     main = "Population mean vs. estimated fit")
abline(a = beta0, b = beta1, lty = 2, lwd = 2)        # E[Y | X = x]: the truth
abline(fit,        col = "firebrick", lwd = 2)        # beta-hat:     the estimate
legend("topleft", bty = "n",
       legend = c(expression(E*group("[",Y*"|"*X==x,"]")),
                  expression(hat(beta)*": OLS fit")),
       lty = c(2, 1), lwd = 2, col = c("black", "firebrick"))

round(coef(fit), 3)   # beta-hat: close to (2, 1.5) but not equal to it
#> (Intercept)           x 
#>       1.886       1.503
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Figure 1.2: A single simulated draw (n = 200). The population conditional mean E[Y | X = x] = 2 + 1.5x (dashed) is a fixed feature of the data-generating process; the OLS fit (solid) is the estimator beta-hat, a function of this particular sample.








The estimated coefficients land near the population values (2,1.5)(2, 1.5) without equaling them—the visible gap between the dashed line (the parameter) and the solid line (the estimate) is the entire subject of statistical inference, and the notation is built to keep the two apart on the page.

Bold tracks dimension. A symbol’s weight announces whether it is a single number, a list, or a table of numbers before the reader parses the subscripts. When a chapter stacks units into a design matrix, the move from 𝐱i\mathbf{x}_i (one unit’s covariates) to 𝐗\mathbf{X} (all units’ covariates) is signaled by the case change alone, and the model 𝐲=𝐗𝛃+𝛆\mathbf{y} = \mathbf{X}\boldsymbol{\beta} +
\boldsymbol{\varepsilon} reads unambiguously as a matrix equation. This is the display form the regression and choice chapters assume by default,

𝐲=𝐗𝛃+𝛆,𝛃̂=(𝐗⊤𝐗)−1𝐗⊤𝐲,(1.1)\mathbf{y} = \mathbf{X}\boldsymbol{\beta} + \boldsymbol{\varepsilon},
\qquad
\hat{\boldsymbol{\beta}} = \left(\mathbf{X}^{\top}\mathbf{X}\right)^{-1}
\mathbf{X}^{\top}\mathbf{y}, \qquad(1.1)

where Equation 1.1 is the ordinary-least-squares estimator written once here so later chapters can refer to it rather than re-deriving it. The estimator exists and is unique exactly when 𝐗⊤𝐗\mathbf{X}^{\top}\mathbf{X} is invertible. That is, when the columns of 𝐗\mathbf{X} are linearly independent, and identification questions in later chapters often reduce to whether some analog of that invertibility holds.



1.5 How to Read This Book

A first-time reader should move through the parts in order: the constructs of Part I are presupposed by the domains of Part II, and both motivate the methods of Part III. A reader who arrives for a specific domain, say, branding or advertising, can enter at that chapter and follow its backward references to the constructs it needs and its forward references to the methods it uses; the cross-reference graph in Figure 1.1 is the map for that kind of reading. A reader who arrives for a method can enter in Part III, where each chapter states the estimator, its assumptions, and its identification requirements before applying it to a substantive example drawn from the earlier parts.



1.6 Key Takeaways


	The book serves two readers at once, academic researchers and technical practitioners, by ordering every idea as intuition, then formalism, then runnable code, then pitfalls, rather than segregating applied and theoretical material.

	It is construct-centered, identification-aware, and reproducible: define the quantity formally before measuring it, ask what identifies an estimate and what breaks it, and ship seeded code with original figures only.

	Notation is binding (Table 1.2): scalars italic, vectors bold lower, matrices bold upper, estimators hatted, parameters Greek, 𝔼[⋅]\mathbb{E}[\cdot] for expectation and ℙ(⋅)\mathbb{P}(\cdot) for probability.









1. The companion chapter Chapter 2 traces this intellectual lineage in detail, from the early commodity, institutional, and functional schools through the managerial turn and the modern split into behavioral, quantitative, and strategic streams. This chapter assumes that history rather than recounting it.



2. For example, a practitioner can usually treat a standard-error formula as a black box, whereas a doctoral reader needs to know whether it is robust to the clustering structure of the data. The book puts the formula in the main text and the clustering caveat in a footnote, so neither reader is taxed by the other’s needs.





2 A Short History of Marketing Thought

Marketing is a young discipline with an unusually self-conscious history. Most fields acquire a settled sense of their own boundaries and let historians worry about the rest; marketing instead returns, every generation or so, to first questions (i.e., what it is, what counts as knowledge within it, and whom that knowledge is supposed to serve). The discipline has rewritten its own official definition repeatedly, fought public methodological wars over whether truth is even an attainable goal, and produced a substantial secondary literature whose only subject is the history of the field’s ideas (Bartels 1988; Shaw and Jones 2005).

This chapter situates the rest of the book historically. It has three analytic layers and one sociological one. First, the eras: how marketing thought moved through distinct periods, from a turn-of-the-century study of trade and commodities to a management science, to today’s data- and platform-centric research program. Second, the schools: the competing framings (e..g, commodity, functional, institutional, managerial, buyer-behavior, macromarketing) that carved up the object of study, and the meta-frameworks that tried to organize them. Third, the intellectual traditions that cut across both eras and schools: a behavioral tradition rooted in psychology, a quantitative/empirical tradition rooted in econometrics and structural modeling, and an analytical/theory tradition rooted in microeconomic game theory. We close with the sociology of the field: how doctoral training, the so-called top-4 journals, the academic job market, and the recent open-science movement shape what gets studied and who gets to study it.

A note on what this chapter is not. It is not a comprehensive intellectual history. Bartels (1988) and Shaw and Jones (2005) already serve that role, and a single chapter cannot improve on book-length scholarship. Nor is it a neutral survey: the historiography of marketing is itself contested, and we flag the major disagreements rather than papering over them. The goal is orientation. By the end, a reader should be able to place any paper in this book (on branding, advertising, diffusion, pricing, or measurement) within an era, a school, and a tradition, and to read its methodological choices as the inheritance of a particular lineage rather than as timeless common sense.


2.1 The Eras of Marketing Thought

The most widely used periodization is the “4 Eras” framework of Wilkie and Moore (2003), who partition roughly a century of scholarship into four overlapping but distinct eras of thought development. The framework is useful precisely because it is organized around research questions and audiences, not around marketing practice: it tracks how the academy’s object of study, its preferred methods, and its sense of who the work is for all shifted together.

Figure 2.1 renders the periodization as a timeline. The era boundaries are heuristic (ideas do not respect decade markers) but the labels capture genuine shifts in the field’s center of gravity.
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Figure 2.1: The four eras of marketing thought in the sense of Wilkie and Moore (2003), with the dominant object of study and characteristic outputs of each. Dates are heuristic; the eras overlap at their boundaries.








Era I: Founding the Field (≈1900–1920). Marketing entered the university as an offshoot of applied economics, concerned with the concrete machinery of distribution: how goods moved from farm and factory to consumer, who the middlemen were, and whether they earned their margins. The earliest scholarship was descriptive and institutional, and its founders (many trained in the German historical school of economics) studied commodities, trade channels, and the “functions” performed in the chain of distribution (Bartels 1951). Bartels (1951) traces the people, ideas, and institutions that shaped this formative period, documenting that marketing thought did not spring from a single source but accreted from agricultural economics, the study of trusts and distribution, and early advertising and salesmanship instruction.

Era II: Formalizing the Field (≈1920–1950). The second era institutionalized the discipline. Scholarly associations formed, journals were founded (the Journal of Marketing among them), and the field consolidated around a set of textbook “principles.” Three organizing schemes dominated: the commodity approach (classifying goods and studying how each type is marketed), the functional approach (cataloguing the universal functions of marketing, including buying, selling, transporting, storing, financing, risk-bearing, and so on), and the institutional approach (studying the agents such as wholesalers, retailers, brokers that perform those functions) (Shaw and Jones 2005). The work remained largely descriptive and managerially agnostic. Its ambition was taxonomy and systematization rather than prediction or prescription.

Era III: A Paradigm Shift (≈1950–1980). The decisive break came at mid-century, when the field’s audience shifted from the economy at large to the individual manager of an individual firm. Wilkie and Moore (2003) call this a genuine paradigm shift, and it had two engines. The first was management science: operations research, decision theory, and mathematical modeling promised to turn marketing into an optimizing discipline, and the “marketing models” movement that grew out of it would become the quantitative tradition discussed in Section 2.3. The second was behavioral science: psychology and sociology supplied theories of attitude, motivation, learning, and choice that recast the consumer as an information processor whose decisions could be studied experimentally. The managerial reframing was codified in the broadening of the field’s scope (Kotler and Levy (1969) argued that marketing’s concepts apply beyond profit-seeking firms to nonprofits, ideas, persons, and social causes) a move that both expanded the discipline and, as we will see, triggered decades of definitional argument.


The choice of marketing management as the field’s organizing perspective was not inevitable, and Wilkie and Moore (2003) argue it carried a cost: in elevating the manager’s decision problem, the field demoted the study of aggregate marketing systems and their welfare consequences, such as the macromarketing questions that had animated Eras I and II (Wilkie and Moore 1999, 2006).



Era IV: The Shift Intensifies (≈1980–present). The managerial-behavioral paradigm did not so much end as fragment. The fourth era is defined by specialization: consumer behavior, marketing science/modeling, and analytical theory developed their own journals, conferences, doctoral seminars, and quality standards, to the point that scholars in different subfields can struggle to evaluate one another’s work. The period also saw repeated attempts to name a new paradigm-level transition, most prominently the service-dominant logic of Vargo and Lusch (2004a), which argues that marketing thought is migrating from a goods-centered model of value embedded in tangibles and exchanged toward a service-centered model of value co-created through the application of skills and knowledge (operant resources). Whether service-dominant logic constitutes a true paradigm shift or a reframing is itself debated; its significance for this chapter is that it shows the field’s historiography is still being written and contested in real time, by participants rather than only by later historians.

A caution about era frameworks in general. Periodizations are retrospective constructions that impose linear order on a tangled record, and they tend to read the present as the natural endpoint of progress. Wilkie and Moore (2003) are unusual in resisting this tendency: their account treats the post-1950 narrowing as a loss as much as a gain, and uses the eras device to argue for re-engaging questions the managerial turn set aside. The eras are best read not as a ladder of improvement but as a record of which questions the field chose to foreground at each moment and, by implication, which it chose to ignore.1


2.1.1 Definitions of Marketing Over Time

Nothing exhibits the field’s self-consciousness more sharply than its serial redefinition of marketing itself. The American Marketing Association (AMA) has issued official definitions periodically, and each revision has provoked commentary on what the new wording includes, omits, and thereby signals about the discipline’s self-conception. The 2004 revision recentered the definition on “creating, communicating, and delivering value to customers and managing customer relationships,” a formulation many scholars judged too managerial and too narrow, in part because it dropped explicit reference to society and to exchange (Gundlach 2007). The 2007 revision responded to that criticism, restoring language about value “for customers, clients, partners, and society at large” (Gundlach and Wilkie 2009). The episode was genuinely contested rather than clerical: dissenting commentators argued that no short official definition could capture the expanse of contemporary marketing thought and practice, and that the codification effort itself was misguided (Zinkhan and Williams 2007).

The definitional debates are not academic bookkeeping. A definition draws the boundary of legitimate inquiry: it determines whether macromarketing and public policy are core or peripheral, whether marketing is a positive science or a normative practice, and whether its proper unit of analysis is the firm, the exchange, or the aggregate system. The recurring arguments over the AMA definition are, in effect, the eras debate conducted in miniature. Each revision is a vote on which era’s priorities should govern the field’s present identity.




2.2 Schools of Marketing Thought

Where the eras framework slices history temporally, the “schools” framework slices it conceptually. A school of marketing thought is a research tradition unified by a shared object of study, a characteristic method, and a set of guiding questions, often persisting across several eras and coexisting with rival schools. The canonical book-length taxonomy is Sheth, Gardner, and Garrett (1988), who identify twelve schools and organize them along two axes; the most thorough single-article survey is Shaw and Jones (2005), who trace roughly a dozen schools from the early twentieth century and classify them along an economic-versus-noneconomic dimension and a micro-versus-macro dimension. A condensed, modern synthesis appears in Jones, Shaw, and McLean (2011).

The two classifying dimensions are worth stating precisely because they recur throughout the discipline. The economic/noneconomic axis asks whether a school explains behavior through economic primitives (prices, costs, utility, market structure) or through psychological and social ones (attitudes, motives, norms, institutions). The micro/macro axis asks whether the unit of analysis is the individual actor or transaction (micro) or the aggregate marketing system and its societal effects (macro). Table 2.1 maps the principal schools onto these axes; the assignment is approximate, since several schools straddle a boundary, but the two-by-two structure makes visible why certain schools felt like natural allies and others like rivals.




Table 2.1: The principal schools of marketing thought, classified along the economic/noneconomic and micro/macro dimensions of Shaw and Jones (2005) and Sheth, Gardner, and Garrett (1988). Axis assignments are approximate; several schools straddle a boundary.











	School
	Object of study
	Micro / Macro
	Economic / Noneconomic





	Commodity
	Classes of goods and how each is marketed
	Micro
	Economic



	Functional
	Universal functions of marketing
	Micro
	Economic



	Institutional
	Channel agents (wholesalers, retailers)
	Macro
	Economic



	Regional
	Geography of trade and distribution
	Macro
	Economic



	Managerial
	The firm’s marketing-mix decisions
	Micro
	Economic



	Buyer behavior
	The consumer as decision maker
	Micro
	Noneconomic



	Activist
	Consumer welfare, buyer–seller balance
	Micro
	Noneconomic



	Macromarketing
	Marketing’s aggregate societal effects
	Macro
	Noneconomic



	Organizational dynamics
	Power and conflict within channels
	Macro
	Noneconomic



	Systems
	Marketing as an interacting whole
	Macro
	Both



	Social exchange
	Exchange as the core phenomenon
	Both
	Both










Reading Table 2.1 alongside Section 2.1 shows that the schools and eras are two projections of the same history. Eras I–II were dominated by the economic schools (i.e., commodity, functional, institutional, regional), which together constituted a largely descriptive, macro-leaning study of distribution. Era III’s paradigm shift was, in school terms, the rise of the managerial school (micro, economic-decision-oriented) and the buyer-behavior school (micro, psychological). The schools that the managerial turn pushed to the margins (macromarketing, the activist school, organizational dynamics) are precisely the macro and noneconomic cells, which is why Wilkie and Moore (2006) argue that macromarketing is not a niche but a pillar of marketing thought, historically co-equal with the managerial perspective and unduly eclipsed by it.


2.2.1 Meta-frameworks: Hunt’s Dichotomies and the Truth Debate

The proliferation of schools eventually invited a meta-question: is there a general theory of marketing into which the schools could be subsumed, and what exactly would such a theory have to explain? Hunt (1976) supplied the field’s most durable map of its own domain, the three dichotomies model, by crossing three binary distinctions:

Domain of marketing={profit,nonprofit}×{micro,macro}×{positive,normative},\text{Domain of marketing} \;=\; \{\text{profit},\,\text{nonprofit}\} \times \{\text{micro},\,\text{macro}\} \times \{\text{positive},\,\text{normative}\}, {#eq-hunt-dichotomies}

which partitions all of marketing inquiry into 23=82^3 = 8 cells. The profit/ nonprofit distinction absorbed the broadening debate of Kotler and Levy (1969); the micro/macro distinction is the same axis that organizes the schools; and the positive/normative distinction separates explanation and prediction (“what is”) from prescription and evaluation (“what ought to be”). The model’s lasting contribution was to make the field’s scope an explicit object of argument: once the eight cells are named, one can ask which cells a given school, definition, or journal actually occupies, and which it neglects. Hunt (1983) pressed further, asking what the fundamental explananda of marketing are (the core phenomena any general theory would have to explain, such as why buyers and sellers engage in exchange and why marketing institutions arise) and thereby articulated the discipline’s aspiration to theoretical maturity rather than mere taxonomy.

This drive toward general theory collided, in the 1980s, with a relativist and constructivist “crisis literature” that questioned whether objectivity, truth, and scientific progress were even coherent goals for a social science of marketing. Hunt (1990) mounted the field’s most prominent defense of scientific realism, arguing that truth and intersubjective testability remain attainable standards and that relativism, taken seriously, is self-undermining. The episode matters for two reasons. Substantively, it set the philosophical terms within which the three traditions of Section 2.3 justify their methods (i.e., what counts as a valid inference, a replication, or a confound). Sociologically, it is a vivid record of the discipline arguing, in public and at length, about its own legitimacy.



2.2.2 The Strategic Marketing School

The taxonomies of Sheth, Gardner, and Garrett (1988) and Shaw and Jones (2005) were largely fixed by the late 1980s, and they catch the managerial school at the moment of its first maturity: the firm choosing a marketing mix to serve a chosen market. What those taxonomies could not yet register is the school that grew out of the managerial one over the following two decades, as marketing scholarship reoriented from the management of the mix toward marketing’s contribution to firm strategy and firm performance. This strategic marketing school is best read not as a rival to the managerial school but as its extension: it inherits the managerial school’s micro, decision-oriented, economically grounded character (see Table 2.1) and adds two commitments the original managerial framing left implicit, namely that marketing decisions are strategic (they shape and are shaped by the firm’s competitive position, not just its quarterly tactics) and that they are accountable (their value must be demonstrable in the terms by which firms and capital markets keep score). Varadarajan (2010) offers the field’s most careful demarcation, distinguishing strategic marketing as a body of knowledge from marketing strategy as the firm’s pattern of decisions, and locating both within a research program organized around the antecedents and consequences of a firm’s marketing conduct.

The school’s conceptual core is the construct of market orientation, which recast the managerial maxim of customer centricity as a measurable organizational property with testable performance consequences. Two near-simultaneous statements defined it. Kohli and Jaworski (1990) framed market orientation behaviorally, as the organization-wide generation of, dissemination of, and responsiveness to market intelligence about current and future customer needs. Narver and Slater (1990) framed it as a culture comprising customer orientation, competitor orientation, and interfunctional coordination, and reported a positive association with business profitability. The two operationalizations seeded a large empirical literature, and their convergence on a link between orientation and performance gave the strategic school its founding empirical claim: that how a firm attends to its market is itself a determinant of how the firm performs.

Explaining why such an orientation should yield durable advantage required a theory of the firm that the managerial school’s mix optimization did not supply, and the strategic school found one in the resource-based view of strategy. Day (1994) reframed market orientation as a set of distinctive organizational capabilities (notably market sensing and customer linking) that are valuable precisely because they are difficult for rivals to imitate, thereby grounding marketing’s contribution in the firm’s stock of intangible resources rather than in any single campaign. Hunt and Morgan (1995) generalized the argument into resource-advantage theory, an evolutionary, disequilibrium account of competition in which firms compete for comparative advantages in resources that yield marketplace positions of competitive advantage, and in which market orientation, brand equity, and relational assets are precisely the kinds of heterogeneous, imperfectly mobile resources that sustain superior performance. Resource-advantage theory is notable as one of the few general theories of competition originating in marketing rather than imported from economics or strategy, and it supplied the school with a positive theory connecting marketing assets to firm outcomes.

As the school consolidated, it acquired an explicit research agenda. Neil A. Morgan et al. (2018) survey research in marketing strategy and organize it around the strategic decisions firms make (where and how to compete, and how to allocate marketing resources) and the firm-level outcomes those decisions produce, while documenting the field’s persistent gaps in studying strategy implementation and dynamics. The accountability commitment found its sharpest expression in the marketing-finance interface, the strand that takes seriously the demand that marketing justify itself in the language of firm value. S. Srinivasan and Hanssens (2009) review the metrics, methods, and findings of this literature, showing how marketing actions propagate through intermediate customer-based assets (awareness, satisfaction, loyalty) to cash flows and ultimately to shareholder value, and how time-series and event-study methods can identify those links. This turn toward financial accountability is the strategic school’s answer to a standing challenge to marketing’s legitimacy within the firm: it relocates the proof of marketing’s worth from share-of-voice and attitudinal metrics to the metrics by which the firm as a whole is judged.

In the terms of this chapter, the strategic marketing school is the managerial school grown self-aware about strategy and accountability. It occupies the same micro, economically grounded cell of Table 2.1, but it reaches upward to firm strategy and outward to the capital market in ways the original managerial school did not. Its methods draw on all three of the traditions introduced next: behavioral studies of orientation and capabilities, econometric and time-series work at the marketing-finance interface, and analytical models of competitive strategy. The school is developed at length, as a substantive research program rather than a historical category, in Chapter 60.




2.3 Three Intellectual Traditions

Cutting across the eras and the schools are three intellectual traditions that together constitute the methodological core of modern marketing research. They are distinguished less by topic than by epistemology: each has a characteristic question form, a characteristic notion of what counts as evidence, and a characteristic publication outlet. A reader who internalizes the three traditions can predict, on seeing a paper’s question and method, which seminar it belongs to, which journal is its natural home, and which objections its reviewers will raise. Table 2.2 summarizes the contrast; the subsections then treat each tradition in turn.

It is worth stating plainly how this third framework relates to the schools just surveyed, because the two are easy to confuse. Schools and traditions are orthogonal axes, not rival lists. A school classifies research by its object, the what (strategic marketing, consumer behavior, channels); a tradition classifies it by its method and epistemology, the how (experiment, estimation, or proof). They cross rather than nest: one tradition spans many schools (the behavioral tradition serves consumer behavior, branding, and pricing alike), and one school is typically pursued within all three traditions at once. Strategic marketing is the cleanest illustration: its market-orientation and capabilities research is behavioral, its marketing-finance interface is quantitative/econometric, and its competitive-strategy models are analytical (the strategic marketing school above states this mapping). Strategic marketing is therefore not a fourth tradition set beside the three that follow, and the three traditions are not subdivisions of any one school: “which school?” and “which tradition?” are different questions, asked along different axes and answered independently.




Table 2.2: The three intellectual traditions of marketing research, by epistemology and outlet. JCR = Journal of Consumer Research; JMR = Journal of Marketing Research; JM = Journal of Marketing. Outlet assignments describe central tendencies, not rules.











	Dimension
	Behavioral
	Quantitative / Empirical
	Analytical / Theory





	Parent discipline
	Cognitive & social psychology
	Econometrics, statistics, OR
	Microeconomics, game theory



	Core question
	Why do consumers behave as they do?
	How much, and what is the causal effect?
	What should rational agents do in equilibrium?



	Primary evidence
	Controlled lab/field experiments
	Observational & experimental data; structural models
	Mathematical proof; comparative statics



	Identification rests on
	Random assignment, process tests
	Randomization, IV, structure, exclusion restrictions
	Internal logical consistency of the model



	Typical output
	A documented effect + mechanism
	An estimated parameter / elasticity
	A theorem / equilibrium prediction



	Canonical outlet
	JCR (also JM)
	Marketing Science, JMR
	Marketing Science (theory)











2.3.1 The Behavioral Tradition

The behavioral tradition studies the consumer as a psychological agent, importing theories of attention, memory, attitude, motivation, emotion, and social influence from cognitive and social psychology. Its signature method is the controlled experiment (originally in the laboratory, increasingly in the field and online), and its epistemic ideal is the demonstration of a causal effect together with its mechanism. A canonical behavioral paper does not merely show that manipulation XX shifts outcome YY; it argues for why, typically by showing that a mediator MM carries the effect, and that theoretically motivated moderators amplify or attenuate it. The tradition’s home journal is the Journal of Consumer Research (JCR), whose half-century of method development, from construct validity through data integrity and replicability, Wood (2024) reviews.

Formally, the behavioral tradition’s workhorse is the randomized experiment with a mediation hypothesis. Let D∈{0,1}D \in \{0,1\} denote random assignment to treatment, MM a measured mediator, and YY an outcome. The credibility of the total effect rests on randomization, which guarantees D⟂⟂(Y(0),Y(1))D \perp\!\!\!\perp (Y(0), Y(1)) so that the difference in means is unbiased for the average treatment effect. The credibility of the mechanism claim is far more fragile. In the standard Baron–Kenny / structural decomposition,

M=α0+aD+εM,Y=β0+c′D+bM+εY,(2.1)M = \alpha_0 + a\,D + \varepsilon_M, \qquad
Y = \beta_0 + c'\,D + b\,M + \varepsilon_Y, \qquad(2.1)

the indirect (mediated) effect is the product a⋅ba \cdot b and the direct effect is c′c'. The decomposition identifies a causal mechanism only under the assumption that the mediator is itself unconfounded with the outcome, εM⟂⟂εY\varepsilon_M \perp\!\!\!\perp
\varepsilon_Y conditional on DD (an assumption that randomization of DD does not deliver), because MM is measured, not assigned. This is the identification weakness that the behavioral tradition’s own methodological reformers have pressed hardest: a significant a⋅ba \cdot b is consistent with reverse mediation and with an omitted common cause of MM and YY. Process evidence is therefore strongest when the mediator is also manipulated (moderation-of-process and mediation-by-design approaches) rather than only measured.



2.3.2 The Quantitative / Empirical Tradition

The quantitative tradition, often called marketing models or marketing science, studies aggregate and individual market behavior with the tools of econometrics, statistics, and operations research. It grew directly out of Era III’s management-science movement, and Gary L. Lilien (1994) chronicles its self-understanding across three periods: early operations-research applications, the diffusion of estimable demand models, and the scanner-data/econometric era that began in the 1980s. Its epistemic ideal is the credibly identified parameter (e..g, an elasticity, a treatment effect, a structural primitive) estimated from data, and its home journals are Marketing Science and the Journal of Marketing Research (JMR). The community narrates its own maturation in editorial retrospectives such as Ratchford (2006).

The tradition’s founding empirical exemplar is the brand-choice logit estimated on supermarket scanner data. In the multinomial-logit choice model, a household chooses among brands j=1,…,Jj = 1,\dots,J to maximize random utility Uij=𝐱ij⊤𝛃+εijU_{ij} = \mathbf{x}_{ij}^{\top}\boldsymbol{\beta} + \varepsilon_{ij}, where 𝐱ij\mathbf{x}_{ij} collects marketing-mix variables (price, promotion, and a “loyalty” state variable) and εij\varepsilon_{ij} is i.i.d. extreme-value. The implied choice probability is

Pij=exp(𝐱ij⊤𝛃)∑k=1Jexp(𝐱ik⊤𝛃),(2.2)P_{ij} \;=\; \frac{\exp\!\big(\mathbf{x}_{ij}^{\top}\boldsymbol{\beta}\big)}
{\sum_{k=1}^{J} \exp\!\big(\mathbf{x}_{ik}^{\top}\boldsymbol{\beta}\big)}, \qquad(2.2)

estimated by maximum likelihood. Peter M. Guadagni and Little (2008a), reflecting twenty-five years after their original 1983 model, recount how this single specification diffused into both academia and managerial practice and seeded a generation of demand estimation. The model’s well-known limitation (the independence-of-irrelevant- alternatives property forced by the i.i.d. error) motivated much of what followed: nested, mixed, and random-coefficients logits that relax it, and structural demand systems that recover preference primitives suitable for counterfactual policy analysis. We develop choice and demand estimation in detail in the methodology chapters; the historical point is that an entire research program crystallized around making Equation 2.2 credible and then progressively relaxing its assumptions.

What “breaks” identification in this tradition is endogeneity: prices and promotions are set by firms in response to the very demand shocks ε\varepsilon the analyst cannot observe, so ordinary estimation of Equation 2.2 confounds the price coefficient with the firm’s pricing rule. The tradition’s progress is in large part the history of identification strategies (e.g., instruments, control functions, exogenous shocks, and field experiments) deployed to break that simultaneity.



2.3.3 The Analytical / Theory Tradition

The analytical tradition studies marketing as a strategic interaction among rational agents, using the apparatus of microeconomic theory and game theory. Its question form is normative-positive in the economist’s sense: given rational, optimizing firms and consumers, what behavior arises in equilibrium, and how does it respond to changes in the environment? Its evidence is mathematical proof (e.g., an equilibrium characterization, a comparative-static result) rather than data, and its papers live primarily in the theory pages of Marketing Science. A typical contribution sets up a stylized game (a manufacturer and retailer, two competing brands, a platform and its sellers), solves for equilibrium strategies, and derives counterintuitive comparative statics that sharpen managerial or policy intuition.

The tradition’s epistemic standard differs fundamentally from the other two. Because its claims are conditional on the model (“if the world is as assumed, then this behavior is optimal”), what “breaks” a result is not a confound or a failed randomization but an unrealistic or fragile assumption: a conclusion that hinges on a specific functional form, an implausible information structure, or a knife-edge parameter region is weak even if its algebra is flawless. Identification, in the empirical sense, is not the issue; robustness and the interpretability of assumptions are. The analytical tradition’s value to the rest of the field is to supply mechanisms and testable predictions (e.g., signaling, screening, channel conflict, competitive response) that the behavioral and quantitative traditions then probe with data. Across the book, analytical models typically motivate the hypotheses that the empirical chapters estimate.



2.3.4 How the Traditions Interact

The three traditions are complementary, and the strongest modern work braids them: an analytical model proposes a mechanism, a behavioral experiment isolates it under controlled conditions, and a quantitative study estimates its magnitude in the market. They also police one another. The behavioral tradition supplies the psychological microfoundations that pure analytical rationality omits; the quantitative tradition disciplines both with external validity and effect sizes; the analytical tradition forces the others to state the optimizing logic that would generate the patterns they document. The recurring tension (visible in the philosophy-of-science debate of Hunt (1990) and in the methods retrospective of Wood (2024)) is over whose evidentiary standard governs when they disagree: a lab effect that no field study reproduces, a structural estimate whose identifying assumption no experiment supports, or a theorem whose equilibrium no market exhibits.




2.4 The Sociology of the Field

Ideas do not propagate on merit alone; they propagate through institutions. The final layer of this history is the social structure that selects, certifies, and rewards marketing scholarship: the doctoral programs that train researchers, the journals that confer legitimacy, the labor market that places graduates, and the evolving norms and lately, open-science norms that govern what counts as a credible finding. These institutions are not neutral conduits. They shape which questions are asked and which answers are believed, and any reader of the literature should understand the incentives that produced it.


2.4.1 Doctoral Training and the Production of Researchers

Marketing reproduces itself through a small number of research-doctoral programs that train students in one of the three traditions of Section 2.3. Figure 2.2 sketches the pipeline. The supply of new scholars is thin and cyclical: D. F. Davis and McCarthy (2005) document a sharp contraction in marketing-PhD production, roughly a one-third decline between the mid-1990s and the early 2000s, and analyze the recruiting problem this poses for a field that must staff a growing number of business schools from a shrinking pool. Because each program specializes (a department may train consumer-behavior students, modeling students, or both, but rarely all three traditions equally), the composition of the doctoral pipeline directly shapes the composition of the published literature a decade later.
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Figure 2.2: The academic pipeline. Doctoral programs train scholars in one of the three traditions; the job market allocates them to institutions; publication in the top-4 journals certifies productivity; certified productivity feeds tenure, prestige, and the next cohort’s training. The loop is self-reinforcing.










2.4.2 The Top-4 Journals and the Prestige Hierarchy

The discipline’s prestige hierarchy is anchored by four journals, including the Journal of Marketing (JM), the Journal of Marketing Research (JMR), Marketing Science, and the Journal of Consumer Research (JCR), conventionally called the top-4. Their primacy is not merely reputational; it is measurable in citation flows. Baumgartner and Pieters (2003) conduct a citation analysis of the discipline over three decades and show that influence concentrates in a small core of journals that anchor knowledge flows both within marketing and across its subfields. The top-4 map onto the traditions: JCR is the behavioral tradition’s flagship, Marketing Science and JMR are the quantitative tradition’s, and Marketing Science’s theory section serves the analytical tradition.

The concentration has real consequences for the production of knowledge. Because hiring, promotion, and salary decisions weight top-4 publications heavily, departments and faculty are evaluated through bibliometric “counting games” (i.e., publication-count rankings of the sort L. T. W. Cheng, Chan, and Chan (2003) construct, which tally appearances across a fixed set of journals to rank institutions and individuals). Such rankings, whatever their administrative convenience, create incentives that feed back onto research itself: they reward the publishable over the merely important, favor questions that fit the top-4’s methodological templates, and can discourage the long, risky, or interdisciplinary projects that do not slot neatly into a single tradition’s outlet. The eclipse of macromarketing documented by Wilkie and Moore (2006) is, in part, a story about where the prestige and therefore the incentives came to lie.



2.4.3 The Academic Job Market and Placement

The mechanism that converts doctoral training into a disciplinary structure is the academic job market. New graduates present a “job-market paper,” interview at a centralized recruiting conference, and are placed at institutions whose research intensity is correlated with their advisor’s standing and their pipeline of top-4 work (Figure 2.2). The placement market is where the prestige hierarchy becomes self-reinforcing: graduates of high-prestige programs, trained on the top-4’s templates and mentored by their gatekeepers, are placed at institutions that expect top-4 output, which they then produce and on which they train the next cohort. The thin and cyclical supply documented by D. F. Davis and McCarthy (2005) makes this market tight and its signals high-stakes, which further concentrates risk-averse, template-conforming research.



2.4.4 Open Science, Replication, and the Reform of Norms

The field’s most consequential recent institutional shift concerns what counts as credible evidence. Long before the broader “replication crisis” of the 2010s, marketing methodologists warned that the discipline over-relied on, and routinely misinterpreted, classical statistical-significance tests. Sawyer and Peter (1983) argued that significance tests were overvalued and misread in marketing research, and advocated reporting effect sizes, using replication and meta-analysis to accumulate knowledge, and taking Bayesian inference seriously. The contemporary open-science movement has largely operationalized that agenda: pre-registration, larger samples, open data and materials, and a renewed premium on replication.

Marketing’s leadership has framed replication on the field’s own terms. Reflecting on the International Journal of Research in Marketing’s “Replication Corner,” Lynch et al. (2015) argue for the distinctive value of conceptual replications (i.e., re-testing a theory with new operationalizations, populations, and contexts) over strict direct replications that reproduce a single study’s exact procedure. The distinction matters because it encodes a theory of what marketing knowledge is: if findings are claims about robust theoretical relationships rather than about specific stimuli, then conceptual replication is the more informative test, whereas if the worry is false-positive effects, direct replication is indispensable. Wood (2024), surveying five decades of consumer-research methods, places this debate within the longer arc from construct validity to data integrity and reproducibility. The open-science turn is, in the terms of this chapter, the latest renegotiation of the evidentiary standards that the three traditions inherited and the clearest current example of the field once again stopping to ask what counts as knowledge within it.




2.5 Why the History Matters for This Book

The remaining chapters are organized around constructs, substantive domains, methodology, and seminar topics, and each inherits a position in the history this chapter has traced. The methodology chapters formalize the identification problems that distinguish the quantitative tradition’s elasticities (Equation 2.2) from the behavioral tradition’s mechanism tests (Equation 2.1). And the recurring attention throughout the book to causal versus correlational claims, to identifying assumptions, and to replication is itself an inheritance of the realist standard Hunt (1990) defended, the inferential caution Sawyer and Peter (1983) urged, and the open-science norms the field is still negotiating.

The practical payoff of reading the field historically is interpretive leverage. A method is never neutral: a lab experiment, a structural demand model, and a game-theoretic proof embody different answers to what counts as evidence, and those answers are the sediment of the eras, schools, and traditions surveyed here. Knowing the lineage lets a reader ask the right skeptical question of each result (is the mechanism identified, is the parameter identified, is the assumption robust?) and lets a researcher choose, deliberately rather than by default, which tradition’s tools a given problem actually requires.



2.6 Key Takeaways


	Marketing’s history is best read on three crossing axes: eras (temporal shifts in the field’s modal concerns, after Wilkie and Moore (2003)), schools (conceptual traditions classified by economic/noneconomic and micro/macro dimensions, after Shaw and Jones (2005) and Sheth, Gardner, and Garrett (1988)), and intellectual traditions (behavioral, quantitative, analytical).

	The mid-century managerial paradigm shift (Era III) was a gain and a loss: it made marketing a decision science but demoted the macromarketing and public-policy questions that Wilkie and Moore (2006) argue are pillars of the field.

	The three traditions differ in epistemology, not just topic: the behavioral tradition identifies mechanisms (and is fragile at the mediator, Equation 2.1), the quantitative tradition identifies parameters (and is fragile to endogeneity, Equation 2.2), and the analytical tradition proves equilibria (and is fragile to its assumptions).

	The field’s sociology, including doctoral pipelines (D. F. Davis and McCarthy 2005), the top-4 prestige hierarchy (Baumgartner and Pieters 2003), productivity counting games [L. T. W. Cheng, Chan, and Chan (2003)], and the placement market, shapes which questions get asked and which findings get believed.

	The open-science turn is the latest renegotiation of evidentiary standards, anticipated by Sawyer and Peter (1983) and framed for marketing by Lynch et al. (2015) and Wood (2024).

	The managerial school did not stand still: it evolved into a strategic marketing school organized around market orientation (Kohli and Jaworski 1990; Narver and Slater 1990), a resource-based account of marketing capabilities and competition (Day 1994; Hunt and Morgan 1995), an explicit strategy research agenda (Varadarajan 2010; Neil A. Morgan et al. 2018), and a marketing-finance interface that ties marketing to firm value (S. Srinivasan and Hanssens 2009); it is developed in Chapter 60.













1. The eras overlap substantially. Institutional and functional research continued well after 1950; behavioral and modeling work began before it. The framework’s value is in marking shifts in the field’s modal concerns, not in drawing hard temporal boundaries.





3 Constructs vs. Variables

Almost everything marketing scientists care about is invisible. Brand equity, customer satisfaction, perceived quality, purchase intention, trust, involvement, loyalty. None of these can be read off an instrument the way a thermometer reads temperature. They are constructs: abstractions the research community invents, names, and agrees to treat as if they were real, precisely because doing so organizes a sprawl of otherwise disconnected observations. What we actually record (e.g., a click, a seven-point rating, a repeat purchase, a star count) are variables: observed quantities standing in for the construct we cannot see. The entire empirical enterprise of marketing rests on the bridge between the two, and most of what goes wrong in applied research goes wrong on that bridge.

This chapter is about that bridge. It develops, formally and with reproducible code, the distinction between a construct and the variables that measure it; the act of operationalization that connects them; and the two properties (validity and reliability) that determine whether the connection is any good. These ideas are fundamental in the literal sense: every later chapter that estimates a brand’s worth (Chapter 11), models a response function, or runs a regression is implicitly trusting that its left- and right-hand-side variables measure the constructs the theory is about. When that trust is misplaced, no amount of econometric sophistication downstream can repair it. Measurement error is not a nuisance to be cleaned up after the interesting modeling. For latent constructs, it is the modeling.

By the end of the chapter the reader should be able to: state what a latent construct is and write down its measurement model; distinguish reflective from formative operationalizations and explain why the choice changes which validity tests apply; decompose an observed score into true score and error and derive reliability from that decomposition; estimate reliability (coefficient alpha, the intraclass correlation, Cohen’s κ\kappa) and the components of validity (convergent, discriminant, nomological) from data; and recognize the construct-to-measure gap (i.e., the slippage between what we mean and what we record) in its many disguises. We lead with intuition and follow immediately with the formalism, because both audiences for this book need both.


3.1 Constructs, Variables, and the Gap Between Them

A variable is anything that varies across the units of analysis and can be recorded: it has a name, a measurement procedure, and a set of admissible values. A respondent’s age, the price paid, whether a coupon was redeemed, and the number on a Likert item are all variables. Variables are operational: their meaning is exhausted by the procedure that produces them. There is no ambiguity about what “the integer the respondent circled on item 3” means once the questionnaire is fixed.

A construct is a different kind of object. It is a conceptual term, deliberately constructed by researchers, that denotes a property of the unit which is not directly observable and whose meaning is given by a theoretical definition rather than a measurement procedure. “Customer satisfaction” is not identical to any single rating; it is the postulated psychological state that, the theory says, causes people to give high ratings, recommend the product, and buy again. The construct lives in the theory; the variables live in the dataset.








Note




The vocabulary is not standardized across fields. Psychometrics says latent variable; econometrics says unobservable or latent factor; structural-equation modeling says factor or construct; classical test theory says true score. We use construct for the theoretical concept, latent variable η\eta for its formal representation inside a model, and indicator, measure, or manifest variable xx for the observed quantity that proxies it. The relationships are the same regardless of dialect.







The distinction matters because constructs and variables fail to coincide in predictable, consequential ways. Call the slippage the construct-to-measure gap: the difference between the construct as theoretically intended and the construct as actually captured by the chosen measure. The gap has at least three faces.

First, deficiency: the measure omits part of the construct. A satisfaction scale that asks only about product quality misses satisfaction with price, service, and delivery; it is construct-deficient. Second, contamination: the measure captures things outside the construct. A self-report of “how healthy is your diet” is contaminated by social desirability bias (respondents report the construct plus their desire to look good). Third, distortion: the measure relates to the construct nonlinearly or non-monotonically, so that equal differences in the measure do not correspond to equal differences in the construct. Figure 3.1 diagrams the three failure modes against the ideal of a measure that maps cleanly onto its construct.
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Figure 3.1: The construct-to-measure gap. The intended construct (left) and the recorded measure (right) overlap only partially. Region D is construct deficiency (intended but unmeasured); region C is contamination (measured but unintended); the intersection V is valid variance. Distortion warps the mapping even within V.








No measure is perfectly free of all three faults; the practical question is whether the valid overlap VV is large enough, and the contamination CC small and random enough, for the measure to support the inferences the study wants to draw. Making that question precise is the work of measurement theory.


“A construct is some postulated attribute of people, assumed to be reflected in test performance.” A construct is admitted into a science not because it can be observed but because a network of theoretical relations (i.e., a nomological network) gives it empirical consequences that can be checked.1





3.2 Latent Constructs and the Measurement Model

To reason formally, we need to represent a construct inside a model. Let η\eta (eta) denote the latent variable standing for the construct for a generic unit, and let 𝐱=(x1,…,xK)⊤\mathbf{x} = (x_1,\dots,x_K)^\top be the vector of KK observed indicators intended to measure it. A measurement model is a statement about how 𝐱\mathbf{x} and η\eta are related. Two such statements dominate marketing, and choosing between them is the single most consequential measurement decision a researcher makes (Coltman et al. 2008; Diamantopoulos, Fritz, and Hildebrandt 2013).


3.2.1 Reflective Measurement

In a reflective (effect-indicator) model the construct is a common cause of its indicators: each indicator is a noisy manifestation of the same underlying η\eta. The classic linear, unidimensional form is

xk=τk+λkη+εk,k=1,…,K,(3.1)x_k = \tau_k + \lambda_k\,\eta + \varepsilon_k, \qquad k = 1,\dots,K, \qquad(3.1)

where λk\lambda_k is the loading (how strongly indicator kk reflects the construct), τk\tau_k an intercept, and εk\varepsilon_k a measurement error satisfying 𝔼[εk]=0\mathbb{E}[\varepsilon_k]=0, Cov(η,εk)=0\mathrm{Cov}(\eta,\varepsilon_k)=0, and Cov(εj,εk)=0\mathrm{Cov}(\varepsilon_j,\varepsilon_k)=0 for j≠kj\neq k (uncorrelated errors, the local-independence assumption). The arrows in a path diagram point from η\eta to each xkx_k, as in Figure 3.2.

Three properties follow immediately and are diagnostic of the reflective view. Because all indicators share the single common cause η\eta, they should be positively intercorrelated; because they are interchangeable expressions of the same thing, dropping one should not change the meaning of the construct, only the precision with which it is measured; and because each carries information about the same η\eta, internal consistency (do the items hang together?) is the relevant reliability question. The price premium, perceived quality, and loyalty items of a brand-equity scale are typically modeled this way (Yoo and Donthu 2001; Keller 1993).



3.2.2 Formative Measurement

In a formative (causal-indicator or composite) model the arrows reverse: the indicators are causes or components that together compose the construct,

η=∑k=1Kwkxk+ζ,(3.2)\eta = \sum_{k=1}^{K} w_k\,x_k + \zeta, \qquad(3.2)

with weights wkw_k and a disturbance ζ\zeta capturing the part of η\eta not accounted for by the chosen indicators. Here the indicators need not be correlated—they describe different facets—and they are emphatically not interchangeable: drop one and the construct itself changes. “Socioeconomic status” formed from income, education, and occupation is the textbook case; in marketing, many “marketing-mix exposure,” “deprivation,” or driver-based indices are formative, and whether brand equity is reflective or formative is a live and unsettled dispute (Chapter 11) (Henseler 2017; Coltman et al. 2008).








Warning




Misspecifying the direction is not a stylistic slip—it biases structural estimates and invalidates the usual reliability and validity diagnostics. Applying internal-consistency tests (which expect correlated indicators) to a formative index will reject perfectly good causal indicators for the “crime” of being uncorrelated; conversely, applying formative weighting to reflective items throws away the information that their shared variance is the construct (Diamantopoulos, Fritz, and Hildebrandt 2013; Bendle and Butt 2018a).







The two models are not nested and imply different psychometrics, summarized in Table 3.1. The decision is theoretical, not empirical: it is settled by asking whether the construct produces its indicators (reflective) or is defined by them (formative), a question data alone cannot answer (Coltman et al. 2008).




Table 3.1: Reflective vs. formative measurement models and their consequences for assessment.










	Property
	Reflective (Equation 3.1)
	Formative (Equation 3.2)





	Causal direction
	construct →\rightarrow indicators
	indicators →\rightarrow construct



	Indicator intercorrelation
	high, expected
	not required



	Interchangeability
	items interchangeable
	items not interchangeable



	Effect of dropping an item
	precision only
	construct meaning changes



	Reliability logic
	internal consistency (α\alpha, ω\omega, CR)
	n/a; check indicator weights & VIF



	Validity logic
	convergent + discriminant + nomological
	nomological + indicator validity



	Error attaches to
	each indicator (εk\varepsilon_k)
	the construct (ζ\zeta)
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Figure 3.2: Reflective vs. formative measurement. In the reflective model the latent construct η is a common cause of its indicators (arrows out, errors on each indicator). In the formative model the indicators compose the construct (arrows in, error on the construct).











3.3 The Econometric Bridge: Measurement-Error Models and Index Models

Readers trained in econometrics rather than psychometrics will recognize both measurement models under different names, and seeing the translation makes the reflective/formative choice less a piece of survey-methods folklore and more a familiar identification problem. The vocabulary differs across fields, but the algebra is the same, and the practical consequences (what is identified, what biases what, where instruments come from) map cleanly onto tools an empirical economist already owns.


3.3.1 Reflective Measurement Is the Common-Factor, Errors-in-Variables Model

The reflective specification of Equation 3.1 is, term for term, the classical errors-in-variables (EIV) measurement-error model. Write a single reflective indicator as xk=λkη+εkx_k = \lambda_k \eta + \varepsilon_k (absorbing the intercept). The latent construct η\eta is the true regressor, εk\varepsilon_k is classical measurement error (mean zero, uncorrelated with the true value, uncorrelated across indicators), and the observed xkx_k is the true value plus noise. This is exactly the setup econometrics texts use to motivate attenuation bias: regress an outcome on a mismeasured regressor and the slope is biased toward zero by the reliability ratio ση2/(ση2+σε2)\sigma_\eta^2 / (\sigma_\eta^2 + \sigma_\varepsilon^2), which is precisely the CTT reliability of Equation 3.5. The disattenuation correction of Equation 3.6 is the psychometric name for Spearman’s correction for attenuation (Spearman 1904), the same object econometricians reach for under “regression dilution.” A reflective measurement model is therefore a system of EIV equations sharing one common true regressor η\eta, which is why factor analysis and confirmatory factor analysis (CFA) are its estimators: with three or more indicators of the same η\eta, the shared (common-factor) variance identifies η\eta up to scale, and the unshared variance is relegated to the εk\varepsilon_k. This is also where instrumental-variables intuition enters: a second reflective indicator xjx_j is, in effect, an instrument for the mismeasured xkx_k, because xjx_j is correlated with the true η\eta but (under local independence, Cov(εj,εk)=0\mathrm{Cov}(\varepsilon_j, \varepsilon_k) = 0) uncorrelated with xkx_k’s error. The structural-equation fix for measurement error (model η\eta as latent and let multiple indicators identify it) is the multi-indicator generalization of instrumenting a noisy regressor with a second noisy measure of the same thing.



3.3.2 Formative Measurement Is a Composite Index of Causal Indicators

The formative specification of Equation 3.2 has no common factor at all. Here η=∑kwkxk+ζ\eta = \sum_k w_k x_k + \zeta is a weighted composite of the indicators, and the indicators are causal (they define the construct) rather than effect indicators (manifestations of it). The econometric analogue is an index number or a regression-weighted composite: a consumer price index is built from component prices, a socioeconomic-status index from income, education, and occupation, a marketing-mix-pressure index from advertising, price, and distribution. The components need not be correlated, and dropping one changes what the index means (drop housing from the CPI and it is a different price level), which is exactly the formative warning that indicators are not interchangeable (K. Bollen and Lennox 1991; Diamantopoulos and Winklhofer 2001). The distinction lines up with the older statistical contrast between principal components (which form composites that maximize captured variance, an essentially formative operation) and common-factor analysis (which models shared variance attributable to a latent cause, the reflective operation): they answer different questions and should not be swapped casually.

The combined case is the MIMIC model (Multiple Indicators, Multiple Causes): the latent η\eta has formative/causal indicators feeding into it and reflective/effect indicators flowing out of it. The reflective block supplies the scale and identification that a bare formative block lacks, which is the standard remedy for the under-identification of pure formative constructs (Diamantopoulos and Winklhofer 2001; MacKenzie, Podsakoff, and Podsakoff 2011; K. A. Bollen and Diamantopoulos 2017). Whether marketing constructs such as brand equity are best modeled reflectively or formatively, and whether causal-formative indicators are even coherent, remains actively debated (Jarvis, MacKenzie, and Podsakoff 2003; K. A. Bollen and Diamantopoulos 2017).



3.3.3 What Goes Wrong If You Fit the Wrong Model

The practical econometric consequences are sharp. Fitting a reflective model to formative data imposes a spurious common factor on indicators that have no reason to correlate; internal-consistency statistics (α\alpha, AVE) then reject perfectly valid causal indicators for the “crime” of being uncorrelated, and item purification (dropping low-correlating items) silently amputates the construct’s domain. Fitting a formative model to reflective data discards the shared-variance signal that is the construct, treating common-factor variance as if the weights were free parameters; the composite then absorbs indicator-specific error into η\eta, and the structural coefficients estimated downstream are contaminated by that error rather than purged of it. Misspecification also propagates into the structural model: Jarvis, MacKenzie, and Podsakoff (2003) document that a large share of constructs in top marketing journals are misspecified in direction, and that the resulting bias in structural paths can be substantial in either sign. Identification is the other failure mode. A reflective factor needs at least three indicators (or two inside a larger model) to be identified, as 1 discusses; a formative construct needs at least two outgoing paths (the MIMIC remedy) or its weights are not separately identified at all. The recurring lesson is the one econometricians already internalize for EIV models: you cannot infer the measurement direction from the covariance matrix, the model is identified only after the direction is assumed, and assuming the wrong direction biases everything that depends on the construct.



3.3.4 A Reflective CFA: Recovering a Latent Factor

The reflective-as-EIV claim is checkable. The chunk below simulates a single latent construct measured by four congeneric reflective indicators (unequal loadings), then fits a one-factor CFA in lavaan (Rosseel 2012) and recovers the loadings and the latent variance. The estimated loadings should track the population values used to generate the data, demonstrating that the common-factor machinery identifies η\eta from the shared variance alone.


# Ensure lavaan is available; install once if the render environment lacks it.
if (!requireNamespace("lavaan", quietly = TRUE)) {
  install.packages("lavaan", repos = "https://cloud.r-project.org")
}
have_lavaan <- requireNamespace("lavaan", quietly = TRUE)





set.seed(8675)

n       <- 600
lam     <- c(0.85, 0.78, 0.70, 0.62)   # population loadings (congeneric)
eta     <- rnorm(n)                     # latent construct, Var = 1
err_sd  <- sqrt(1 - lam^2)              # error sd so each x has unit variance
X <- sapply(seq_along(lam), function(k) lam[k] * eta + rnorm(n, sd = err_sd[k]))
colnames(X) <- paste0("x", seq_along(lam))
refl_dat <- as.data.frame(X)

if (have_lavaan) {
  cfa_mod <- "eta =~ x1 + x2 + x3 + x4"
  fit <- lavaan::cfa(cfa_mod, data = refl_dat, std.lv = TRUE)
  est <- lavaan::parameterEstimates(fit, standardized = TRUE)
  loads <- est[est$op == "=~", c("rhs", "std.all")]
  comp <- data.frame(indicator = loads$rhs,
                     population = lam,
                     recovered  = round(loads$std.all, 3))
  print(comp, row.names = FALSE)
} else {
  cat("lavaan unavailable; skipping CFA demo.\n")
}
#>  indicator population recovered
#>         x1       0.85     0.828
#>         x2       0.78     0.811
#>         x3       0.70     0.707
#>         x4       0.62     0.630




The recovered standardized loadings sit close to the population values, and the residual variances absorb the indicator-specific error. The CFA has done what instrumenting a mismeasured regressor with a second measurement does: it has separated the true common signal η\eta from the per-indicator noise εk\varepsilon_k.



3.3.5 A MIMIC Model: Formative Causes and Reflective Effects

The MIMIC chunk makes the formative-plus-reflective combination concrete. Two causal indicators c1,c2c_1, c_2 (think income and education) form a latent η\eta through known weights; η\eta in turn emits three reflective effect indicators y1,y2,y3y_1, y_2, y_3 that supply identification. We fit the MIMIC model in lavaan and recover the formative weights (the regressions of η\eta on its causes) and the reflective loadings (the regressions of the effect indicators on η\eta).


set.seed(2024)

n  <- 800
c1 <- rnorm(n)                     # causal indicator 1 (e.g., income)
c2 <- 0.3 * c1 + rnorm(n)          # causal indicator 2 (mildly correlated)
w  <- c(0.6, 0.4)                  # population formative weights
zeta <- rnorm(n, sd = 0.5)         # construct-level disturbance
eta  <- w[1] * c1 + w[2] * c2 + zeta

lam_y <- c(1.0, 0.8, 0.6)          # reflective effect loadings (y1 is marker)
Y <- sapply(lam_y, function(l) l * eta + rnorm(n, sd = 0.5))
colnames(Y) <- paste0("y", seq_along(lam_y))
mimic_dat <- data.frame(c1 = c1, c2 = c2, Y)

if (have_lavaan) {
  mimic_mod <- "
    eta =~ y1 + y2 + y3      # reflective effect indicators (identify the scale)
    eta ~  c1 + c2           # formative causal indicators (define the construct)
  "
  fit_m <- lavaan::sem(mimic_mod, data = mimic_dat)
  pe <- lavaan::parameterEstimates(fit_m)
  cat("Formative weights (eta ~ c):\n")
  print(pe[pe$op == "~", c("rhs", "est", "se")], row.names = FALSE)
  cat("\nReflective loadings (eta =~ y):\n")
  print(pe[pe$op == "=~", c("rhs", "est", "se")], row.names = FALSE)
} else {
  cat("lavaan unavailable; skipping MIMIC demo.\n")
}
#> Formative weights (eta ~ c):
#>  rhs   est    se
#>   c1 0.610 0.024
#>   c2 0.382 0.022
#> 
#> Reflective loadings (eta =~ y):
#>  rhs   est    se
#>   y1 1.000 0.000
#>   y2 0.840 0.028
#>   y3 0.598 0.024




The estimated formative weights recover the population w=(0.6,0.4)w = (0.6, 0.4) up to the scale fixed by the marker loading on y1y_1, and the reflective loadings recover the descending pattern (1.0,0.8,0.6)(1.0, 0.8, 0.6). Without the reflective block the formative weights would not be separately identified, which is the practical content of the MIMIC identification rule and the reason a “pure” formative construct must emit at least two paths into the rest of the model.



3.3.6 Attenuation and Disattenuation in Base R

The last bridge is the one econometricians feel most directly: unreliable measurement attenuates correlations, and the Spearman correction reverses the attenuation when the reliabilities are known. The simulation below fixes a true-score correlation, degrades each variable with measurement error of known reliability, and confirms that the observed correlation shrinks to ρTYρXX′ρYY′\rho_{TY}\sqrt{\rho_{XX'}\rho_{YY'}} (Equation 3.6), then disattenuates back to the truth.


set.seed(1066)

n        <- 50000
rho_true <- 0.50                 # true-score correlation we want to recover
rel_x    <- 0.70                 # reliability of X
rel_y    <- 0.60                 # reliability of Y

# Two true scores with the target correlation
L  <- chol(matrix(c(1, rho_true, rho_true, 1), 2))
TT <- matrix(rnorm(n * 2), n, 2) %*% L
Tx <- TT[, 1]; Ty <- TT[, 2]

# Add classical error so observed reliabilities equal rel_x, rel_y.
# Var(true) = 1, so error variance = (1 - rel)/rel makes true-share = rel.
ex <- rnorm(n, sd = sqrt((1 - rel_x) / rel_x))
ey <- rnorm(n, sd = sqrt((1 - rel_y) / rel_y))
X  <- Tx + ex
Y  <- Ty + ey

r_obs  <- cor(X, Y)                              # attenuated, observable
r_pred <- rho_true * sqrt(rel_x * rel_y)         # attenuation formula
r_disatt <- r_obs / sqrt(rel_x * rel_y)          # Spearman disattenuation

cat(sprintf("True-score correlation         : %.3f\n", rho_true))
#> True-score correlation         : 0.500
cat(sprintf("Attenuation-formula prediction : %.3f\n", r_pred))
#> Attenuation-formula prediction : 0.324
cat(sprintf("Observed (attenuated) corr     : %.3f\n", r_obs))
#> Observed (attenuated) corr     : 0.326
cat(sprintf("Disattenuated estimate         : %.3f\n", r_disatt))
#> Disattenuated estimate         : 0.504




The observed correlation lands near the attenuation-formula prediction, well below the true 0.50, and dividing out the square roots of the reliabilities returns an estimate close to the truth. The managerial moral restates Equation 3.6 in econometric dress: a regression on noisy survey constructs understates the effect, and “we found nothing” is uninterpretable until the reliabilities are reported, because a near-zero slope is exactly what attenuation manufactures from a real effect measured badly.




3.4 Operationalization: From Concept to Instrument

Operationalization is the act of specifying the procedure that turns a construct into a variable—the rule that says “to measure perceived quality, ask these four questions on these scales and average them.” It is where theory makes contact with data, and it is irreversible in the sense that downstream analysis can never recover construct meaning that the operationalization failed to capture.

The classical paradigm for developing a reflective scale proceeds through a disciplined sequence: (1) specify the domain of the construct from theory; (2) generate an item pool broad enough to cover the domain (guarding against deficiency); (3) purify the items by collecting data and discarding those that correlate poorly with the rest; (4) assess reliability on a fresh sample; and (5) assess validity against external criteria and related constructs.2 The logic is iterative because operationalization is fallible: the first item pool is almost always both deficient and contaminated, and only data exposes which items do which.

A single construct can be operationalized in radically different ways, and the choice carries assumptions. Customer satisfaction can be measured by a self-reported rating (cheap, but contaminated by mood and response styles), by revealed behavior such as repurchase (objective, but deficient—repurchase also reflects switching costs and availability), or by a physiological or textual signal mined from reviews (scalable, but distortion-prone). Each operationalization trades the three faces of the gap differently; none is uniquely correct, and reporting which one was used is part of reporting the result. A recurring error in applied work is to treat a convenient managerial metric (e.g., a single top-box satisfaction percentage, or a Net Promoter score) as if it were the construct itself, when it is one deficient operationalization among many (Bendle and Butt 2018b, 2018a).



3.5 Classical Test Theory and the Anatomy of a Score

To define reliability we need a model of what an observed score is. Classical test theory (CTT) supplies the simplest one. It decomposes an observed score XX for a single indicator into a true score TT and an error EE:

X=T+E,T≡𝔼[X],𝔼[E]=0,Cov(T,E)=0.(3.3)X = T + E, \qquad T \equiv \mathbb{E}[X], \qquad \mathbb{E}[E] = 0, \qquad
\mathrm{Cov}(T, E) = 0. \qquad(3.3)

The true score is defined as the expected value of the observed score over hypothetical independent replications of the measurement on the same unit—not as the Platonic construct value, a subtlety we return to under validity. Error is random: by construction it is mean-zero and uncorrelated with the true score. Because TT and EE are uncorrelated, the observed variance partitions cleanly,

σX2=σT2+σE2.(3.4)\sigma_X^2 = \sigma_T^2 + \sigma_E^2 . \qquad(3.4)

Reliability ρXX′\rho_{XX'} is then defined as the share of observed variance that is true-score variance,

ρXX′=σT2σX2=σT2σT2+σE2=Corr(X,X′)2-free form=Corr(X,X′),(3.5)\rho_{XX'} \;=\; \frac{\sigma_T^2}{\sigma_X^2} \;=\; \frac{\sigma_T^2}{\sigma_T^2 + \sigma_E^2}
\;=\; \mathrm{Corr}(X, X')^2\ \text{-free form}\ = \mathrm{Corr}(X, X'), \qquad(3.5)

where X′X' is a parallel measurement (same TT, same σE2\sigma_E^2, independent error). The last equality is the operational content of the definition: reliability equals the correlation between two parallel measurements of the same thing, which is why test–retest and split-half correlations estimate it. Reliability ranges from 0 (all noise) to 1 (no error); it has no units and is a property of scores in a population, not of an instrument in the abstract.

Two immediate consequences shape everything downstream. First, attenuation: unreliability in a predictor biases its estimated effect toward zero. If a true relationship has correlation ρTY\rho_{TY} but XX measures TT with reliability ρXX′\rho_{XX'}, the observable correlation is

ρXY=ρTYρXX′ρYY′,(3.6)\rho_{XY} = \rho_{TY}\,\sqrt{\rho_{XX'}\,\rho_{YY'}}, \qquad(3.6)

so noisy measurement systematically understates effects—a fact that makes “we found no effect” uninterpretable without a reliability figure. Second, aggregation buys reliability: averaging KK parallel indicators leaves the true score intact but shrinks error variance by 1/K1/K, so the reliability of a KK-item sum rises with KK via the Spearman–Brown relation ρK=Kρ1/[1+(K−1)ρ1]\rho_K = K\rho_1 / [1 + (K-1)\rho_1]. This is the formal reason multi-item scales beat single items, and why Equation 3.1 is worth the trouble.



3.6 Reliability in Practice

Reliability is estimated, not known. The estimator depends on which replication the data approximate.


3.6.1 Internal Consistency: Coefficient Alpha

The most reported estimate is coefficient alpha (Cronbach’s α\alpha), which treats the KK items of one administration as approximately parallel replications. With σi2\sigma_i^2 the variance of item ii and σX2\sigma_X^2 the variance of the total score X=∑ixiX=\sum_i x_i,

α=KK−1(1−∑i=1Kσi2σX2).(3.7)\alpha = \frac{K}{K-1}\left(1 - \frac{\sum_{i=1}^{K}\sigma_i^2}{\sigma_X^2}\right). \qquad(3.7)

Alpha is a lower bound on reliability under the assumption of (essentially) τ\tau-equivalent items—equal loadings, Equation 3.1 with all λk\lambda_k equal. When loadings differ, α\alpha underestimates reliability, and McDonald’s ω\omega (which uses the estimated loadings directly) is preferable. Two cautions are worth stating plainly: α\alpha rises mechanically with KK, so a high α\alpha can simply mean “many items,” not “good items”; and α\alpha presupposes a reflective, unidimensional construct—it is meaningless for a formative index (Table 3.1).3


set.seed(2718)

n  <- 500                       # respondents
K  <- 4                         # reflective indicators
lambda <- c(0.9, 0.8, 0.7, 0.6) # item loadings

eta   <- rnorm(n)                                   # latent construct (standardized)
err   <- sapply(sqrt(1 - lambda^2),                 # error sd from loadings
                function(s) rnorm(n, sd = s))
X     <- sweep(err, 2, lambda, `+`) +               # x_k = lambda_k * eta + e_k
         outer(eta, lambda)

# Coefficient alpha from equation (eq-02-alpha), implemented directly
cronbach_alpha <- function(items) {
  k <- ncol(items)
  item_var  <- sum(apply(items, 2, var))
  total_var <- var(rowSums(items))
  (k / (k - 1)) * (1 - item_var / total_var)
}

alpha_hat <- cronbach_alpha(X)
round(alpha_hat, 3)
#> [1] 0.837






3.6.2 Stability and Agreement: ICC and Cohen’s κ\kappa

When the replication is across time (test–retest) or across raters, reliability is an intraclass correlation (ICC): the share of total variance attributable to stable between-unit differences rather than to occasion- or rater-specific noise. For a one-way model with unit effect uiu_i and residual eije_{ij}, the ICC is σu2/(σu2+σe2)\sigma_u^2 / (\sigma_u^2 + \sigma_e^2), the same true-over-total ratio as Equation 3.5, now estimated from a variance-components decomposition. The forms—single vs. average rater, consistency vs. absolute agreement—must be matched to the design, a distinction made canonical for the field by Shrout and Fleiss (1979).

For categorical judgments (does this review express complaint? is this ad emotional?), correlation is inappropriate and the relevant statistic is Cohen’s κ\kappa, which corrects observed agreement pop_o for the agreement pep_e expected by chance:

κ=po−pe1−pe.(3.8)\kappa = \frac{p_o - p_e}{1 - p_e}. \qquad(3.8)

A κ\kappa of 0 means raters agree only as often as random labeling would predict; 1 means perfect agreement (Cohen 1960). The widely used verbal benchmarks—slight, fair, moderate, substantial, almost perfect—come from Landis and Koch (1977), though they are conventions, not laws. The example below estimates both an ICC for ratings and a κ\kappa for binary codings on simulated data.


set.seed(1414)

## ---- Intraclass correlation (two raters, continuous ratings) -------------
n  <- 200
true_q <- rnorm(n, mean = 0, sd = 1)        # stable latent quality of object i
r1 <- true_q + rnorm(n, sd = 0.6)            # rater 1
r2 <- true_q + rnorm(n, sd = 0.6)            # rater 2

# One-way ICC via variance components (between-object / total)
ms_between <- 2 * var(rowMeans(cbind(r1, r2)))           # 2 raters per object
ms_within  <- mean((r1 - r2)^2) / 2
icc <- (ms_between - ms_within) / (ms_between + ms_within)
round(icc, 3)
#> [1] 0.764

## ---- Cohen's kappa (two coders, binary labels) ---------------------------
latent  <- rnorm(n)
code1 <- as.integer(latent + rnorm(n, sd = 0.7) > 0)   # coder 1
code2 <- as.integer(latent + rnorm(n, sd = 0.7) > 0)   # coder 2

tab <- table(code1, code2)
p_o <- sum(diag(tab)) / sum(tab)                        # observed agreement
p_e <- sum(rowSums(tab) * colSums(tab)) / sum(tab)^2    # chance agreement
kappa <- (p_o - p_e) / (1 - p_e)                        # equation (eq-02-kappa)
round(c(p_o = p_o, p_e = p_e, kappa = kappa), 3)
#>   p_o   p_e kappa 
#> 0.735 0.500 0.471




High reliability is necessary but not sufficient. A bathroom scale that reads three kilograms heavy is perfectly reliable and perfectly wrong: it returns the same number every time (no error variance) while measuring the wrong true score. The missing property is validity.




3.7 Validity: Are We Measuring the Right Thing?

Validity asks whether a measure captures the construct it claims to capture— whether the true score TT in Equation 3.3 actually equals (or tracks) the construct η\eta, rather than some neighboring or contaminating quantity. Modern measurement theory treats validity not as a property a measure simply has, but as a body of evidence accumulated for a particular interpretation and use. Several complementary strands of evidence are standard.

Content validity is the (largely judgmental) question of whether the item pool covers the construct’s domain without straying outside it—directly the deficiency/contamination trade-off of Figure 3.1, assessed by expert review before any data are collected.

Convergent validity asks whether indicators that should measure the same construct actually correlate. In a reflective model it is read off the loadings: high, significant λk\lambda_k mean the indicators share the common cause. A standard summary is the average variance extracted (AVE), the mean squared standardized loading,

AVE=1K∑k=1Kλk2,(3.9)\mathrm{AVE} = \frac{1}{K}\sum_{k=1}^{K}\lambda_k^2 , \qquad(3.9)

interpreted as the share of indicator variance the construct explains; AVE≥0.5\mathrm{AVE}
\geq 0.5 (the construct explains more than half the indicator variance) is the conventional threshold (Fornell and Larcker 1981).

Discriminant validity asks the reverse: whether a construct is empirically distinct from other constructs it is not supposed to be identical to. The classic Fornell and Larcker (1981) criterion requires a construct’s AVE to exceed its squared correlation with every other construct—each construct shares more variance with its own indicators than with any other construct. (More recent work argues the heterotrait–monotrait ratio of correlations detects discriminant-validity problems the Fornell–Larcker criterion misses, especially when loadings are similar across constructs.)4

Nomological (construct) validity is the deepest and the one that ties back to the definition of a construct: does the measure relate to other constructs the way theory predicts? A valid satisfaction measure should predict repurchase and word of mouth, correlate with perceived quality, and be largely unrelated to, say, respondent handedness. The web of predicted relations is the nomological network, and a measure earns construct validity by behaving as the network says it should. This is also where validity and reliability finally separate cleanly: reliability concerns the consistency of XX around its true score TT; validity concerns whether TT is the right TT. Figure 3.3 lays out the strands and the questions they answer.
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Figure 3.3: Strands of measurement validity and the question each answers. Reliability (left) is logically prior—an unreliable measure cannot be valid—but high reliability does not imply validity.









3.7.1 A Worked Convergent/Discriminant Check

The reflective machinery is concrete. The example below simulates two correlated latent constructs, each with three reflective indicators, then recovers the loadings by factor analysis, computes each construct’s AVE from Equation 3.9, and applies the Fornell–Larcker discriminant test: AVE must exceed the squared inter-construct correlation.


set.seed(3142)
n <- 600

# Two latent constructs with a true correlation of 0.45
Sigma <- matrix(c(1, 0.45, 0.45, 1), 2)
L     <- chol(Sigma)
F     <- matrix(rnorm(n * 2), n, 2) %*% L
colnames(F) <- c("eta_A", "eta_B")

lam_A <- c(0.85, 0.80, 0.75)   # loadings, construct A
lam_B <- c(0.80, 0.78, 0.70)   # loadings, construct B

make_block <- function(eta, lam) {
  sapply(lam, function(l) l * eta + rnorm(length(eta), sd = sqrt(1 - l^2)))
}
A <- make_block(F[, "eta_A"], lam_A)
B <- make_block(F[, "eta_B"], lam_B)
dat <- data.frame(A, B)
names(dat) <- c(paste0("a", 1:3), paste0("b", 1:3))

# Recover loadings with a 2-factor maximum-likelihood EFA
fa <- factanal(dat, factors = 2, rotation = "promax")
load <- fa$loadings[, 1:2]

# Average variance extracted per construct (eq-02-ave), using the dominant factor
ave_A <- mean(load[1:3, which.max(colSums(abs(load[1:3, ])))]^2)
ave_B <- mean(load[4:6, which.max(colSums(abs(load[4:6, ])))]^2)

# Inter-construct correlation from estimated factor scores
fs <- factanal(dat, factors = 2, rotation = "promax", scores = "regression")$scores
phi2 <- cor(fs[, 1], fs[, 2])^2

cat("AVE construct A:", round(ave_A, 3), "\n")
#> AVE construct A: 0.669
cat("AVE construct B:", round(ave_B, 3), "\n")
#> AVE construct B: 0.59
cat("Squared factor correlation:", round(phi2, 3), "\n")
#> Squared factor correlation: 0.124
cat("Fornell-Larcker passes (both AVE > shared var)? ",
    ave_A > phi2 && ave_B > phi2, "\n")
#> Fornell-Larcker passes (both AVE > shared var)?  TRUE




Both AVEs comfortably exceed 0.5 (convergent validity) and exceed the squared inter-construct correlation (discriminant validity): the indicators measure their own construct better than they measure the neighbor. Had we forced the two constructs to correlate near 1, the discriminant test would fail—the data would be telling us we had relabeled one construct as two.




3.8 Identification: What Pins a Latent Model Down

A latent variable has no inherent scale—nothing in Equation 3.1 fixes the units or origin of η\eta, since multiplying η\eta by a constant and dividing every λk\lambda_k by the same constant leaves all observables unchanged. A measurement model is identified only after this indeterminacy is removed and enough constraints are imposed that the parameters are recoverable from the covariance matrix of the indicators. The standard fixes are to standardize the latent variable (Var(η)=1\mathrm{Var}(\eta)=1) or to fix one loading (a marker indicator, λ1=1\lambda_1 = 1), which sets the scale; the construct’s mean is fixed similarly by an intercept constraint.

Beyond scaling, identification requires enough indicators. With a single latent factor and uncorrelated errors, the covariance structure has K(K+1)/2K(K+1)/2 knowns and 2K2K unknowns (loadings and error variances) plus one variance; the rule of thumb is that at least three indicators per reflective factor are needed for a single factor to be just-identified, and two suffice only when the factor is embedded in a larger model that supplies extra constraints. What breaks identification is then predictable: too few indicators (the model has more parameters than the covariance matrix can determine); error terms that are in fact correlated (violating local independence, so shared method variance masquerades as the construct); and—most relevant to the reflective/formative debate—a formative construct that is not emitted into the model with at least two outgoing paths to other constructs or indicators, without which Equation 3.2 has no scale and the weights wkw_k are not separately identified (Diamantopoulos, Fritz, and Hildebrandt 2013; Henseler 2017). The lesson generalizes: identification failures in latent-variable models are usually a symptom that the measurement model and the theory disagree about how many things are being measured.



3.9 Common-Method Variance and Other Contamination

The CTT assumption that errors are random and uncorrelated (Equation 3.3, Equation 3.1) is the one most often violated in practice, and the violation has a name. Common-method variance (CMV) is systematic error shared across indicators because they were collected by the same method—the same respondent, on the same survey, at the same moment, using the same response scale. CMV induces correlation among the εk\varepsilon_k, which the reflective model attributes to the construct, inflating loadings, reliability, and—most damagingly—the correlations between constructs measured by the same method. A satisfaction–loyalty correlation estimated from a single self-report survey is partly a measurement of the respondent’s consistent way of answering surveys.

CMV is contamination in the precise sense of Figure 3.1: variance that is measured but not meant. It cannot be detected by reliability statistics—shared method variance raises α\alpha—which is exactly why a high α\alpha is no defense. Procedural remedies (separating the measurement of predictor and outcome in time or source, varying scale formats, guaranteeing anonymity to reduce social-desirability pressure) attack the cause; statistical remedies (modeling a latent method factor that loads on all indicators, or using marker variables theoretically unrelated to the constructs) attempt to partition method variance from trait variance after the fact.5 The deeper point for this chapter is that the construct-to-measure gap is not a one-time design choice but a property that travels with the data into every downstream model; an analyst who inherits a single-source survey inherits its contamination whether or not the original authors named it.



3.10 From Measurement Error to Decision Error

Constructs and variables ultimately serve decisions: launch or not, target or not, attribute the lift to the campaign or not. It is worth closing the loop between the measurement error studied above and the decision error it produces, because the two are routinely confused. Suppose a measure is used to classify—high-value vs. low-value customer, satisfied vs. dissatisfied, treatment worked vs. did not. The construct has a true state; the measure yields a verdict; and the four combinations form the confusion matrix in Table 3.2.




Table 3.2: Decision errors induced by an imperfect measure. Reliability and validity shortfalls translate into Type I and Type II error rates; which error dominates depends on where the decision threshold sits relative to the construct distribution.










	
	Construct true
	Construct false





	Measure says true
	correct (true positive)
	Type I error (false positive)



	Measure says false
	Type II error (false negative)
	correct (true negative)










The connection to the earlier formalism is direct. A measure with low validity shifts the whole verdict distribution off the construct, trading one error type for the other systematically (a biased scale, like the three-kilo bathroom scale). A measure with low reliability fattens the spread of verdicts around the truth, raising both error rates at once (a noisy scale). And attenuation (Equation 3.6) guarantees that unreliable predictors make real effects look smaller than they are, so the most common decision error in marketing analytics—concluding “no effect” from a noisy measure—is a measurement failure wearing the costume of a null result. The discipline of distinguishing construct from variable is, in the end, the discipline of knowing how much of a number to believe.



3.11 Where Construct Measurement Is Today

The apparatus developed above (the reflective common-factor model, classical test theory, the convergent/discriminant battery) is the canon, and it dates from the 1950s through the 1990s. It is not where the field stopped. Four developments of roughly the last fifteen years have reshaped how construct measurement is conceived and practiced, and a PhD reader should know them not as exotic options but as the current state of the art.


3.11.1 Modern Validity Theory: The Ontological Turn

Classical construct validity, in the Cronbach and Meehl tradition with which this chapter opens, treats validity as an epistemic property of inferences: a measure is valid to the degree that the evidence supports interpreting its scores a certain way. Borsboom, Mellenbergh, and Heerden (2004) reframed validity as an ontological and causal claim about the measurement process itself: a test is valid for an attribute if and only if the attribute exists and variation in it causes variation in the test scores. This is a sharper and more demanding criterion, and it bears directly on the reflective/formative distinction of Section 3.3. The causal definition is natural for reflective measurement (the construct causes its indicators, exactly the EIV structure) and awkward for formative measurement (where the indicators cause the construct), which is part of why the formative case remains contested (K. A. Bollen and Diamantopoulos 2017). The practical upshot is that demonstrating validity is not exhausted by accumulating correlations; it requires a defensible account of why the construct should drive the responses, a process theory the nomological network only gestures at.



3.11.2 Network Psychometrics: Constructs Without a Latent Cause

The most radical recent alternative abandons the latent common cause altogether. Network psychometrics (Borsboom and Cramer 2013) models a construct not as a hidden variable that emits correlated indicators, but as a system of mutually reinforcing observables: an emergent property of a network of items that directly influence one another. In a satisfaction network, a positive service experience raises the likelihood of repurchase intent, which reinforces recommendation, which feeds back, without any single latent satisfaction variable causing all three. Statistically, the construct is a densely connected cluster in a regularized partial-correlation network (typically estimated by the graphical LASSO with EBIC model selection), where an edge is a conditional dependence between two items after partialling out all others. The tooling is mature: qgraph for estimation and visualization (Epskamp et al. 2012) and bootnet for assessing edge and centrality stability by bootstrapping (Epskamp, Borsboom, and Fried 2018). For marketing this matters because many “constructs” (customer engagement, brand relationship, well-being) plausibly are feedback systems rather than reflections of a single latent state, and the network view offers a measurement model that does not force a common factor onto them. The chunk below sketches the idea on a small simulated correlation matrix, falling back to a plain partial-correlation network if the specialized packages are not installed.


set.seed(4040)

# Simulate items from a sparse "network" of conditional dependencies:
# a chain x1 - x2 - x3 - x4 (each item depends mainly on its neighbours).
n <- 1000
x1 <- rnorm(n)
x2 <- 0.6 * x1 + rnorm(n, sd = 0.8)
x3 <- 0.6 * x2 + rnorm(n, sd = 0.8)
x4 <- 0.6 * x3 + rnorm(n, sd = 0.8)
net_dat <- data.frame(x1, x2, x3, x4)

# Partial-correlation matrix: the network-psychometrics object.
# Edges are conditional dependencies (off-diagonal of the negated, scaled precision matrix).
prec <- solve(cor(net_dat))
pcor <- -prec / sqrt(outer(diag(prec), diag(prec)))
diag(pcor) <- 1
cat("Partial-correlation (conditional dependence) matrix:\n")
#> Partial-correlation (conditional dependence) matrix:
print(round(pcor, 2))
#>       x1   x2    x3    x4
#> x1  1.00 0.57 -0.05 -0.01
#> x2  0.57 1.00  0.44  0.00
#> x3 -0.05 0.44  1.00  0.51
#> x4 -0.01 0.00  0.51  1.00
# The strong edges sit on the chain (x1-x2, x2-x3, x3-x4); non-adjacent
# pairs are near zero once their neighbours are partialled out -- the
# hallmark of a network rather than a single common factor.

if (requireNamespace("qgraph", quietly = TRUE)) {
  qgraph::qgraph(pcor, graph = "default", layout = "spring",
                 labels = colnames(net_dat))
}
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The adjacent items show strong partial correlations while non-adjacent items, conditioned on their neighbors, drop to near zero: the signature of a network structure that a single-factor reflective model would misread as one latent cause.



3.11.3 Bayesian Measurement and Bifactor Models

Two refinements of the latent-variable program belong to the modern toolkit. Bayesian structural equation modeling, implemented in blavaan (Merkle and Rosseel 2018), fits CFA and SEM with priors on loadings and variances and returns a full posterior for every parameter rather than a point estimate and a standard error. The payoffs are practical: principled inference in small samples (where maximum-likelihood standard errors are unreliable), honest uncertainty intervals for derived quantities like reliability and AVE, and the ability to encode prior knowledge (a loading is expected to be large and positive) instead of pretending to ignore it. Bifactor models (Reise 2012) address a question this chapter raised but did not resolve: when can a multidimensional battery be summed into a single score? A bifactor model decomposes each item into a general factor common to all items plus an orthogonal group factor specific to its subscale. The omega-hierarchical coefficient and the explained-common-variance statistic then quantify how much of the reliable variance is general rather than group-specific, giving a defensible answer to “is this scale essentially unidimensional enough to total?” that coefficient α\alpha (which cannot see multidimensionality at all, Equation 3.7) never could.



3.11.4 Machine-Learning and Text-Based Construct Measurement

Finally, construct measurement is increasingly computational. Constructs that once required a survey (brand sentiment, perceived warmth, complaint intensity, political ideology) are now scored directly from text, images, and behavior using supervised classifiers, word and sentence embeddings, and large language models prompted to rate open-ended responses. This scales measurement to millions of observations and to data the respondent never knew was being measured, but it does not repeal the validity problem; it relocates it. An LLM that scores review text for “satisfaction” is one more operationalization, with its own deficiency (it may miss satisfaction expressed sarcastically), contamination (it may pick up reviewer verbosity or product category), and distortion (its scores may be nonlinear in the true construct). The emerging program of computational construct validity applies the same logic developed in this chapter to these automated measures: validate the machine score against a human-rated gold standard (a convergent-validity check), test that it relates to other constructs as theory predicts (a nomological check), and probe it for the method variance and bias that any single source introduces. The construct-to-measure gap of Figure 3.1 is exactly as real for an embedding as for a Likert item; the model is faster and cheaper, not more valid by default. The multimodal-data chapter develops these automated measures in detail; the point here is that they are governed by the measurement theory of this chapter, not exempt from it.




3.12 Key Takeaways


	A construct is a theoretical concept defined by its role in a nomological network; a variable is an observed quantity defined by its measurement procedure. The construct-to-measure gap—deficiency, contamination, distortion—is where applied research most often fails (Figure 3.1).

	The measurement model must be specified as reflective (Equation 3.1, construct causes indicators) or formative (Equation 3.2, indicators compose construct); the choice is theoretical, not empirical, and it dictates which reliability and validity tests even apply (Table 3.1) (Coltman et al. 2008; Diamantopoulos, Fritz, and Hildebrandt 2013).

	Reliability is the true-score share of observed variance (Equation 3.5); estimate it by coefficient α\alpha (Equation 3.7) for internal consistency, the ICC (Shrout and Fleiss 1979) for raters/occasions, and Cohen’s κ\kappa (Equation 3.8) (Cohen 1960; Landis and Koch 1977) for categorical codings. Unreliability attenuates estimated effects toward zero (Equation 3.6).

	Validity asks whether the true score is the right construct: content, convergent (AVE, Equation 3.9), discriminant (Fornell–Larcker), and nomological evidence together build the case (Fornell and Larcker 1981). High reliability does not imply validity.

	Latent models must be identified (scale set, ≥3\geq 3 reflective indicators, local independence); common-method variance violates the random-error assumption and is invisible to reliability statistics, so it must be designed out, not tested away.

	The measurement models translate into econometrics: reflective measurement is the common-factor, errors-in-variables model (a second indicator instruments the first, and unreliability attenuates correlations, Section 3.3), while formative measurement is a causal-indicator index, identified only as a MIMIC model with reflective effect indicators supplying the scale (K. Bollen and Lennox 1991; Diamantopoulos and Winklhofer 2001; MacKenzie, Podsakoff, and Podsakoff 2011).

	Construct measurement did not stop at the canon: modern validity theory makes validity a causal claim (Borsboom, Mellenbergh, and Heerden 2004); network psychometrics models constructs as systems of interacting observables rather than latent causes (Borsboom and Cramer 2013; Epskamp, Borsboom, and Fried 2018); Bayesian (Merkle and Rosseel 2018) and bifactor (Reise 2012) models extend the latent program; and machine-learning and text-based measures relocate, but do not repeal, the validity problem (Section 3.11).





3.13 Further Reading

The reflective/formative distinction and its consequences for marketing measurement are developed in Coltman et al. (2008), Diamantopoulos, Fritz, and Hildebrandt (2013), and Henseler (2017); the foundational statements that misspecifying measurement direction biases structural estimates are K. Bollen and Lennox (1991) and Jarvis, MacKenzie, and Podsakoff (2003), with construction and identification procedures in Diamantopoulos and Winklhofer (2001) and MacKenzie, Podsakoff, and Podsakoff (2011) and the continuing debate over causal-formative indicators in K. A. Bollen and Diamantopoulos (2017). The misuse of metrics that confuse a managerial number for a construct is dissected in Bendle and Butt (2018b) and Bendle and Butt (2018a). The classical convergent/discriminant apparatus traces to Fornell and Larcker (1981), agreement and rater reliability to Shrout and Fleiss (1979), Cohen (1960), and Landis and Koch (1977), and the attenuation correction to Spearman (1904). For where the field has moved since, see Borsboom, Mellenbergh, and Heerden (2004) on the causal concept of validity, Borsboom and Cramer (2013) and Epskamp, Borsboom, and Fried (2018) on network psychometrics (with qgraph, Epskamp et al. (2012)), Merkle and Rosseel (2018) on Bayesian SEM, and Reise (2012) on bifactor models; the covariance-structure framework underlying all of this is laid out in Bollen (1989). The branding chapter (Chapter 11) shows these abstractions doing concrete work, where whether brand equity is reflective or formative remains an open and consequential question.







1. This is the central idea of construct validation in the classical psychometric tradition: a construct earns its keep through the lawful relations it enters into, not through any single observation. 



2. This sequence is the backbone of scale development in marketing; the purification step in particular—iteratively pruning items by item-to-total correlation and re-estimating reliability—originates in the marketing measurement literature of the late 1970s. 



3. A common abuse is to report α\alpha for a deliberately multidimensional battery and conclude the battery is “reliable.” Alpha conflates dimensionality with consistency; a factor analysis must establish unidimensionality first.



4. The HTMT criterion compares average cross-construct item correlations to average within-construct item correlations; values near 1 signal that two “different” constructs are empirically the same. 



5. No statistical fix fully substitutes for designing the contamination out. The latent-method-factor and marker-variable approaches make assumptions (about which variance is method variance) that are themselves untestable from the contaminated data. 





4 Customer Satisfaction

Customer satisfaction is the evaluative judgment a consumer forms after comparing the performance of a product or service against some standard of reference. It is at once the most surveyed construct in marketing practice and one of the most theoretically demanding: a satisfaction score is not a direct reading of an attitude but the residual of a comparison process, and the standard against which performance is judged is itself shaped by the very experience being evaluated. This chapter treats satisfaction as two coupled objects. The first is a psychological construct—a post-purchase judgment built from affective and cognitive inputs and anchored to prior expectations. The second is a financial asset—a forward-looking signal that, when it moves, moves cash flows, equity returns, and the risk those returns carry. A serious account must connect the two, and the modern empirical literature, drawing heavily on the American Customer Satisfaction Index (ACSI), increasingly does.

The chapter proceeds from formation to consequence. We begin with how satisfaction is formed—the expectancy–disconfirmation paradigm and its affective and cognitive components—and how it is measured, including the modern move from survey scales to text-derived sentiment. We then formalize the disconfirmation model so its identification problems are explicit. From there we turn to consequences: the satisfaction–profit chain that runs through cash flow growth and volatility to shareholder value, the asymmetric and sector-specific way equity markets price satisfaction, and the effect of satisfaction on the risk of returns rather than their level. We confront two findings that discipline naive optimism—the negative market-share–satisfaction relationship and the moderating role of financial leverage—and close with monopoly settings and the communication of uncertainty, where the mechanism linking satisfaction to value is laid bare.


4.1 Formation: The Expectancy–Disconfirmation Paradigm

The dominant theory of how satisfaction arises is the expectancy–disconfirmation model. Its intuition is ordinary: a diner who expects a mediocre meal and receives a good one leaves delighted, while a diner who expected greatness and received merely good leaves disappointed—even though the meals were identical. Satisfaction tracks not performance itself but performance relative to a pre-consumption expectation. The gap between the two is disconfirmation: positive when performance exceeds expectations, negative when it falls short, and zero when they coincide.

Let EE denote a consumer’s pre-consumption expectation of performance along some attribute, PP the perceived actual performance, and D=P−ED = P - E the disconfirmation. The paradigm posits that satisfaction SS rises in both the baseline expectation and the disconfirmation, S=α+βEE+βD(P−E)+ε,(4.1)
S = \alpha + \beta_E\, E + \beta_D\, (P - E) + \varepsilon,
 \qquad(4.1) with βD>0\beta_D > 0 the central claim of the theory and βE\beta_E capturing the direct, assimilative pull of expectations on the final judgment. Equation Equation 4.1 makes the construct’s subtlety precise: because EE enters both directly (through βE\beta_E) and as the benchmark inside the disconfirmation term, raising expectations has offsetting effects on satisfaction. It lifts the assimilative component while simultaneously raising the bar that performance must clear, a tension that any manager who has over-promised understands and that any estimator of Equation 4.1 must confront.

A field study of a novel restaurant experience by Richard L. Oliver and Burke (1999) sharpens the dynamics behind this static equation. Pre-consumption expectations were manipulated with realistic reviews, the dining experience itself was recorded by protocol methods, and perceptions were captured immediately after. Four results recur in subsequent work. First, the manipulated expectation exerts an immediate effect that decays over the course of the experience, so the weight βE\beta_E is not constant but fades as direct evidence accumulates. Second, expectations shape perceived performance—forward assimilation—so EE and PP are not independent inputs but causally linked, which (as we note below) breaks the clean separation Equation 4.1 assumes. Third, expectations are revised retrospectively by what actually happened—backward assimilation—so the measured EE depends on PP when it is elicited after consumption. Fourth, the disconfirmation DD remains the pivotal driver of SS, and the whole process operates in a dimension-specific way: disconfirmation on one attribute drives satisfaction with that attribute, not a diffuse global affect.


Disconfirmation. Satisfaction is the consumer’s response to the perceived discrepancy between prior expectations and the actual performance of a product as experienced after consumption.




4.1.1 Affect and Cognition

A consumer’s assessment of satisfaction draws on two channels that the disconfirmation equation collapses into a single SS. The cognitive channel is the deliberate, attribute-by-attribute comparison of performance against expectation—precisely the P−EP - E computation of Equation 4.1. The affective channel is the emotional residue of consumption: the pleasure, delight, irritation, or regret experienced during use, which colors the judgment independently of any calculated discrepancy. The two are not substitutes. A technically flawless service encounter delivered coldly can produce low satisfaction despite zero cognitive disconfirmation, and a warm recovery from a service failure can produce high satisfaction despite a large negative one. Treating satisfaction as a purely cognitive ledger therefore mis-specifies its formation; the affective component is a separate input, and measurement instruments that capture only attribute ratings miss it.




4.2 Theoretical Foundations

Satisfaction is a comparison judgment, and the theories that ground it are theories of what gets compared, against what standard, and with what asymmetry. The organizing account is the expectancy-disconfirmation paradigm developed above: satisfaction tracks performance relative to a pre-consumption expectation, with the disconfirmation D=P−ED = P - E as the pivotal driver (Richard L. Oliver and Burke 1999). (Oliver’s original 1980 cognitive model of satisfaction established the paradigm; the field study cited here sharpens its dynamics.) Disconfirmation is itself a reference-dependence claim, which is why prospect theory is the second foundation (Kahneman and Tversky 1979; A. Tversky and Kahneman 1981). The expectation EE is a reference point, performance is coded as a gain or a loss relative to it, and because losses loom larger than gains, negative disconfirmation depresses satisfaction more than equal positive disconfirmation raises it. This loss-averse asymmetry is not a curiosity; it reappears downstream in how equity markets price satisfaction news, where dissatisfaction loads roughly 2.4 times as heavily as an equal satisfaction gain (Malshe, Colicev, and Mittal 2020), and it implies that defending against shortfalls protects the construct more than chasing delight.

Two motivational and informational theories refine the comparison. Regulatory focus (Higgins 1997) holds that a promotion-focused consumer evaluates an experience against ideals and the presence or absence of gains, while a prevention-focused consumer evaluates against oughts and the presence or absence of losses; the same objective performance therefore yields different satisfaction depending on which standard the consumer brings, and on whether the offering’s framing fits that orientation. The affect-as-information account (Schwarz and Clore’s work on feelings as information) grounds the affective channel introduced above: consumers read their momentary feelings during consumption as data about how satisfied they are, which is why a warm recovery can lift satisfaction despite zero cognitive disconfirmation and a cold but flawless encounter can depress it. This is the theoretical reason the affective input cannot be reduced to the cognitive ledger of Equation 4.1.

Two further theories bound the construct. Equity (fairness) theory (Adams’s work on inequity, extended to consumption by Oliver and Swan) holds that satisfaction depends not only on one’s own outcome-to-input ratio but on its comparison to the seller’s and to other customers’, so a consumer who feels fairly treated can be satisfied with a modest outcome and one who feels exploited dissatisfied with a good one; this is the channel through which perceived price fairness and service-recovery justice enter satisfaction, and it links to the fairness constraint on pricing in Chapter 19. Finally, adaptation-level dynamics explain why satisfaction is unstable over time: the reference point itself migrates toward recent experience, so a sustained improvement is re-encoded as the new normal and ceases to delight, the hedonic-adaptation logic behind the decay of the expectation effect documented in Richard L. Oliver and Burke (1999) and behind the difficulty of maintaining satisfaction through incremental gains. Together these theories explain why the construct is the residual of a comparison rather than a direct attitude reading, and why its measurement and its financial consequences (the subjects of the remaining sections) inherit the reference-dependence and asymmetry built into its formation.



4.3 Measurement

Historically, satisfaction has been measured by survey: a respondent rates overall satisfaction, expectations, and performance on Likert or semantic-differential scales, and these ratings are aggregated—at the national level by indices such as the ACSI, which anchors most of the marketing–finance evidence discussed below. Survey measurement is well understood, but it is slow, sparse, and reactive: it samples a fraction of customers at fixed intervals and asks them to introspect, which invites recall and social-desirability bias.

The frontier alternative reads satisfaction directly from what customers write. Sentiment analysis treats a corpus of customer-generated text—reviews, support transcripts, social posts—as a high-frequency, census-scale signal of satisfaction, classifying the polarity (and increasingly the intensity and target) of expressed affect (S. Kumar and Zymbler 2019; Q. Wei et al. 2020). The appeal is operational as much as scientific: a sentiment pipeline observes the affective channel of Chapter 4 in near real time, covers customers who would never return a survey, and scales to firms and markets that no survey panel reaches.

The two measurement regimes trade off along several axes, summarized in Table 4.1. Neither dominates: survey scales remain the validated anchor against which text measures are benchmarked, while sentiment supplies coverage and timeliness that surveys structurally cannot.




Table 4.1: Survey versus text-based measurement of satisfaction










	Property
	Survey scales (e.g., ACSI)
	Text sentiment





	Sampling
	Panel, intermittent
	Census of writers, continuous



	Construct captured
	Cognitive + elicited affect
	Expressed affect, in context



	Latency
	Weeks to quarters
	Near real time



	Principal bias
	Recall, social desirability
	Self-selection of who writes



	Validation status
	Field standard
	Benchmarked to surveys










A worked illustration makes the text measure concrete. A minimal lexicon sentiment score classifies each document by the net count of positive and negative tokens it contains, normalized by length—a transparent baseline that more elaborate supervised classifiers refine but do not conceptually replace.


set.seed(42)

# Minimal, dependency-free lexicon sentiment score in [-1, 1].
positive <- c("great", "excellent", "love", "happy", "satisfied",
              "recommend", "good", "fast", "reliable", "delighted")
negative <- c("bad", "terrible", "hate", "slow", "broken",
              "disappointed", "refund", "rude", "late", "useless")

sentiment_score <- function(texts) {
  clean  <- gsub("[^a-z ]", " ", tolower(texts))
  tokens <- strsplit(trimws(clean), "\\s+")
  vapply(tokens, function(w) {
    p <- sum(w %in% positive); n <- sum(w %in% negative)
    if (p + n == 0) 0 else (p - n) / (p + n)
  }, numeric(1))
}

reviews <- c(
  "Great service and a reliable product, I would recommend it.",
  "Terrible experience, the item was broken and the staff were rude.",
  "It arrived; nothing remarkable to report about the purchase."
)
data.frame(review = reviews, score = sentiment_score(reviews))
#>                                                              review score
#> 1       Great service and a reliable product, I would recommend it.     1
#> 2 Terrible experience, the item was broken and the staff were rude.    -1
#> 3      It arrived; nothing remarkable to report about the purchase.     0






4.4 Estimation and Identification

The static disconfirmation model Equation 4.1 looks like an ordinary regression of satisfaction on expectations and a performance gap, estimable by ordinary least squares (OLS). The dynamic field evidence shows why that estimator is fragile. Three assumptions must hold for the OLS coefficients to carry their structural interpretation, and the Richard L. Oliver and Burke (1999) findings attack each in turn.

The first assumption is exogenous expectations: EE must be uncorrelated with the error ε\varepsilon. Backward assimilation violates this directly. When EE is elicited after consumption, the measured expectation is contaminated by the realized performance, so Cov(E,ε)≠0\mathrm{Cov}(E, \varepsilon) \neq 0 and β̂E\hat
\beta_E is biased. Eliciting EE strictly before consumption—as the manipulation in the field study did—is the design that restores exogeneity; a post-hoc expectation measure cannot.

The second assumption is separability of EE and PP. Forward assimilation violates it: because expectations shape perceived performance, P=γE+uP = \gamma E +
u with γ>0\gamma > 0, the regressors EE and D=P−ED = P - E are mechanically correlated, inflating standard errors and making the separate identification of the assimilative path (βE\beta_E) from the contrast path (βD\beta_D) delicate. Experimental manipulation of EE independent of PP is again the clean route to separation; in purely observational data the two effects are only weakly distinguishable.

The third assumption is stable coefficients. The decay of the expectation effect over the consumption episode means βE\beta_E is time-varying, so a single cross-sectional regression estimates a horizon-specific average rather than a structural constant. The practical implication is that satisfaction must be modeled dimension by dimension and stage by stage; a pooled global regression averages over heterogeneity the theory says is real. Figure 4.1 collects these paths: the solid arrows are the structural relationships of Equation 4.1, and the dashed arrows are the assimilation effects that defeat the OLS estimator.
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Figure 4.1: The expectancy-disconfirmation process. Solid arrows are the structural paths of equation Equation 4.1; dashed arrows are the assimilation effects that break the identifying assumptions of an OLS estimator.










4.5 Consequences: The Satisfaction–Value Chain

Why does a post-purchase judgment matter to a firm’s owners? The answer is that satisfaction is a leading indicator of cash flow. Satisfied customers buy again, defect less, cost less to serve, and complain less, so a movement in satisfaction today forecasts the level, growth, and volatility of future cash flows—and the present value of those flows is what equity is worth. The chain runs satisfaction →\to cash flow characteristics →\to shareholder value (Figure 4.2), and each link has been estimated.

Gruca and Rego (2005) make the cash-flow link explicit. Combining longitudinal ACSI data with COMPUSTAT financials and estimating the relationship in a hierarchical Bayesian framework—appropriate because firms are sampled repeatedly and the satisfaction effect is allowed to vary across them—they find that customer satisfaction both raises the growth of future cash flows and lowers their variability. Because shareholder value rises with expected cash flow and falls with its risk, satisfaction contributes to value through both channels at once. The result is robust across firm and industry characteristics and survives multi-measure, multi-method re-estimation, which matters because a single ACSI series invites concern about measurement idiosyncrasy.

Not every satisfaction metric carries this predictive content, however. Firms collect many customer-feedback measures, and Neil A. Morgan and Rego (2006) adjudicate among six of them—top-2-box satisfaction, average satisfaction, repurchase-intention loyalty, net promoters, repurchase likelihood, and the proportion of customers complaining—against COMPUSTAT and CRSP performance over 1994–2000. The ranking is instructive and somewhat deflating for popular practice. Average satisfaction scores are the most predictive of future business performance, with top-2-box scores close behind; repurchase likelihood and complaint proportion carry moderate, performance-dimension-specific value; and recommendation-based metrics—net promoters and the average number of recommendations—show little to no predictive value. The metric a firm chooses to optimize is therefore not innocuous: an obsession with recommendation scores can mistake a poorly predictive proxy for the asset itself.
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Figure 4.2: The satisfaction-to-shareholder-value chain. Satisfaction is priced because it forecasts the level, growth, and volatility of future cash flows.










4.6 How Markets Price Satisfaction

If satisfaction forecasts cash flows, an efficient equity market should impound it into prices. Whether it fully does—and where—has been the subject of a long empirical argument that turns on a subtle point: a satisfaction level that is already public should be priced, so the testable object is whether unexpected changes in satisfaction earn abnormal returns.

An early and influential reading found that a portfolio formed on ACSI strength earned positive abnormal returns at the overall market level (Fornell et al. 2006), suggesting satisfaction was a broadly mispriced intangible. Subsequent work narrowed the claim. Re-examining the evidence, Jacobson and Mizik (2009b) locate the abnormal returns specifically in the Internet and computer sector rather than across the whole market, and a companion analysis confirms this sector-bounded reading as the current academic consensus (Jacobson and Mizik 2009a). The lesson is methodological as much as substantive: an apparent market-wide anomaly dissolved into a sector-specific effect once the portfolios were reconstructed, a reminder that asset-pricing tests of marketing constructs are sensitive to portfolio formation and risk adjustment.

The pricing of satisfaction is also asymmetric, and the asymmetry has a behavioral signature consistent with prospect theory. Malshe, Colicev, and Mittal (2020) estimate that a one-unit increase in customer satisfaction raises abnormal returns by about 0.560.56 percentage points, while a one-unit decrease lowers them by about 1.341.34 percentage points—dissatisfaction is priced roughly 2.42.4 times as heavily as an equal-sized satisfaction gain, the loss-aversion pattern in which losses loom larger than gains. The mechanism is informative: short interest, a measure of short-seller activity, mediates the effect of customer (dis)satisfaction on abnormal returns, so sophisticated traders act on satisfaction news and transmit it into prices. The policy implication for managers is stark—defending against dissatisfaction protects value more than an equivalent investment in raising already-satisfied customers does.


4.6.1 Satisfaction and the Risk of Returns

Most of the discussion above concerns the level of returns. Satisfaction also affects their risk, which matters independently because a risk reduction lowers the discount rate applied to future cash flows and thus raises value even if expected returns are unchanged. Tuli and Bharadwaj (2009) decompose this effect: positive changes in customer satisfaction produce negative changes in systematic risk (both overall market-movement exposure and downside exposure specifically) and in idiosyncratic risk (the firm-specific volatility of returns). A more satisfied customer base therefore makes a firm’s equity less volatile and less exposed to market downturns—precisely the cash-flow-stability channel of Gruca and Rego (2005), now visible in the second moment of returns rather than the first. The marketing–finance machinery used to estimate these abnormal-return and risk effects—market models, event windows, and the screening of confounds—is developed in Chapter 23.




4.7 Two Disciplining Findings

A reader could leave the preceding sections believing that satisfaction is an unambiguous good to be maximized without limit. Two findings discipline that view, and Table 4.2 contrasts each with the naive expectation it overturns.


4.7.1 The Market-Share–Satisfaction Tension

Practitioners often assume that market share and customer satisfaction move together—that a firm winning the market must be pleasing its customers. The data say otherwise. Re-examining the relationship over an extended horizon in a representative sample of U.S. consumer markets, Lopo L. Rego, Morgan, and Fornell (2013) find a consistently significant negative relationship: satisfaction is a weak predictor of future market share, while market share is a strong negative predictor of future satisfaction. The mechanism is preference heterogeneity. A brand that serves a large share of the market necessarily serves a more diverse set of customers, whose heterogeneous preferences cannot all be satisfied by a single offering, so average satisfaction falls as share rises. The negative relationship is mediated by this heterogeneity, and it attenuates under two conditions—when satisfaction is benchmarked against the firm’s nearest competitor rather than an industry average, and when brand switching costs are low. The strategic resolution is a diversified brand portfolio: marketing a broader range of brands lets a firm cover heterogeneous segments without forcing one offering to satisfy them all, easing the inherent trade-off between share and satisfaction.



4.7.2 Financial Leverage as a Moderator

The satisfaction–value link is also conditioned by the firm’s capital structure. Malshe and Agarwal (2015) show that financial leverage shapes marketing outcomes and firm value through two distinct effects. First, leverage lowers customer satisfaction, an effect mediated by advertising intensity—debt service crowds out the marketing investment that sustains satisfaction. Second, leverage moderates the satisfaction–firm-value relationship itself. The damage is not uniform: service firms and firms in competitive industries suffer more from financial leverage, because their value depends more heavily on the customer relationships that leverage erodes. The implication is that satisfaction cannot be managed in isolation from the balance sheet; a leveraged firm extracts less value from a given level of satisfaction and finds it harder to sustain that level in the first place.




Table 4.2: Findings that discipline a naive “maximize satisfaction” view











	Finding
	Naive expectation
	Empirical reality
	Mechanism





	Market share vs. satisfaction
	Positively related
	Negative; share predicts lower future satisfaction
	Preference heterogeneity (Lopo L. Rego, Morgan, and Fornell 2013)



	Pricing of satisfaction news
	Symmetric
	Dissatisfaction priced ~2.4x as heavily
	Loss aversion; short-interest channel (Malshe, Colicev, and Mittal 2020)



	Financial leverage
	Neutral to value link
	Lowers satisfaction and weakens its value effect
	Advertising crowd-out; relationship erosion (Malshe and Agarwal 2015)













4.8 Satisfaction in Monopoly: The Cost Channel

The marketing–finance evidence above is drawn almost entirely from competitive markets, where satisfaction plausibly works through retention and repurchase—a customer who can leave but chooses to stay. This raises a sharp test: does satisfaction matter where customers cannot leave? Regulated utilities supply the natural experiment, both because they are monopolies and because their stringent reporting yields unusually precise operating and accounting data (A. Bhattacharya, Morgan, and Rego 2020).

Studying U.S. public utility firms, A. Bhattacharya, Morgan, and Rego (2021) find that customer satisfaction has no detectable effect on future revenues—unsurprising, since captive customers cannot redirect their demand—yet a positive effect on future profitability. The reconciliation is a cost channel. Higher satisfaction substantially reduces operating costs, specifically the costs of distribution, customer service, and general administration. Two post-hoc mechanisms support this. First, satisfaction lowers the cost of direct customer interactions and improves employee engagement by relieving the burden of managing dissatisfied customers. Second, a satisfied customer base is associated with greater trust and cooperation, which lubricates the firm’s regulated operations. The monopoly case is therefore not a null result but a clarifying one: it strips away the revenue channel and reveals a cost channel that operates even when demand is fixed, completing the account of why satisfaction is valuable.



4.9 Communicating Uncertainty: A Lever on Satisfaction

The chapter has treated satisfaction as a consequence of performance relative to expectations. The expectancy–disconfirmation logic of Equation 4.1 implies a managerial corollary: because satisfaction depends on the expectation a firm sets, the way a firm communicates can move satisfaction without changing performance at all. Time predictions under uncertainty—a delivery window, a wait time, a service estimate—are a clean setting because the firm chooses how to frame an inherently uncertain quantity.

B. Hu, Gaertig, and Dietvorst (2024) show that customers prefer range estimates (for example, “40–50 minutes”) to point estimates (“45 minutes”) for time predictions in uncertain contexts, and that communicating uncertainty through ranges enhances satisfaction with the estimate. The preference is robust across domains, time durations, and outcome distributions, and it holds even when the point estimate is conservative—that is, when the single number is set to the cautious upper-bound value a firm might otherwise use to manage expectations. In the terms of Equation 4.1, a range sets an expectation EE that the realized performance is more likely to confirm, reducing the chance of a negative disconfirmation D<0D < 0 and thereby protecting satisfaction.1 The result is a concrete instance of the chapter’s central theme: satisfaction is managed not only by improving PP but by shaping EE, and the framing of uncertainty is one of the cheapest available levers on the gap between them.



4.10 Connections

Satisfaction does not stand alone among marketing’s intangible assets. Its relationship to brand equity is close: perceived quality is an input to satisfaction and a component of brand value, and the attribute-level dynamics of satisfaction—how warranty-resolvable versus irresolvable attributes decay at different rates and carry different weight over time (Rebecca J. Slotegraaf and Inman 2004)—are developed alongside the quality-signaling material in Chapter 11. The asset-pricing and risk results invoked above rest on the event-study and risk-decomposition machinery formalized in Chapter 23.



4.11 Key Takeaways


	Satisfaction is the response to disconfirmation, the gap between pre-consumption expectations and perceived performance (Equation 4.1); it draws on both cognitive and affective channels and is best modeled dimension by dimension (Richard L. Oliver and Burke 1999).

	Expectations are not exogenous: forward and backward assimilation entangle EE and PP, so identifying the disconfirmation model requires expectations elicited before consumption, ideally under manipulation.

	Measurement is migrating from survey indices to text sentiment (S. Kumar and Zymbler 2019; Q. Wei et al. 2020); the two are complements, with sentiment supplying coverage and timeliness and surveys supplying validation.

	Satisfaction forecasts cash-flow growth and stability and hence shareholder value (Gruca and Rego 2005); average satisfaction is the most predictive metric, and recommendation-based metrics the least (Neil A. Morgan and Rego 2006).

	Markets price satisfaction asymmetrically—dissatisfaction loads far more heavily, through a short-interest channel (Malshe, Colicev, and Mittal 2020)—and the level effect is concentrated in the Internet/computer sector (Jacobson and Mizik 2009b, 2009a; Fornell et al. 2006); satisfaction also lowers systematic and idiosyncratic risk (Tuli and Bharadwaj 2009).

	Two findings discipline naive maximization: market share predicts lower future satisfaction via preference heterogeneity (Lopo L. Rego, Morgan, and Fornell 2013), and financial leverage both depresses satisfaction and weakens its value effect, especially for service and competitive firms (Malshe and Agarwal 2015).

	In monopoly utilities, satisfaction raises profitability through a cost channel rather than revenue (A. Bhattacharya, Morgan, and Rego 2021; A. Bhattacharya, Morgan, and Rego 2020), and framing uncertainty as a range rather than a point raises satisfaction by reshaping expectations (B. Hu, Gaertig, and Dietvorst 2024).









1. A single conservative point estimate also lowers the chance of negative disconfirmation, which is why firms pad their quotes. The B. Hu, Gaertig, and Dietvorst (2024) result is that a range achieves this and is preferred to the padded point estimate, so it dominates the conventional conservatism heuristic rather than merely replicating it.





5 Trust, Commitment, and Loyalty

If satisfaction (Chapter 4) is the evaluative residue of a single consumption episode, the relational constructs are what accumulate across many. Marketing’s “relational turn” of the late 1980s reframed exchange not as a sequence of independent transactions but as an ongoing relationship with a past and an expected future, and it imported a family of constructs to describe the glue that holds such relationships together: trust, the willingness to rely on a partner one is confident in; commitment, the enduring desire to maintain a valued relationship; and loyalty, the resulting disposition to keep choosing the same partner despite situational pulls to defect. These three are the most theorized intangibles in relationship marketing, and they form a short causal chain—trust and commitment are the psychological mediators, loyalty the behavioral-attitudinal outcome—whose links have been estimated and re-estimated for three decades.

This chapter treats them as a system rather than three isolated scales. We open with the relational turn that made the constructs necessary, then define and formalize each in turn: trust as a two-dimensional belief, commitment as a multi-component bond, and loyalty as a two-by-two of attitude and behavior layered over a four-phase developmental sequence. We then assemble them into the commitment–trust theory of relationship marketing—the field’s canonical mediation model—and show, with reproducible code, how it is identified and estimated as a structural model of latent constructs. The chapter closes with the meta-analytic evidence on what drives and what follows from these constructs, and with the disciplining findings that puncture the naive view that more relationship is always better. Throughout, the measurement apparatus of 1 is doing silent work: trust, commitment, and loyalty are latent constructs measured by reflective indicators, and every estimate below inherits the reliability and validity problems developed there.


5.1 The Relational Turn

The intellectual pivot is Dwyer, Schurr, and Oh (1987), who argued that marketing had over-invested in the discrete transaction—a clean, anonymous, price-mediated exchange with no past and no future—and under-theorized relational exchange, in which the parties’ history and anticipated future govern present behavior. They mapped a developmental sequence (awareness, exploration, expansion, commitment, dissolution) through which a buyer–seller dyad passes, and in doing so they relocated the object of study from the act of purchase to the relationship that produces a stream of purchases. The move had a measurement consequence that this chapter inherits: once the relationship is the unit of theory, the constructs worth measuring are the ones that characterize relationships—how much the parties trust each other, how committed they are, how loyal the buyer is—rather than the attributes of any single transaction.

The relational turn drew its theoretical spine from social exchange theory: relationships persist when each party’s outcomes exceed both their internal comparison level (what they feel they deserve) and the comparison level of alternatives (what they could get elsewhere). Trust and commitment are, in this reading, the psychological residues of a history of exchanges whose outcomes have repeatedly cleared those bars. The constructs are therefore not free-floating attitudes but relationship-specific states, which is why they are typically measured with reference to a named partner (“this supplier,” “this brand”) rather than in the abstract.



5.2 Trust

Trust is the willingness of a party to rely on an exchange partner in whom it has confidence. The most durable conceptualization, from Moorman, Zaltman, and Deshpandé (1992) and Moorman, Deshpandé, and Zaltman (1993), decomposes it into two beliefs that are routinely distinguished both theoretically and empirically:


	Credibility (reliability): the belief that the partner has the expertise and dependability to perform effectively and as promised—a competence judgment.

	Benevolence: the belief that the partner is genuinely interested in the truster’s welfare and will not act opportunistically when new conditions arise for which no commitment was made—a motive judgment.



The distinction matters because the two beliefs have different antecedents and different failure modes. A supplier can be highly credible (it always delivers) yet low in benevolence (it will exploit any contractual gap), and a partner that is benevolent but unreliable inspires affection without dependence. Moorman, Deshpandé, and Zaltman (1993) define trust operationally as a willingness to rely on a partner—deliberately separating the belief (confidence in the partner) from the behavioral intention (willingness to act on that confidence), because a party may trust and yet decline to rely when the stakes are too high. This separation foreshadows the identification problem in the commitment–trust model: trust is a latent belief, and the behaviors we observe (continued reliance, information sharing) are its consequences, not the construct itself.


5.2.1 Formalizing reliance under uncertainty

Trust does its work precisely when outcomes are uncertain and the partner could defect. A minimal decision-theoretic statement makes the role of the two beliefs explicit. Let a truster choose whether to rely (r=1r = 1) or not (r=0r = 0) on a partner who may honor the relationship (probability pp) or exploit it (probability 1−p1 - p). Reliance yields gain GG if honored and loss LL if exploited; non-reliance yields a safe outcome normalized to 00. The truster relies when expected value is positive,

pG−(1−p)L>0⇔p>LG+L.(5.1)
p\,G - (1 - p)\,L > 0 \quad\Longleftrightarrow\quad p > \frac{L}{G + L}.
 \qquad(5.1)

The two belief dimensions enter through different terms. Credibility governs pp, the perceived probability the partner is able to honor the relationship; benevolence governs the truster’s assessment that the partner is willing to forgo the exploitation payoff even when 1−p1 - p situations arise. Equation Equation 5.1 also exposes why trust substitutes for contracts: raising perceived pp (through reputation, history, or relational norms) lowers the threshold performance a formal safeguard would otherwise have to guarantee, which is the economic content of the claim that trust reduces transaction costs. It also shows trust is stake-dependent: as the loss LL from betrayal grows relative to the gain GG, the required confidence rises, so the same belief supports reliance on small matters but not large ones—exactly the belief-versus-behavior gap Moorman, Deshpandé, and Zaltman (1993) insist on.




5.3 Commitment

Commitment is an enduring desire to maintain a valued relationship—a pledge of relational continuity that, unlike a single satisfied transaction, persists across episodes and resists short-term temptation. Gundlach, Achrol, and Mentzer (1995) give the construct its standard internal structure, distinguishing three components that are now treated as conceptually (if not always empirically) separable:


	Affective (attitudinal) commitment: an emotional attachment and identification with the partner—staying because one wants to.

	Calculative (instrumental) commitment: a cost-based bond reflecting switching costs and the scarcity of alternatives—staying because leaving is expensive.

	Temporal/behavioral commitment: consistency of the bond over time, evidenced by durable inputs and pledges rather than momentary intentions.



Gundlach, Achrol, and Mentzer (1995) emphasize that genuine commitment requires inputs—credible, often irreversible investments that signal intent and would be costly to abandon—so commitment is revealed by what a party stakes, not merely by what it says. This is the logic of E. Anderson and Weitz (1992) on pledges: idiosyncratic investments and other self-binding actions build and sustain commitment in distribution channels precisely because they are hard to reverse, making the pledging party’s continuation credible to the other side. The asymmetry between the two motives is consequential downstream: affective commitment predicts advocacy and willingness to sacrifice, whereas purely calculative commitment can coexist with resentment and evaporates the moment a cheaper alternative appears—a distinction that reappears in Section 5.5 as the difference between true and spurious loyalty.



5.4 The Commitment–Trust Theory

The synthesis that organizes the field is the commitment–trust theory of R. M. Morgan and Hunt (1994), universally abbreviated KMV (for the “key mediating variables” model). Its central claim is a mediation hypothesis: relationship marketing succeeds not because relational inputs act directly on outcomes, but because they operate through commitment and trust, which are the key mediating variables standing between a set of relational antecedents and a set of relational outcomes. Trust additionally is a cause of commitment—one commits to a partner one trusts— so the two mediators are themselves ordered.

R. M. Morgan and Hunt (1994) specify five antecedents (relationship termination costs, relationship benefits, shared values, communication, and opportunistic behavior) and five outcomes (acquiescence, propensity to leave, cooperation, functional conflict, and decision-making uncertainty), with commitment and trust mediating between them. Figure 5.1 renders the core mediation skeleton. The model’s enduring influence comes from this architecture rather than from any single coefficient: it established that relational constructs are mediators, which means that a study which regresses an outcome directly on relationship investments—omitting trust and commitment—is mis-specified, and its direct effect is a reduced-form blend of the true structural paths.
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Figure 5.1: The commitment–trust (KMV) mediation skeleton. Relational antecedents act on relational outcomes only through the key mediating variables, trust and commitment; trust is also an antecedent of commitment. A model that omits the mediators mis-specifies the mechanism.









5.4.1 Estimating the mediation model

The KMV model is a structural-equation model in the sense of Section 3.3: each construct is latent, measured by reflective indicators, and the structural paths connect the latent variables. The chunk below simulates a compact version—two antecedents (shared values, communication) feeding trust, trust plus relationship benefits feeding commitment, and commitment driving acquiescence—each construct measured by three reflective items, then fits it in lavaan (Rosseel 2012) and recovers the structural paths. The point is the one R. M. Morgan and Hunt (1994) make conceptually: the antecedents’ effect on the outcome is indirect, routed through the mediators, and a structural model recovers that routing while a naive regression of the outcome on the antecedents would not.


set.seed(914)

have_lavaan <- requireNamespace("lavaan", quietly = TRUE)

n <- 800
# --- latent constructs (structural model) ---
shared <- rnorm(n)                              # shared values
comm   <- rnorm(n)                              # communication
trust  <- 0.45 * shared + 0.35 * comm + rnorm(n, sd = 0.7)
benef  <- rnorm(n)                              # relationship benefits
commit <- 0.50 * trust + 0.30 * benef + rnorm(n, sd = 0.7)
acquie <- 0.55 * commit + rnorm(n, sd = 0.8)    # acquiescence (outcome)

# --- reflective measurement: 3 indicators per construct ---
ind <- function(eta, lambdas) {
  sapply(lambdas, function(l) l * eta + rnorm(length(eta), sd = sqrt(1 - l^2)))
}
mk <- function(eta) ind(scale(eta), c(0.85, 0.78, 0.72))
dat <- data.frame(
  setNames(as.data.frame(mk(shared)), paste0("sv", 1:3)),
  setNames(as.data.frame(mk(comm)),   paste0("cm", 1:3)),
  setNames(as.data.frame(mk(trust)),  paste0("tr", 1:3)),
  setNames(as.data.frame(mk(benef)),  paste0("bn", 1:3)),
  setNames(as.data.frame(mk(commit)), paste0("co", 1:3)),
  setNames(as.data.frame(mk(acquie)), paste0("aq", 1:3))
)

if (have_lavaan) {
  kmv <- "
    SV =~ sv1 + sv2 + sv3
    CM =~ cm1 + cm2 + cm3
    TR =~ tr1 + tr2 + tr3
    BN =~ bn1 + bn2 + bn3
    CO =~ co1 + co2 + co3
    AQ =~ aq1 + aq2 + aq3
    TR ~ SV + CM
    CO ~ TR + BN
    AQ ~ CO
  "
  fit <- lavaan::sem(kmv, data = dat, std.lv = TRUE)
  pe  <- lavaan::parameterEstimates(fit, standardized = TRUE)
  print(pe[pe$op == "~", c("lhs", "rhs", "std.all", "pvalue")], row.names = FALSE)
  # Indirect effect of shared values on acquiescence (SV -> TR -> CO -> AQ)
  b <- function(l, r) pe$std.all[pe$op == "~" & pe$lhs == l & pe$rhs == r]
  cat(sprintf("\nIndirect SV -> AQ via TR, CO: %.3f\n",
              b("TR","SV") * b("CO","TR") * b("AQ","CO")))
} else {
  cat("lavaan unavailable; skipping KMV SEM demo.\n")
}
#>  lhs rhs std.all pvalue
#>   TR  SV   0.534      0
#>   TR  CM   0.309      0
#>   CO  TR   0.566      0
#>   CO  BN   0.272      0
#>   AQ  CO   0.529      0
#> 
#> Indirect SV -> AQ via TR, CO: 0.160




The recovered structural coefficients track the population paths, and the indirect-effect calculation makes the mediation explicit: shared values reach acquiescence only by first raising trust, which raises commitment, which raises acquiescence. Omitting the mediators would collapse this chain into a single attenuated direct effect and discard the mechanism the theory is about.




5.5 Loyalty

Loyalty is the downstream construct the relationship is built to produce, and it is the one most often mismeasured—because the behavior (repeat buying) and the attitude (commitment to the brand) can come apart. Dick and Basu (1994) give the field its organizing scheme by crossing relative attitude (how strongly, and how differentiated from alternatives, the consumer evaluates the brand) with repeat patronage (observed behavioral frequency), yielding four cells (Table 5.1):




Table 5.1: The Dick & Basu loyalty typology: loyalty as the conjunction of favorable relative attitude and repeat patronage (Dick and Basu 1994).





	
	High repeat patronage
	Low repeat patronage





	High relative attitude
	Loyalty (true)
	Latent loyalty



	Low relative attitude
	Spurious loyalty
	No loyalty










The typology’s payoff is diagnostic. Spurious loyalty—repeat buying without favorable attitude—looks identical to true loyalty in transaction data but is fragile, sustained by inertia, switching costs, or lack of alternatives rather than preference, and it collapses when a competitor removes the friction. Latent loyalty—favorable attitude without repeat buying—signals that situational or market barriers (stockouts, distribution gaps, budget constraints) suppress behavior the attitude would otherwise produce. The managerial prescriptions differ sharply across cells, which is the whole point: a firm reading only behavioral loyalty cannot tell a defensible franchise from a captive one, and will mis-allocate retention spending accordingly. This is the construct-to-measure gap of Figure 3.1 in operational dress—behavioral repeat purchase is a deficient and contaminated measure of the loyalty construct.


5.5.1 Loyalty as a developmental sequence

Richard L. Oliver (1999) deepens the static typology into a temporal one, arguing that loyalty develops through four phases, each vulnerable to a different competitive threat:


	Cognitive loyalty: preference grounded in beliefs about the brand’s attributes (information-based, hence vulnerable to better competitor information).

	Affective loyalty: a liking or attitude toward the brand built from cumulative satisfaction (vulnerable to competitor-induced dissatisfaction and to the affect’s own decay).

	Conative loyalty: a behavioral intention, a commitment to rebuy (vulnerable to counter-persuasion).

	Action loyalty: intention converted into action accompanied by a willingness to overcome obstacles—the only phase that is behaviorally inertial and hard for competitors to disrupt.



The sequence matters because it locates where a loyalty program or recovery effort must intervene: defending a merely cognitively loyal customer requires different levers than defending an action-loyal one, and the deepest loyalty is reached only when satisfaction has been converted, stage by stage, into a self-sustaining behavioral disposition. Oliver’s account also clarifies why satisfaction is necessary but not sufficient for loyalty—satisfaction feeds affective loyalty but must still be carried through the conative and action phases—anticipating the asymmetric, nonlinear satisfaction–loyalty link discussed below.



5.5.2 Visualizing the typology

The chunk below simulates consumers on the two Dick–Basu axes and classifies them into the four cells, illustrating how attitude and behavior dissociate and why a behavior-only measure conflates true with spurious loyalty.


set.seed(2718)
n <- 600

# Attitude and behavior are correlated but far from identical (rho ~ 0.45):
# the gap between them is where spurious and latent loyalty live.
rel_att  <- rnorm(n)
repeat_b <- 0.45 * rel_att + rnorm(n, sd = sqrt(1 - 0.45^2))

cell <- ifelse(rel_att > 0 & repeat_b > 0, "True loyalty",
        ifelse(rel_att > 0 & repeat_b <= 0, "Latent loyalty",
        ifelse(rel_att <= 0 & repeat_b > 0, "Spurious loyalty", "No loyalty")))

cat("Cell counts:\n"); print(table(cell))
#> Cell counts:
#> cell
#>   Latent loyalty       No loyalty Spurious loyalty     True loyalty 
#>              102              183              112              203
cat(sprintf("\nShare of repeat buyers (behavior > 0) that are SPURIOUS: %.1f%%\n",
            100 * mean(cell[repeat_b > 0] == "Spurious loyalty")))
#> 
#> Share of repeat buyers (behavior > 0) that are SPURIOUS: 35.6%

plot(repeat_b, rel_att, col = factor(cell), pch = 19, cex = 0.5,
     xlab = "Repeat patronage (behavior)", ylab = "Relative attitude",
     main = "Dick & Basu loyalty space")
abline(h = 0, v = 0, lty = 2)
legend("topleft", legend = levels(factor(cell)),
       col = 1:4, pch = 19, cex = 0.7, bty = "n")





[image: ]

Simulated consumers in the Dick & Basu loyalty space. Repeat behavior alone (the horizontal axis) cannot separate true loyalty from spurious loyalty; relative attitude (the vertical axis) is what distinguishes them.







A sizeable share of the repeat buyers turn out to be spurious loyals—high behavior, low attitude—who would be invisible to a churn model trained on transactions alone. That is the empirical cost of treating a convenient behavioral metric as if it were the construct.




5.6 Relationship Quality: A Higher-Order Construct

Trust, commitment, and satisfaction co-vary so strongly in relational settings that a literature treats them as facets of a single higher-order construct, relationship quality—the overall strength of a relationship, of which the three are reflective sub-dimensions (Hennig-Thurau, Gwinner, and Gremler 2002; Garbarino and Johnson 1999). Garbarino and Johnson (1999) show the facets are not interchangeable across customer types: for low-relational customers, overall satisfaction drives future intentions, whereas for high-relational customers, trust and commitment carry the predictive load. This is a moderation result with a measurement moral—the same battery of items maps onto behavior differently depending on relationship stage, so a model that imposes one structure on a mixed customer base will fit neither segment well.

The second-order structure is itself a testable measurement model. The chunk fits a second-order CFA in which a single relationship-quality factor explains the covariation among first-order trust, commitment, and satisfaction factors, each with its own reflective indicators—the construct-validity machinery of 1 applied to a relational battery.


set.seed(4040)
n <- 700

# One second-order factor RQ drives three first-order factors,
# each measured by three reflective items.
RQ   <- rnorm(n)
trust  <- 0.80 * RQ + rnorm(n, sd = 0.6)
commit <- 0.75 * RQ + rnorm(n, sd = 0.6)
satis  <- 0.70 * RQ + rnorm(n, sd = 0.6)

mk <- function(eta, lam = c(0.85, 0.80, 0.74))
  sapply(lam, function(l) l * scale(eta) + rnorm(length(eta), sd = sqrt(1 - l^2)))
rq_dat <- data.frame(
  setNames(as.data.frame(mk(trust)),  paste0("tr", 1:3)),
  setNames(as.data.frame(mk(commit)), paste0("co", 1:3)),
  setNames(as.data.frame(mk(satis)),  paste0("sa", 1:3))
)

if (have_lavaan) {
  rq_mod <- "
    TR =~ tr1 + tr2 + tr3
    CO =~ co1 + co2 + co3
    SA =~ sa1 + sa2 + sa3
    RQ =~ TR + CO + SA          # second-order relationship-quality factor
  "
  fit <- lavaan::cfa(rq_mod, data = rq_dat, std.lv = TRUE)
  pe  <- lavaan::parameterEstimates(fit, standardized = TRUE)
  cat("Second-order loadings (RQ -> facets):\n")
  print(pe[pe$op == "=~" & pe$lhs == "RQ", c("rhs", "std.all")], row.names = FALSE)
  fm <- lavaan::fitMeasures(fit, c("cfi", "rmsea", "srmr"))
  cat(sprintf("\nFit: CFI=%.3f  RMSEA=%.3f  SRMR=%.3f\n", fm[1], fm[2], fm[3]))
} else {
  cat("lavaan unavailable; skipping relationship-quality CFA.\n")
}
#> Second-order loadings (RQ -> facets):
#>  rhs std.all
#>   TR   0.794
#>   CO   0.786
#>   SA   0.765
#> 
#> Fit: CFI=0.999  RMSEA=0.013  SRMR=0.018




When the second-order loadings are high and the model fits, relationship quality is defensible as a single construct; when a facet loads weakly, the data are saying that facet carries relationship-specific information the umbrella construct discards—the same reflective/formative judgment call of Table 3.1, now at the level of whether three constructs are one.



5.7 Consequences and Antecedents: The Meta-Analytic Evidence

Because the relational constructs have been measured in hundreds of studies, the most authoritative statements about them are meta-analytic. Palmatier et al. (2006) synthesize the relationship-marketing literature and deliver several findings that discipline the individual-study noise:


	Commitment and trust are the central mediators, but they do not mediate equally: relational antecedents that build trust and commitment translate into performance, and objective relationship outcomes (e.g., exchange performance) are predicted better by some constructs than the seller’s financial performance is.

	Relationship investments and relationship benefits are among the strongest antecedents, consistent with the social-exchange logic of Section 5.1.

	The constructs’ effects are stronger in service than in product contexts and in channel/B2B than in consumer settings, because relational governance matters most where exchange is ongoing, customized, and hard to contract on completely.



Palmatier, Dant, and Grewal (2007) push further by pitting theoretical perspectives against one another longitudinally, and Palmatier et al. (2013) add a dynamic construct—relationship velocity, the rate and direction of change in relationship quality—showing that the trajectory of a relationship predicts performance beyond its current level, so two relationships of equal present quality diverge in value depending on whether they are improving or decaying. On the outcome side, Verhoef, Franses, and Hoekstra (2002) link relational constructs to customer referrals and cross-buying, and Watson et al. (2015) review how loyalty is built, measured, and—crucially—monetized, integrating the attitudinal/behavioral distinction with the customer-lifetime-value machinery of Chapter 15. Chaudhuri and Holbrook (2001) close the loop to brand outcomes: brand trust and brand affect drive both purchase and attitudinal loyalty, and through them market-share and relative-price outcomes, tying the relational constructs of this chapter to the brand constructs of Chapter 11.



5.8 Disciplining Findings

As with satisfaction (Chapter 4), the relational constructs invite a naive maximization that the evidence does not support. Three findings discipline it.

First, loyalty is not automatically profitable. The presumption that loyal customers cost less to serve, pay more, and spread favorable word of mouth holds only conditionally; Watson et al. (2015) and the broader loyalty literature document that behavioral loyalty unaccompanied by attitudinal loyalty (the spurious cell of Table 5.1) often reflects captivity rather than preference and carries little of loyalty’s promised margin. Managing the behavioral metric without the attitude can buy retention that does not pay.

Second, the satisfaction–loyalty link is asymmetric and nonlinear. Oliver’s phase model (Section 5.5.1) and the delight research of Richard L. Oliver, Rust, and Varki (1997) imply that satisfaction must be carried through successive phases to yield action loyalty, and that merely meeting expectations secures far less loyalty than exceeding them into delight—while dissatisfaction destroys loyalty faster than satisfaction builds it, echoing the loss-aversion asymmetry priced by markets in Chapter 4.

Third, relationships have a dark side. The same idiosyncratic investments and pledges that build commitment (E. Anderson and Weitz 1992; Gundlach, Achrol, and Mentzer 1995) also create lock-in, complacency, and vulnerability to opportunism; J. Aaker, Fournier, and Brasel (2004) show that strong consumer–brand relationships make transgressions more damaging, not less, because a trusted partner’s betrayal violates a stronger expectation. Commitment, in other words, raises the stakes of Equation 5.1: the deeper the relationship, the larger the loss LL a betrayal inflicts, and the more a single failure can cost. Relationship strength is an asset that is also a hostage.



5.9 Connections

The relational constructs sit at the center of the book’s construct map. Their measurement is the reflective-construct theory of 1; their upstream driver is the satisfaction of Chapter 4; their monetization is the customer-lifetime-value and loyalty-program material of Chapter 15; and their brand-level expression—brand trust, brand attachment, brand love—is developed among the brand-and-self constructs and in Chapter 11. The KMV mediation logic also recurs whenever a marketing input is theorized to work through a psychological state rather than on behavior directly, which is most of the time.



5.10 Key Takeaways


	The relational turn (Dwyer, Schurr, and Oh 1987) relocated marketing’s object of study from the discrete transaction to the ongoing relationship, making trust, commitment, and loyalty the central intangibles—latent constructs measured reflectively, inheriting every reliability and validity concern of 1.

	Trust is a two-dimensional belief—credibility (competence) and benevolence (motive)—and a willingness to rely distinct from the belief itself (Moorman, Zaltman, and Deshpandé 1992; Moorman, Deshpandé, and Zaltman 1993); it supports reliance only when confidence clears a stake-dependent threshold (Equation 5.1).

	Commitment is multi-component—affective, calculative, temporal (Gundlach, Achrol, and Mentzer 1995)—and is revealed by credible, costly pledges rather than stated intent (E. Anderson and Weitz 1992); affective and calculative commitment have sharply different downstream behavior.

	The commitment–trust (KMV) theory (R. M. Morgan and Hunt 1994) establishes trust and commitment as the key mediating variables between relational antecedents and outcomes; the model is a latent-variable SEM (Section 5.4.1), and omitting the mediators mis-specifies the mechanism.

	Loyalty is the conjunction of favorable relative attitude and repeat patronage (Dick and Basu 1994), developing through cognitive → affective → conative → action phases (Richard L. Oliver 1999); behavior-only measures cannot separate true from spurious loyalty (Table 5.1).

	Meta-analytic evidence makes commitment and trust the central mediators, strongest in service and B2B settings (Palmatier et al. 2006), with relationship velocity adding a dynamic dimension (Palmatier et al. 2013) and loyalty monetized through CLV (Watson et al. 2015; Verhoef, Franses, and Hoekstra 2002; Chaudhuri and Holbrook 2001).

	Disciplining findings: loyalty is profitable only conditionally, the satisfaction–loyalty link is asymmetric and nonlinear (Richard L. Oliver, Rust, and Varki 1997), and strong relationships amplify the damage of betrayal (J. Aaker, Fournier, and Brasel 2004)—commitment raises the stakes of trust, not just its rewards.





5.11 Further Reading

The foundational relational-turn statement is Dwyer, Schurr, and Oh (1987); the trust conceptualization is Moorman, Zaltman, and Deshpandé (1992) and Moorman, Deshpandé, and Zaltman (1993), and the commitment structure is Gundlach, Achrol, and Mentzer (1995) with E. Anderson and Weitz (1992) on pledges. The canonical synthesis is the commitment–trust theory of R. M. Morgan and Hunt (1994), extended longitudinally by Palmatier, Dant, and Grewal (2007) and dynamically by Palmatier et al. (2013). On loyalty, read Dick and Basu (1994) for the typology and Richard L. Oliver (1999) for the phase model, with Watson et al. (2015) for the modern measurement-and-monetization integration. The meta-analytic anchor is Palmatier et al. (2006); the customer-type moderation is Garbarino and Johnson (1999); the relational-benefits and relationship-quality integration is Hennig-Thurau, Gwinner, and Gremler (2002); and the consumer–brand-relationship and dark-side strands run through Fournier (1998) and J. Aaker, Fournier, and Brasel (2004) into Chapter 11.





6 Perceived Quality, Value, and Risk

Satisfaction (Chapter 4) is a post-purchase judgment; the relational constructs (Chapter 5) accumulate across purchases. Flanking both is a family of evaluative constructs that operate before and during the purchase decision and feed it: perceived quality (a judgment of a product’s overall excellence or superiority), perceived value (the consumer’s assessment of what is received relative to what is given up), and perceived risk (the anticipated loss from uncertainty about a purchase’s consequences). These three are the cognitive workhorses of consumer evaluation. They are perceptual—deliberately so: what governs choice is not a product’s engineering quality, its accounting price, or its objective failure rate, but the consumer’s perception of each, and the gap between the objective quantity and the perception is exactly the construct-to-measure problem of 1 seen from the consumer’s side rather than the researcher’s.

This chapter develops the three as a connected system organized by a single backbone—the means–end chain in which concrete attributes are read into abstract quality, quality is traded against sacrifice to yield value, and value (net of perceived risk) drives the willingness to buy. We treat perceived quality first, including its most developed special case, service quality and the SERVQUAL/SERVPERF debate; then perceived value and its measurement; then perceived risk and its decomposition; and finally the integrated chain that links them to satisfaction and behavioral intention. A recurring methodological thread is the difference score—the P−EP - E gap that several of these constructs are tempted to operationalize—whose poor reliability (a direct consequence of Equation 3.5) is the sharpest measurement lesson the chapter has to teach.


6.1 The Means–End Chain

The organizing framework is Zeithaml (1988), whose synthesis of the price–quality–value literature gives the family its structure. Consumers do not evaluate products on raw attributes; they abstract upward. Low-level intrinsic and extrinsic cues (an ingredient, a price tag, a brand name) are read into a higher-level perception of quality, quality is weighed against the sacrifice required to obtain it (monetary price plus non-monetary costs of time and effort) to yield perceived value, and value drives purchase. Figure 6.1 renders the chain. Three of Zeithaml’s distinctions are load-bearing for the rest of the chapter. First, perceived quality is not objective quality: it is a global judgment of superiority, more abstract than any specific attribute and formed partly from cues that are only probabilistically related to true quality. Second, price is double-edged—it is a sacrifice (lowering value) and simultaneously a cue to quality (raising perceived quality), so its net effect on value is theoretically ambiguous and empirically contingent. Third, value is idiosyncratic: because both the benefit and the sacrifice sides are perceptual and weighted by the individual, the same offering carries different value to different consumers, which is why value—not quality—is the construct closest to choice.
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Figure 6.1: The means–end chain of evaluative constructs. Concrete cues are abstracted into perceived quality; quality net of perceived sacrifice yields perceived value; value net of perceived risk drives willingness to buy. Price enters twice—as a sacrifice and as a quality cue—so its net effect on value is contingent.










6.2 Perceived Quality

Perceived quality is the consumer’s judgment about a product’s overall excellence or superiority (Zeithaml 1988). Steenkamp (1990) models the perception process itself: a consumer encounters quality cues—observable signals—and forms quality attributes—benefit beliefs—through a cue-acquisition and integration process shaped by personal and situational factors. Cues divide into intrinsic (physically part of the product: ingredients, performance, design) and extrinsic (price, brand name, packaging, warranty, country of origin). The extrinsic cues matter because they are available before consumption and are used most heavily exactly when intrinsic quality is hard to assess—an information-economics point: under quality uncertainty, observable signals substitute for unobservable substance, which is why brand and price carry quality information and why that information can be exploited or misled. This links perceived quality to the signaling treatment of brand value in Chapter 11, where a high price or heavy advertising spend functions as a costly, hence credible, quality signal.

The measurement consequence is that perceived quality is a reflective latent construct (1) standing behind multiple cue-based and attribute-based indicators, distinct both from objective quality (which it tracks only imperfectly) and from satisfaction (which adds the affective, post-consumption, expectation-relative component of Chapter 4). Conflating perceived quality with satisfaction is a recurrent discriminant-validity failure: the two correlate highly but are theoretically separable—quality is a relatively stable attitude, while satisfaction is a transaction-specific, expectation-anchored reaction.



6.3 Service Quality: The Gap Model and the SERVQUAL/SERVPERF Debate

Quality’s most developed special case is service quality, where intangibility and production–consumption simultaneity make objective measurement nearly impossible and the perceptual construct is all there is. Parasuraman, Zeithaml, and Berry (1985) give the canonical conceptualization: service quality is the gap between customer expectations and perceptions of performance, and that overall gap (Gap 5) is the downstream sum of four organizational gaps—between what customers expect and what management thinks they expect (Gap 1), between management perceptions and service specifications (Gap 2), between specifications and actual delivery (Gap 3), and between delivery and external communications (Gap 4). Figure 6.2 renders the gap chain. The model’s enduring value is that it decomposes a perceptual outcome into addressable managerial causes.
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Figure 6.2: The PZB service-quality gap model. The customer-side quality gap (Gap 5, expectations vs. perceptions) is produced by four upstream provider-side gaps; closing service quality means closing each.








Operationally, Parasuraman, Zeithaml, and Berry (1988) turn Gap 5 into the SERVQUAL instrument: 22 paired items measuring expectations and perceptions across five dimensions—tangibles, reliability, responsiveness, assurance, and empathy—with the service-quality score defined as the perception-minus-expectation difference P−EP - E on each item. This difference-score operationalization is where a sharp methodological fight begins. Cronin and Taylor (1992) argue, both conceptually and empirically, that the expectation-subtraction is unnecessary and harmful: a performance-only measure (SERVPERF, the PP items alone) predicts overall service quality and behavioral intention better than the P−EP - E gap, while using half as many items. Brady and Cronin (2001) then reconcile and extend the dimensional structure into a hierarchical model in which overall service quality is a third-order construct built from primary dimensions (interaction, environment, outcome quality), each with sub-dimensions—a structure that maps directly onto a higher-order reflective measurement model.


6.3.1 Why the difference score loses: an attenuation argument

The SERVPERF critique is not merely empirical; it follows from classical test theory. A difference score D=P−ED = P - E between two positively correlated, separately unreliable measures is less reliable than its components, because differencing cancels the shared true-score variance the two share while adding their error variances. With component reliabilities ρP,ρE\rho_P,\rho_E, variances σP2,σE2\sigma_P^2,\sigma_E^2, and correlation ρPE\rho_{PE}, the reliability of the difference is

ρDD=ρPσP2+ρEσE2−2ρPEσPσEσP2+σE2−2ρPEσPσE,(6.1)
\rho_{DD} = \frac{\rho_P\,\sigma_P^2 + \rho_E\,\sigma_E^2 - 2\,\rho_{PE}\,\sigma_P\sigma_E}
{\sigma_P^2 + \sigma_E^2 - 2\,\rho_{PE}\,\sigma_P\sigma_E},
 \qquad(6.1)

which falls below the component reliabilities precisely when PP and EE are highly correlated—the normal case, since people who expect more also tend to perceive more. By the attenuation logic of Equation 3.6, a less reliable predictor produces more attenuated, noisier downstream coefficients, so the gap score is a worse regressor than the raw perception. The chunk below demonstrates the effect: it simulates correlated expectation and perception scores of known reliability and shows that the P−EP - E difference is markedly less reliable than PP alone, and predicts an outcome worse.


set.seed(1988)
n <- 5000

# True latent expectation and perception, positively correlated (rho = 0.6)
L  <- chol(matrix(c(1, 0.6, 0.6, 1), 2))
TT <- matrix(rnorm(n * 2), n, 2) %*% L
Te <- TT[, 1]; Tp <- TT[, 2]

# Add classical error so each observed score has reliability 0.75
rel <- 0.75
add_err <- function(t) t + rnorm(length(t), sd = sqrt((1 - rel) / rel))
E <- add_err(Te); P <- add_err(Tp)
D <- P - E                                  # SERVQUAL gap score

# Reliability via correlation with a second parallel measurement
parallel <- function(t) t + rnorm(length(t), sd = sqrt((1 - rel) / rel))
rel_of <- function(x_true, x1) {
  x2 <- parallel(x_true); cor(x1, x2)       # parallel-forms reliability estimate
}
relP <- cor(P, parallel(Tp))
# difference of two parallel difference scores
D2 <- parallel(Tp) - parallel(Te)
relD <- cor(D, D2)

# Outcome driven by true perception; compare predictive R^2 of P vs D
y <- 0.5 * Tp + rnorm(n)
r2 <- function(x) summary(lm(y ~ x))$r.squared

cat(sprintf("Reliability of perception P alone : %.3f\n", relP))
#> Reliability of perception P alone : 0.761
cat(sprintf("Reliability of gap score D = P-E  : %.3f\n", relD))
#> Reliability of gap score D = P-E  : 0.548
cat(sprintf("Predictive R^2, y ~ P             : %.3f\n", r2(P)))
#> Predictive R^2, y ~ P             : 0.161
cat(sprintf("Predictive R^2, y ~ D (gap)       : %.3f\n", r2(D)))
#> Predictive R^2, y ~ D (gap)       : 0.021




The gap score is the less reliable and the less predictive of the two, reproducing the SERVPERF finding from first principles: subtracting expectations throws away reliable signal and keeps error. The general moral—stated in 1 and recurring whenever a construct is tempted into a difference—is that change and gap operationalizations carry a reliability penalty that must be weighed against whatever conceptual appeal the subtraction has.




6.4 Perceived Value

Perceived value is the consumer’s overall assessment of the utility of a product based on perceptions of what is received and what is given (Zeithaml 1988). The get-versus-give structure is its defining feature, and it makes value a ratio-like or difference-like trade-off rather than a single judgment:

Value=f(perceived benefits⏟quality, emotional, social,perceived sacrifice⏟price, time, effort, risk),(6.2)
\text{Value} = f\big(\underbrace{\text{perceived benefits}}_{\text{quality, emotional, social}},\
\underbrace{\text{perceived sacrifice}}_{\text{price, time, effort, risk}}\big),
 \qquad(6.2)

increasing in benefits and decreasing in sacrifice. Dodds, Monroe, and Grewal (1991) trace the chain experimentally: price, brand, and store information shape perceived quality and perceived sacrifice, which jointly determine perceived value and thence willingness to buy—and they document price’s dual role, where a higher price raises perceived quality (a positive cue effect) even as it raises perceived monetary sacrifice (a negative effect), so its net effect on value depends on which dominates. D. Grewal, Monroe, and Krishnan (1998) sharpen the benefit side by splitting value into acquisition value (the benefit of acquiring the product net of the money paid) and transaction value (the psychological pleasure of getting a good deal, driven by the gap between the price paid and an internal reference price)—a decomposition that explains why discounts and reference-price framing move purchase intention beyond their effect on the absolute price.

Value is also multidimensional, not purely cognitive-economic. Sweeney and Soutar (2001) develop the PERVAL scale, decomposing consumer perceived value into four dimensions—functional (quality/performance), economic (price/value-for-money), emotional, and social—and showing each predicts purchase and willingness to recommend. The emotional and social dimensions matter because they make value irreducible to a quality-over-price ratio: a product can carry value through the feelings it evokes or the social approval it confers, which is the bridge from this chapter to the brand-and-self constructs that follow. The multidimensionality also raises a reflective/formative question (Table 3.1): if the four dimensions are distinct components a consumer weights, value is partly formative; if they are correlated manifestations of an overall value judgment, it is reflective—a modeling decision, not a data one.


6.4.1 The quality → value → intention chain

The constructs nest into a chain that Cronin, Brady, and Hult (2000) and Bolton and Drew (1991) estimate: perceived quality feeds perceived value, value (and satisfaction) feeds behavioral intention. The chunk fits this mediation in lavaan (Rosseel 2012), with quality, value, and intention each measured by reflective indicators, recovering the result that quality reaches intention largely through value rather than directly—the empirical content of placing value closer to choice than quality in the means–end chain.


set.seed(2001)
have_lavaan <- requireNamespace("lavaan", quietly = TRUE)

n <- 700
quality   <- rnorm(n)
value     <- 0.6 * quality + rnorm(n, sd = 0.7)        # quality -> value
intention <- 0.55 * value + 0.10 * quality + rnorm(n, sd = 0.7)  # mostly via value

mk <- function(eta, lam = c(0.85, 0.80, 0.75))
  sapply(lam, function(l) l * scale(eta) + rnorm(length(eta), sd = sqrt(1 - l^2)))
dat <- data.frame(
  setNames(as.data.frame(mk(quality)),   paste0("q", 1:3)),
  setNames(as.data.frame(mk(value)),     paste0("v", 1:3)),
  setNames(as.data.frame(mk(intention)), paste0("i", 1:3))
)

if (have_lavaan) {
  mod <- "
    Q =~ q1 + q2 + q3
    V =~ v1 + v2 + v3
    I =~ i1 + i2 + i3
    V ~ a*Q
    I ~ b*V + c*Q
    indirect := a*b
    direct   := c
  "
  fit <- lavaan::sem(mod, data = dat, std.lv = TRUE)
  pe  <- lavaan::parameterEstimates(fit, standardized = TRUE)
  print(pe[pe$op %in% c("~", ":="), c("lhs", "op", "rhs", "std.all", "pvalue")],
        row.names = FALSE)
} else {
  cat("lavaan unavailable; skipping value-chain SEM.\n")
}
#>       lhs op rhs std.all pvalue
#>         V  ~   Q   0.683  0.000
#>         I  ~   V   0.519  0.000
#>         I  ~   Q   0.129  0.029
#>  indirect := a*b   0.354  0.000
#>    direct :=   c   0.129  0.029




The indirect path quality → value → intention dominates the residual direct path, confirming value’s role as the proximal driver and quality’s as a distal one mediated by it—exactly the ordering Zeithaml (1988) posits and Cronin, Brady, and Hult (2000) estimate.




6.5 Perceived Risk

The sacrifice side of value includes a term that deserves its own construct: perceived risk, the consumer’s anticipation of potential loss in pursuing a desired outcome under uncertainty. The idea originates with R. A. Bauer (1960), who reframed consumer behavior as risk taking: any purchase has consequences the consumer cannot anticipate with certainty, some unpleasant, so buying is an act under uncertainty and much consumer behavior is best understood as risk reduction. The standard formalization makes risk the product of two components—the uncertainty that an outcome is adverse and the consequence (importance/magnitude) of that adverse outcome:

Perceived risk=∑jPr(lossj)×Importance(lossj),(6.3)
\text{Perceived risk} = \sum_{j} \Pr(\text{loss}_j)\times \text{Importance}(\text{loss}_j),
 \qquad(6.3)

summed over loss types jj. Dowling and Staelin (1994) refine the construct by distinguishing product-category risk (inherent to the category) from product-specific risk (the particular alternative relative to the category), and show that perceived risk above a person-specific threshold triggers risk-handling activity—external search, brand loyalty, reliance on warranties and reputation—so risk is an antecedent of the very information search and brand reliance that other constructs in this book treat as outcomes. V.-W. Mitchell (1999) catalogs the dimensions of loss the sum in 2 runs over—financial, performance (functional), physical, psychological, social, and time risk—and the models used to combine them, noting that perceived risk often predicts behavior better than expected-utility formulations because consumers are loss-focused, weighting the consequence side heavily (the loss-aversion theme that recurs from Chapter 4 through to asset-pricing).

The managerial reading of 2 is that risk is reduced along either factor: lower the probability of loss (guarantees, free trials, return policies, reviews) or lower the consequence (smaller commitments, modularity, insurance). The chunk simulates a population facing a risky purchase, scores perceived risk as probability × consequence summed over loss types, and shows how a money-back guarantee (which truncates the financial-loss consequence) shifts the risk distribution and the share of consumers above a purchase-blocking risk threshold.


set.seed(1960)
n <- 4000

# Three loss types: financial, performance, social.
# Each consumer has a perceived loss probability and a consequence weight.
ploss  <- cbind(fin = runif(n, 0, .6), perf = runif(n, 0, .5), soc = runif(n, 0, .4))
conseq <- cbind(fin = runif(n, .5, 1), perf = runif(n, .4, 1), soc = runif(n, .2, .8))

risk_baseline <- rowSums(ploss * conseq)                 # eq-eval-risk

# A money-back guarantee cuts the *consequence* of financial loss by ~80%.
conseq_g <- conseq; conseq_g[, "fin"] <- conseq_g[, "fin"] * 0.2
risk_guarantee <- rowSums(ploss * conseq_g)

thr <- quantile(risk_baseline, 0.5)                      # purchase-blocking threshold
cat(sprintf("Mean perceived risk, baseline      : %.3f\n", mean(risk_baseline)))
#> Mean perceived risk, baseline      : 0.503
cat(sprintf("Mean perceived risk, with guarantee: %.3f\n", mean(risk_guarantee)))
#> Mean perceived risk, with guarantee: 0.323
cat(sprintf("Share above blocking threshold, baseline      : %.1f%%\n",
            100 * mean(risk_baseline > thr)))
#> Share above blocking threshold, baseline      : 50.0%
cat(sprintf("Share above blocking threshold, with guarantee: %.1f%%\n",
            100 * mean(risk_guarantee > thr)))
#> Share above blocking threshold, with guarantee: 11.1%




The guarantee lowers mean perceived risk and—more decisively for conversion—shrinks the share of consumers whose perceived risk exceeds the threshold that blocks purchase, illustrating why risk-reduction instruments earn their keep by acting on the consequence term of 2 rather than on product quality at all.



6.6 The Integrated Evaluation and Its Discriminant-Validity Problem

Assembled, the chapter’s constructs form the evaluation that precedes and produces satisfaction: cues → perceived quality → perceived value (net of perceived risk) → willingness to buy → purchase → satisfaction → the relational constructs of Chapter 5. Cronin, Brady, and Hult (2000) estimate the quality–value–satisfaction–intentions portion jointly and find all three constructs contribute, with value and satisfaction the more proximal drivers of intention. The integration creates a measurement hazard worth naming. Perceived quality, perceived value, and satisfaction are highly intercorrelated and are routinely measured with similar Likert batteries on the same survey, which invites both common-method variance (1) and discriminant-validity failure: if the AVE of each construct does not exceed its squared correlations with the others (Equation 3.9, the Fornell–Larcker test), the data are saying the “three” constructs are empirically one, and any structural model that orders them is fitting noise. The discipline the evaluative family most needs is therefore the discriminant-validity battery of 1, applied before the quality → value → satisfaction chain is estimated, not after.



6.7 Key Takeaways


	The evaluative constructs sit on a means–end chain (Zeithaml 1988): cues → perceived quality → perceived value (net of perceived risk) → willingness to buy. All are perceptual, distinct from their objective counterparts, and price enters twice —as a sacrifice and as a quality cue—so its net effect on value is contingent (Dodds, Monroe, and Grewal 1991).

	Perceived quality is a global excellence judgment formed from intrinsic and extrinsic cues (Steenkamp 1990); extrinsic cues (price, brand) carry quality information under uncertainty, linking to brand signaling (Chapter 11), and quality is separable from satisfaction despite high correlation.

	Service quality is the expectation–perception gap decomposed into four provider-side gaps (Parasuraman, Zeithaml, and Berry 1985) and operationalized by SERVQUAL’s five dimensions (Parasuraman, Zeithaml, and Berry 1988); the SERVPERF critique (Cronin and Taylor 1992) and the hierarchical model (Brady and Cronin 2001) show a performance-only measure outperforms the P−EP-E gap—because difference scores are less reliable than their components (Equation 6.1), an attenuation result from

	




	Perceived value is a get-versus-give trade-off (Equation 6.2), split into acquisition vs. transaction value (D. Grewal, Monroe, and Krishnan 1998) and into functional, economic, emotional, and social dimensions (Sweeney and Soutar 2001); value is the proximal driver of intention, mediating quality (Cronin, Brady, and Hult 2000; Bolton and Drew 1991).

	Perceived risk is probability × consequence of loss summed over loss types

	(R. A. Bauer 1960; V.-W. Mitchell 1999); it triggers risk-handling activity above a threshold (Dowling and Staelin 1994), and risk-reduction instruments (guarantees, trials) work by cutting the consequence term, not quality.




	The three constructs plus satisfaction are highly intercorrelated; the discriminant-validity battery (Fornell–Larcker, Equation 3.9) and common-method-variance controls of 1 must precede any structural ordering of them.





6.8 Further Reading

The synthesizing statement is Zeithaml (1988); the quality-perception process is Steenkamp (1990). For service quality, read Parasuraman, Zeithaml, and Berry (1985) for the gap model and Parasuraman, Zeithaml, and Berry (1988) for the instrument, then Cronin and Taylor (1992) for the SERVPERF critique and Brady and Cronin (2001) for the hierarchical reconciliation. On value, Dodds, Monroe, and Grewal (1991) and D. Grewal, Monroe, and Krishnan (1998) develop the price–quality–value chain and the acquisition/transaction split, and Sweeney and Soutar (2001) the multidimensional PERVAL scale; Cronin, Brady, and Hult (2000) and Bolton and Drew (1991) estimate the integrated quality–value–satisfaction–intentions model. On perceived risk, the origin is R. A. Bauer (1960), the refinement Dowling and Staelin (1994), and the survey of dimensions and models V.-W. Mitchell (1999). The measurement cautions—difference-score unreliability and discriminant validity—trace to the apparatus of 1.





7 Brand Equity, Attachment, and the Self

The constructs of the previous two chapters describe how consumers evaluate offerings (Chapter 6) and bond with sellers (Chapter 5). This chapter turns to the construct that is, for many firms, the single most valuable intangible they own: the brand, as it lives in the consumer’s mind. We treat the brand not as the firm-side financial asset—that is the subject of Chapter 11, which develops brand valuation, signaling, and the market’s pricing of brands—but as a consumer psychological construct: the network of awareness, associations, personality, and emotional bonds that a brand name activates, and that causes a consumer to respond to the branded offering differently from how they would respond to an identical unbranded one. That differential response is the construct, and it is the thread connecting everything below.

The chapter builds from the most cognitive of these constructs to the most affective and identity-laden. We begin with customer-based brand equity (CBBE), the knowledge-based foundation; add brand personality, the brand-as-person layer of associations; then the affective bonds of brand attachment and brand love; and finally the identity constructs—self–brand connection and consumer–company identification—where the brand becomes a resource the consumer uses to construct and signal the self. A unifying concern is discriminant validity (1): this is the most crowded construct neighborhood in marketing, and brand attitude, attachment, love, identification, and self-connection overlap enough that distinguishing them empirically is a genuine and recurring challenge rather than a formality.


7.1 Customer-Based Brand Equity

The foundational construct is customer-based brand equity, defined by Keller (1993) as the differential effect of brand knowledge on consumer response to the marketing of the brand. The definition is operational and causal: brand equity exists to the extent that consumers respond more favorably to a marketing action (a product, a price, an ad) when it is attributed to the brand than when the same action is attributed to an unnamed or fictitiously named version. The construct’s content is brand knowledge, which Keller (1993) decomposes into two dimensions:


	Brand awareness: the strength of the brand node in memory, comprising recognition (can the consumer identify the brand when cued?) and recall (does the brand come to mind in a purchase situation?).

	Brand image: the set of brand associations held in memory, evaluated on their strength (how reliably they activate), favorability (how positively valued), and uniqueness (how distinct from competitors). Associations span attributes, benefits, and attitudes.



Yoo and Donthu (2001) operationalize a multidimensional CBBE scale, recovering perceived quality, brand loyalty, and brand awareness/associations as measurable facets. Whether brand equity is best modeled as a reflective construct (a latent equity causing its indicators) or a formative index (built from distinct dimensions) is a live and unsettled dispute, exactly the reflective/formative decision of Table 3.1—and the stakes are real, since the wrong specification invalidates the reliability and validity diagnostics one then applies (Keller and Lehmann 2006a). The branding chapter (Chapter 11) returns to this in the context of brand valuation.


7.1.1 Operationalizing the differential-response definition

Keller’s definition is directly simulable, and doing so clarifies what “brand equity” is as a measured quantity. Consider an identical marketing action—say, a modest price premium—presented to two matched groups of consumers, one seeing the action under a known brand and one under an unbranded control. Brand equity is the difference in response between the two, and it manifests statistically as a brand × action interaction: the slope of response on the marketing variable differs by branding condition. The chunk below simulates this and recovers brand equity as that interaction, the cleanest operational statement of Keller (1993).


set.seed(1993)
n <- 2000

branded <- rbinom(n, 1, 0.5)              # 1 = known brand, 0 = unbranded control
price_premium <- runif(n, 0, 1)           # the identical marketing action

# Unbranded buyers punish a premium; branded buyers tolerate it.
# Brand equity = the *differential* response = the interaction coefficient.
intent <- 3.0 - 1.6 * price_premium +                    # base premium aversion
          1.4 * branded * price_premium +                # equity: premium tolerated
          0.3 * branded +                                # baseline brand lift
          rnorm(n, sd = 0.8)

fit <- lm(intent ~ price_premium * branded)
co  <- summary(fit)$coefficients
cat("Differential-response (brand equity) = interaction term:\n")
#> Differential-response (brand equity) = interaction term:
print(round(co["price_premium:branded", ], 3))
#>   Estimate Std. Error    t value   Pr(>|t|) 
#>      1.390      0.126     11.008      0.000
cat(sprintf("\nPremium slope, unbranded: %.2f\nPremium slope, branded  : %.2f\n",
            co["price_premium", 1],
            co["price_premium", 1] + co["price_premium:branded", 1]))
#> 
#> Premium slope, unbranded: -1.57
#> Premium slope, branded  : -0.18




The interaction is brand equity made numeric: under the brand, the same price premium destroys far less purchase intent. A firm that measured only the level of intent (the main effect of branded) would understate the asset, because the most valuable thing the brand buys is not a constant lift but a flatter response to adverse marketing actions— price tolerance, defense against competitor moves, resilience to a misstep. That resilience is also why strong brands are double-edged (the dark-side finding of Chapter 5): the same equity that buffers small failures raises the expectation a large failure violates (J. Aaker, Fournier, and Brasel 2004).




7.2 Brand Personality

Among the associations that compose brand image is a distinctive set: the human personality traits consumers ascribe to a brand. Jennifer Lynn Aaker (1997) establishes brand personality as a construct with a replicable five-factor structure—sincerity, excitement, competence, sophistication, and ruggedness—paralleling but not identical to the human Big Five. The construct matters because personality associations are self-expressive: a consumer chooses a “rugged” or “sophisticated” brand partly to express or claim those traits, which is the bridge to the self-connection constructs below. Brand personality is measured reflectively, each factor by multiple trait items, and its factor structure is a standard application of the confirmatory-factor machinery of 1. The chunk recovers the five-factor structure from simulated trait ratings, illustrating both the measurement model and the discriminant question of whether the factors are genuinely distinct.


set.seed(1997)
n <- 600
# Five latent personality factors, each with 3 trait indicators.
facs <- c("sincerity", "excitement", "competence", "sophistication", "ruggedness")
F <- matrix(rnorm(n * 5), n, 5); colnames(F) <- facs
lam <- c(0.82, 0.78, 0.72)
blocks <- lapply(1:5, function(k)
  sapply(lam, function(l) l * F[, k] + rnorm(n, sd = sqrt(1 - l^2))))
dat <- as.data.frame(do.call(cbind, blocks))
names(dat) <- paste0(rep(substr(facs, 1, 4), each = 3), 1:3)

fa <- factanal(dat, factors = 5, rotation = "varimax")
cat("Proportion of variance explained by the 5 factors:\n")
#> Proportion of variance explained by the 5 factors:
print(round(colSums(fa$loadings^2) / ncol(dat), 3))
#> Factor1 Factor2 Factor3 Factor4 Factor5 
#>   0.128   0.126   0.120   0.118   0.116
cat(sprintf("\nLikelihood-ratio test that 5 factors suffice: p = %.3f\n", fa$PVAL))
#> 
#> Likelihood-ratio test that 5 factors suffice: p = 0.895




When five factors fit, brand personality is defensible as a five-dimensional construct; the recurring critique—that the dimensions are unstable across cultures and product categories, and that some “factors” are category artifacts—is a discriminant- and generalizability-validity concern, not a refutation of the construct’s usefulness.



7.3 Brand Attachment

Cognition and personality describe what a consumer knows about a brand; brand attachment describes the emotional bond. Thomson, MacInnis, and Park (2005) define it as the strength of the affective tie connecting the consumer to the brand and develop a scale with three facets—affection, passion, and connection—the “ties that bind.” Attachment is theoretically distinct from a favorable attitude: one can evaluate a brand positively (strong attitude) without feeling bonded to it, and the distinction is not academic. C. W. Park et al. (2010) demonstrate conceptual and empirical differentiation of brand attachment from brand-attitude strength, showing that attachment predicts behaviors—actual purchase, brand-supportive effort, willingness to sacrifice—beyond what attitude strength predicts, and that attachment uniquely involves separation distress and the inclusion of the brand in the self. The managerial implication is that a brand can have many favorably-disposed customers and few attached ones, and the attached minority carries disproportionate behavioral value.


7.3.1 Attachment’s incremental prediction

The C. W. Park et al. (2010) result—attachment predicts behavior beyond attitude—is an incremental-validity claim, testable as a hierarchical regression in which attachment is entered after attitude and must add explained variance. The chunk simulates correlated attachment and attitude (they overlap, as the construct-crowding worry predicts) and shows attachment’s incremental R2R^2 for a behavioral outcome.


set.seed(2010)
n <- 1500

# Attitude and attachment are correlated (rho ~ 0.6) but distinct.
L  <- chol(matrix(c(1, 0.6, 0.6, 1), 2))
Z  <- matrix(rnorm(n * 2), n, 2) %*% L
attitude   <- Z[, 1]
attachment <- Z[, 2]

# Behavior (e.g., willingness to sacrifice) depends MORE on attachment.
behavior <- 0.20 * attitude + 0.55 * attachment + rnorm(n, sd = 0.8)

r2_att   <- summary(lm(behavior ~ attitude))$r.squared
r2_both  <- summary(lm(behavior ~ attitude + attachment))$r.squared
cat(sprintf("R^2 with attitude only        : %.3f\n", r2_att))
#> R^2 with attitude only        : 0.261
cat(sprintf("R^2 adding brand attachment   : %.3f\n", r2_both))
#> R^2 adding brand attachment   : 0.441
cat(sprintf("Incremental R^2 of attachment : %.3f\n", r2_both - r2_att))
#> Incremental R^2 of attachment : 0.180




Attachment adds substantial explained variance over attitude, the incremental-validity signature that justifies treating it as a separate construct rather than a relabeling of a strong attitude—provided, always, that the discriminant-validity battery of 1 confirms the two are empirically separable in the data at hand.




7.4 Brand Love

Stronger and more elaborated than attachment is brand love. Batra, Ahuvia, and Bagozzi (2012) develop it not as a single emotion but as a higher-order prototype—a constellation of cognitions, emotions, and behaviors that consumers themselves classify as love. Its elements include self–brand integration, passion-driven behaviors, positive emotional connection, a long-term relationship orientation, anticipated separation distress, and overall attitude valence and strength. Carroll and Ahuvia (2006) establish the construct’s nomological network: brand love is fed by hedonic and self-expressive brand qualities and drives brand loyalty and positive word of mouth, linking it forward to the engagement and advocacy constructs and backward to the loyalty of Chapter 5. The prototype structure has a measurement consequence: because love is defined as a constellation whose elements need not be interchangeable, it sits closer to the formative pole of Table 3.1 than a unidimensional reflective scale, and forcing it into a single coefficient-α\alpha logic (Equation 3.7) discards exactly the multidimensionality that distinguishes love from mere liking.



7.5 The Self: Connection and Identification

The deepest brand constructs locate the brand inside the consumer’s identity. Escalas and Bettman (2005) show that consumers form self–brand connections by using brands to construct and communicate the self—drawing brand meaning from reference groups (a brand used by an aspirational in-group acquires self-expressive value) in a way moderated by the consumer’s self-construal. The brand becomes, in Escalas and Bettman’s later phrase, part of “me”: a resource for self-definition rather than merely an object of evaluation (Edson Escalas and Bettman 2012).

C. B. Bhattacharya and Sen (2003) generalize the identity link from brands to companies with consumer–company identification, grounding it in social-identity theory: consumers identify with a company when doing so satisfies self-definitional needs—when the company’s identity is attractive, distinctive, and overlaps the consumer’s own self-concept—and that identification, not mere satisfaction, drives deep, resilient, advocacy-rich relationships. The identity constructs reframe the entire construct map of this part: where satisfaction (Chapter 4) and the relational constructs (Chapter 5) treat the consumer as an evaluator and relationship partner, the self constructs treat the consumer as someone using brands to answer the question “who am I?”—which is why these bonds are the hardest for competitors to break and the most damaging to betray.



7.6 The Construct Thicket

The progression from CBBE through personality, attachment, love, self-connection, and identification is a progression of increasing overlap, and it creates the chapter’s central measurement hazard. Brand attitude, attachment, love, self–brand connection, and identification are all positively affective, all measured by similar self-report batteries on the same survey, and all correlated—the textbook conditions for both common-method variance and discriminant-validity failure (1). Table 7.1 distinguishes them conceptually, but conceptual distinction is necessary, not sufficient: the empirical burden is to show, via the Fornell–Larcker or HTMT criteria (Equation 3.9), that each construct’s AVE exceeds its shared variance with the others. A literature that proliferates near-synonymous brand constructs without clearing that bar is, in the language of 1, relabeling one construct as several.




Table 7.1: The brand-and-self construct family. Conceptual distinctions are clear; the empirical burden is to demonstrate discriminant validity among them (1).











	Construct
	Core content
	Distinguishing feature
	Key source





	Brand equity (CBBE)
	Brand knowledge (awareness + image)
	Differential response to marketing
	Keller (1993)



	Brand personality
	Human traits ascribed to the brand
	Five-factor association structure
	Jennifer Lynn Aaker (1997)



	Brand attitude
	Overall favorable evaluation
	Valence/strength, no emotional bond
	C. W. Park et al. (2010)



	Brand attachment
	Emotional bond (affection, passion, connection)
	Separation distress; predicts behavior beyond attitude
	Thomson, MacInnis, and Park (2005); C. W. Park et al. (2010)



	Brand love
	Prototype constellation
	Self-integration + long-term orientation
	Batra, Ahuvia, and Bagozzi (2012); Carroll and Ahuvia (2006)



	Self–brand connection
	Brand used to construct the self
	Reference-group/self-construal driven
	Escalas and Bettman (2005)



	Consumer–company identification
	Identity overlap with the firm
	Social-identity grounding
	C. B. Bhattacharya and Sen (2003)












7.7 Key Takeaways


	Customer-based brand equity is the differential effect of brand knowledge on response to marketing (Keller 1993): brand knowledge = awareness + image (associations’ strength, favorability, uniqueness), and equity manifests as a brand × action interaction (Section 7.1.1), buying price tolerance and resilience, not just a level lift. Whether it is reflective or formative is unsettled (Yoo and Donthu 2001; Keller and Lehmann 2006a).

	Brand personality has a replicable five-factor structure—sincerity, excitement, competence, sophistication, ruggedness (Jennifer Lynn Aaker 1997)—and is self-expressive, bridging to the identity constructs.

	Brand attachment is an emotional bond (affection, passion, connection) (Thomson, MacInnis, and Park 2005) empirically distinct from attitude strength and predicting behavior beyond it (C. W. Park et al. 2010) (Section 7.3.1).

	Brand love is a higher-order prototype constellation (Batra, Ahuvia, and Bagozzi 2012), fed by hedonic and self-expressive qualities and driving loyalty and WOM (Carroll and Ahuvia 2006); its multidimensionality pushes it toward the formative pole (Table 3.1).

	The self constructs—self–brand connection (Escalas and Bettman 2005; Edson Escalas and Bettman 2012) and consumer–company identification (C. B. Bhattacharya and Sen 2003)—locate the brand inside identity via reference groups and social-identity theory; these bonds are the most resilient and the most damaging to betray.

	The family is a construct thicket (Table 7.1): high overlap makes discriminant validity and common-method-variance control (1) a precondition, not a formality, for any model that uses several of these constructs together.





7.8 Further Reading

The CBBE foundation is Keller (1993), with measurement in Yoo and Donthu (2001) and the research-priorities overview in Keller and Lehmann (2006a); the firm-side and financial treatment is Chapter 11. Brand personality is Jennifer Lynn Aaker (1997). On the affective bonds, read Thomson, MacInnis, and Park (2005) for attachment measurement and C. W. Park et al. (2010) for its differentiation from attitude, then Batra, Ahuvia, and Bagozzi (2012) and Carroll and Ahuvia (2006) for brand love. The identity constructs are developed in Escalas and Bettman (2005) and Edson Escalas and Bettman (2012) (self–brand connection) and C. B. Bhattacharya and Sen (2003) (consumer–company identification); the consumer–brand-relationship lineage runs through Fournier (1998) and the dark-side evidence of J. Aaker, Fournier, and Brasel (2004). The discriminant-validity discipline the whole family requires is the apparatus of 1.





8 Engagement, Involvement, and Word of Mouth

The constructs so far have described the consumer as an evaluator (Chapter 6), a relationship partner (Chapter 5), and a brand-identifier (Chapter 7). This chapter turns to the consumer as a participant—someone whose contribution to a firm extends past the purchase to include attention, effort, advocacy, content, and referrals. Three constructs organize this participatory turn. Involvement is the motivational state—the personal relevance of an object that determines how much cognitive effort a consumer will expend on it. Engagement is the set of behavioral and psychological manifestations of an active relationship that go beyond transactions. And word of mouth (WOM) is the social output—the informal communication about products and brands that consumers direct at other consumers, and that has become, in the digital era, the most consequential and most measurable of the three.

These constructs have moved from the periphery of marketing to its center as firms have recognized that a customer’s value is not exhausted by what they buy: a customer who writes reviews, refers friends, and defends the brand creates value through channels that transaction data alone cannot see. We develop involvement first, as the motivational antecedent and a moderator that reshapes how all persuasion works; then customer engagement, including its decomposition into a total engagement value; then word of mouth as a construct distinct from the mechanics of diffusion treated in Chapter 27. As throughout this part, the measurement subtext is discriminant validity: engagement, involvement, participation, and WOM-intention are easy to define apart and hard to keep apart in data.


8.1 Involvement

Involvement is a person’s perceived relevance of an object based on inherent needs, values, and interests (Zaichkowsky 1985a). It is a motivational construct: high involvement means the object matters to the consumer, which mobilizes attention, information search, and elaboration; low involvement means it does not, so decisions are made with minimal cognitive effort. Zaichkowsky (1985a) develops the Personal Involvement Inventory to measure it reflectively, and the construct is standardly partitioned along two axes—enduring involvement (a stable interest in a category) versus situational involvement (temporarily heightened by a purchase occasion or risk), and by object (product, advertising, and purchase-decision involvement).

Involvement’s theoretical importance is less as an outcome than as a moderator of how persuasion operates. The Elaboration Likelihood Model (Petty, Cacioppo, and Schumann 1983) holds that persuasion travels two routes: a central route, in which highly involved consumers scrutinize the quality of an argument, and a peripheral route, in which uninvolved consumers respond to surface cues (source attractiveness, number of arguments, music) without evaluating substance. Involvement determines which route dominates, so the same advertisement persuades through different mechanisms depending on the audience’s involvement—a result that reshapes advertising strategy (Chapter 13) and that makes involvement a prerequisite variable for almost any study of message effects.


8.1.1 Involvement as a moderator of message effects

The ELM’s central prediction is an interaction: argument quality matters more for high-involvement consumers, while peripheral cues matter more for low-involvement consumers. The chunk simulates this crossover and recovers the two interactions, illustrating why a study that ignores involvement will estimate an average message effect that describes no actual consumer.


set.seed(1983)
n <- 4000

involvement <- rbinom(n, 1, 0.5)            # 1 = high, 0 = low
arg_quality <- rnorm(n)                     # strength of the message's arguments
periph_cue  <- rnorm(n)                     # attractiveness/number of cues

# High-involvement: persuasion via argument quality (central route).
# Low-involvement:  persuasion via peripheral cues.
attitude <- 0.10 +
  0.55 * involvement * arg_quality +        # central route (only when involved)
  0.10 * (1 - involvement) * arg_quality +
  0.50 * (1 - involvement) * periph_cue +   # peripheral route (only when uninvolved)
  0.10 * involvement * periph_cue +
  rnorm(n, sd = 0.8)

fit <- lm(attitude ~ arg_quality * involvement + periph_cue * involvement)
co  <- round(summary(fit)$coefficients[, c("Estimate", "Pr(>|t|)")], 3)
# Show the main effects and their involvement interactions (robust to term naming).
keep <- grepl("arg_quality|periph_cue", rownames(co))
print(co[keep, ])
#>                         Estimate Pr(>|t|)
#> arg_quality                0.079        0
#> periph_cue                 0.511        0
#> arg_quality:involvement    0.492        0
#> involvement:periph_cue    -0.404        0




The positive arg_quality:involvement interaction and the negative periph_cue:involvement interaction are the ELM crossover: involvement routes persuasion. An analyst who omitted involvement and regressed attitude on argument quality alone would recover a muddy average, understating the central route for the involved and missing the peripheral route for the uninvolved entirely.




8.2 Customer Engagement

Customer engagement generalizes the relationship beyond the transaction. Doorn et al. (2010) define customer engagement behaviors (CEBs) as a customer’s behavioral manifestations toward a firm, beyond purchase, that result from motivational drivers—writing reviews, making recommendations, helping other customers, blogging, and otherwise contributing. Brodie et al. (2011) give the construct its conceptual domain, framing engagement as an interactive, co-creative experience with a focal object that comprises cognitive, emotional, and behavioral dimensions and that arises within an iterative process of relationship development. Hollebeek (2011) develops the brand-specific version. The common thread is that engagement captures value-creating customer activity that purchase metrics miss, which is why it rose to prominence exactly as social media made such activity visible and abundant.

Pansari and Kumar (2017) supply the nomological network: engagement is built on a foundation of satisfaction and emotion (a relationship must be both satisfying and emotionally connected to become engaged), and it produces value through direct contributions (purchases) and indirect contributions (referrals, influence, feedback). The direct/indirect split is the conceptual bridge to a measurement program that tries to put a number on the whole of a customer’s value.


8.2.1 Total customer engagement value

V. Kumar et al. (2010a) decompose a customer’s total worth into four additive components—the move that lets engagement be valued, not just described:


	Customer Lifetime Value (CLV): the discounted margin from the customer’s own purchases (the construct developed in Chapter 15).

	Customer Referral Value (CRV): value from customers acquired through this customer’s formal referrals.

	Customer Influencer Value (CIV): value from this customer’s influence on other customers and prospects through word of mouth and social spread.

	Customer Knowledge Value (CKV): value from the feedback and ideas the customer contributes to the firm.



A customer who buys little but refers and influences many can be worth more than a heavy buyer who does neither, which is the entire point: optimizing CLV alone (Chapter 15) undervalues engaged customers and can lead a firm to fire its most valuable advocates. The decomposition is formative—the four components are distinct value sources that are summed, not interchangeable reflections of a latent engagement (Table 3.1)—so the appropriate reliability question is not internal consistency but whether the components are correctly weighted and non-overlapping. The chunk simulates a customer base and shows how rank-ordering customers by total engagement value reshuffles the priority list relative to CLV alone.


set.seed(2010)
n <- 5000

# Four value components; deliberately NOT perfectly correlated, so that
# CLV alone mis-ranks customers relative to total engagement value.
clv <- rgamma(n, shape = 2, scale = 120)                 # own-purchase value
crv <- rgamma(n, shape = 1.2, scale = 60) * (runif(n) < .5)  # referral value
civ <- rgamma(n, shape = 1.1, scale = 90) * (runif(n) < .4)  # influencer value
ckv <- rgamma(n, shape = 1.0, scale = 25) * (runif(n) < .3)  # knowledge value

cev <- clv + crv + civ + ckv                              # total engagement value

top_clv <- order(clv, decreasing = TRUE)[1:500]           # top 500 by CLV
top_cev <- order(cev, decreasing = TRUE)[1:500]           # top 500 by CEV
overlap <- length(intersect(top_clv, top_cev))

cat(sprintf("Correlation CLV vs total engagement value: %.2f\n", cor(clv, cev)))
#> Correlation CLV vs total engagement value: 0.86
cat(sprintf("Of the top-500 customers by CLV, only %d are also top-500 by CEV.\n", overlap))
#> Of the top-500 customers by CLV, only 349 are also top-500 by CEV.
cat(sprintf("=> %d high-engagement customers are INVISIBLE to a CLV-only ranking.\n",
            500 - overlap))
#> => 151 high-engagement customers are INVISIBLE to a CLV-only ranking.




A non-trivial share of the most valuable customers by total engagement value are not in the CLV top tier, so a firm that targets and rewards on CLV alone systematically neglects its referral and influence engine. Engagement, made measurable through the CEV decomposition, is the construct that corrects that blind spot.




8.3 Word of Mouth

The most-studied engagement behavior is word of mouth—informal, consumer-to-consumer communication about products and brands. It is essential to distinguish WOM-the-construct from the diffusion mechanics of Chapter 27: this chapter treats WOM as a property of consumers (their propensity to talk, the valence and volume of what they say, and its antecedents), while the virality chapter treats the network dynamics by which messages spread. As a construct, WOM is characterized by valence (positive vs. negative), volume (how much), and the gap between intention and behavior.

Its antecedents are well mapped. E. W. Anderson (1998) establishes that the satisfaction–WOM relationship is asymmetric and U-shaped: both highly satisfied and highly dissatisfied customers generate more word of mouth than indifferent ones, and the dissatisfied generate disproportionately much—the negativity that recurs throughout this book (the loss-aversion theme of Chapter 4). T. J. Brown et al. (2005) identify the drivers of positive WOM intentions and behaviors, finding commitment and identification (the constructs of Chapter 5 and Chapter 7) central. J. Berger (2014a) synthesizes the psychology of why people talk, organizing the drivers into five functions—impression management, emotion regulation, information acquisition, social bonding, and persuasion—and the meta-analysis of De Matos and Rossi (2008) quantifies the antecedents across studies, confirming satisfaction, loyalty, commitment, perceived quality, and trust as robust drivers. WOM is thus the social output of nearly every other construct in this part.


8.3.1 The U-shaped satisfaction–WOM relationship

The E. W. Anderson (1998) finding is a clean nonlinearity worth making explicit, because a linear model would conclude—wrongly—that satisfaction monotonically increases word of mouth. The chunk simulates WOM volume as a U-shaped function of satisfaction with a steeper negative arm (the dissatisfied talk more), and contrasts the misleading linear fit with the correct quadratic one.


set.seed(1998)
n <- 1500
sat <- runif(n, 1, 7)                          # satisfaction, 1..7
center <- 4
# U-shape with a steeper negative arm; minimum WOM near the middle.
wom <- 1.2 * (sat - center)^2 +
       0.9 * pmax(center - sat, 0) +           # extra volume on the dissatisfied side
       rnorm(n, sd = 1.5)
wom <- pmax(wom, 0)

lin  <- lm(wom ~ sat)
quad <- lm(wom ~ poly(sat, 2))
cat(sprintf("Linear fit R^2    : %.3f\n", summary(lin)$r.squared))
#> Linear fit R^2    : 0.045
cat(sprintf("Quadratic fit R^2 : %.3f\n", summary(quad)$r.squared))
#> Quadratic fit R^2 : 0.881

plot(sat, wom, pch = 19, cex = 0.3, col = "grey60",
     xlab = "Satisfaction", ylab = "WOM volume", main = "Satisfaction and word of mouth")
ord <- order(sat)
abline(lin, lty = 2, lwd = 2)
lines(sat[ord], predict(quad)[ord], col = "firebrick", lwd = 2)
legend("top", c("Linear (misleading)", "Quadratic (correct)"),
       lty = c(2, 1), col = c("black", "firebrick"), lwd = 2, bty = "n")
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Word-of-mouth volume as a U-shaped function of satisfaction (Anderson 1998): the very satisfied and the very dissatisfied talk most, with a steeper dissatisfaction arm. A linear fit (dashed) misses the mechanism entirely.







The quadratic fit captures the U-shape the linear model flattens into near-nothing: word of mouth is generated at both tails of satisfaction, and the dissatisfied tail is louder. A firm reading a near-zero linear coefficient would wrongly conclude satisfaction does not drive WOM, when in fact it drives it nonlinearly and asymmetrically—the same lesson, in a new construct, that the satisfaction chapter drew about asymmetric market pricing.




8.4 Measurement and the Construct Boundary

Engagement is the construct most at risk of conceptual inflation. Because it is defined expansively—any value-creating activity beyond purchase—it threatens to absorb involvement (its motivational antecedent), participation, co-creation, loyalty (Chapter 5), and word of mouth (one of its behaviors) into an undifferentiated whole. Two disciplines keep the boundary sharp. First, distinguishing the psychological state of engagement (a motivational, cognitive-affective disposition) from engagement behaviors (the observable CEBs), and measuring each with its own indicators rather than conflating cause and manifestation. Second, recognizing that engagement value (CEV) is formative while the engagement state is reflective—applying internal-consistency reliability to the former or summative weighting to the latter is the model-misspecification error of 1. Word of mouth, similarly, must keep intention and behavior separate (the gap is large and predictable) and valence explicit (positive and negative WOM have different antecedents and opposite effects), or its measures collapse distinctions the theory depends on.



8.5 Key Takeaways


	Involvement is perceived personal relevance (Zaichkowsky 1985a)—enduring vs. situational, by object—and matters chiefly as a moderator: it routes persuasion between the central and peripheral paths of the ELM (Petty, Cacioppo, and Schumann 1983), so message effects are involvement-conditional (Section 8.1.1).

	Customer engagement captures value-creating activity beyond purchase—engagement behaviors (Doorn et al. 2010) and an interactive, co-creative state (Brodie et al. 2011; Hollebeek 2011)—built on satisfaction plus emotion and producing direct and indirect value (Pansari and Kumar 2017).

	Total customer engagement value decomposes a customer into CLV + referral + influencer

	knowledge value (V. Kumar et al. 2010a); it is formative, and CLV-only targeting (Chapter 15) systematically undervalues engaged advocates (Section 8.2.1).




	Word of mouth is a construct of valence, volume, and intention-vs-behavior, distinct from the diffusion mechanics of Chapter 27; the satisfaction–WOM link is U-shaped and asymmetric (E. W. Anderson 1998) (Section 8.3.1), positive WOM is driven by commitment and identification (T. J. Brown et al. 2005), and the psychology of talking spans five functions (J. Berger 2014a), with robust meta-analytic antecedents (De Matos and Rossi 2008).

	The family’s measurement discipline is to separate state from behavior and reflective from formative, and to keep WOM intention/behavior and valence explicit, on pain of the misspecification errors of 1.





8.6 Further Reading

Involvement begins with Zaichkowsky (1985a) and its moderating role with the ELM of Petty, Cacioppo, and Schumann (1983). For customer engagement, read Doorn et al. (2010) for the behavioral foundation, Brodie et al. (2011) for the conceptual domain, and Pansari and Kumar (2017) for the antecedents-and-consequences synthesis, with V. Kumar et al. (2010a) for the engagement-value decomposition (and Chapter 15 for CLV proper). On word of mouth, E. W. Anderson (1998) establishes the U-shape, T. J. Brown et al. (2005) the positive-WOM antecedents, J. Berger (2014a) the psychology of transmission, and De Matos and Rossi (2008) the meta-analytic evidence; the diffusion side is Chapter 27. The discriminant- and specification-validity cautions are, as ever, the apparatus of 1.





9 Frontier Constructs

The construct map of marketing is not closed. As markets, technologies, and the texture of consumer life change, new constructs enter the nomological network—some because new phenomena demand them (consumers now react to algorithms, share rather than own, and trade data for personalization), some because old intuitions finally acquire measurement. This chapter surveys six constructs at the current frontier: customer experience, psychological ownership, brand authenticity, algorithm aversion (and the broader family of consumer responses to AI), privacy concern, and access-based consumption. Each has accumulated enough lawful relations to meet the Cronbach–Meehl admission test that opens this part, and each illustrates a distinct frontier—experiential, possessive, identity-authenticity, technological, informational, and ownership-model.

A frontier construct carries a special hazard worth stating before we begin. The newest constructs are, almost by definition, the least validated: their scales are young, their discriminant validity against neighboring constructs is often unestablished, and the literature has had little time to expose them to the jingle–jangle fallacies (calling two different things by one name; calling one thing by two names). The measurement discipline of 1 therefore weighs more heavily at the frontier, not less. The excitement of a new construct is not evidence that it is distinct from the constructs it joins, and the burden of proof for a frontier construct is the full convergent/discriminant/nomological battery, applied with extra skepticism.


9.1 Customer Experience

The most integrative frontier construct is customer experience (CX). Lemon and Verhoef (2016) define it as the customer’s multidimensional response—cognitive, emotional, sensorial, social, and behavioral—to a firm’s offerings across the entire customer journey, from pre-purchase through purchase to post-purchase, accumulated over many touchpoints the firm only partly controls (brand-owned, partner-owned, customer-owned, and social/external). CX subsumes and reorganizes several constructs in this part: satisfaction (Chapter 4) becomes one episodic, post-purchase slice of experience; perceived quality and value (Chapter 6) are cognitive components; engagement (Chapter 8) is a behavioral one. The construct’s frontier status comes from its measurement difficulty rather than novelty of idea: experience is dynamic (it evolves along the journey), distributed (across touchpoints, many beyond the firm’s control), and multidimensional, so a single cross-sectional survey scale is structurally inadequate to it. Measuring CX well requires journey-level, multi-touchpoint, multi-moment data—exactly the kind of behavioral and unstructured data the methodology and multimodal parts of this book develop—and the gap between the expansive construct and the thin measures usually used for it is the construct-to-measure gap of Figure 3.1 at its widest.



9.2 Psychological Ownership

Psychological ownership is the feeling that a target—a product, a brand, an idea—is “MINE,” in the absence of (or in addition to) legal ownership. The construct matters because that feeling of ownership, not the legal fact, drives valuation: it is the psychological engine behind the endowment effect, the tendency to value a good more once it feels one’s own. Peck and Shu (2009) show that mere touch raises perceived ownership and, through it, valuation and willingness to pay—physical contact, or even vivid imagined contact, induces the feeling of mine-ness. Fuchs, Prandelli, and Schreier (2010) demonstrate that empowerment strategies (letting customers participate in product selection or design) raise psychological ownership of the resulting product, which in turn raises demand—a “I-designed-it-myself” effect that converts participation into preference. Psychological ownership has clear antecedents (control over the target, intimate knowledge of it, investment of the self into it) and clear consequences (higher valuation, stewardship, willingness to pay), making it a well-formed construct with a genuine nomological network.


9.2.1 Ownership and valuation: an endowment simulation

The core nomological claim—psychological ownership raises valuation—is directly simulable as an endowment/touch manipulation. The chunk assigns consumers to an ownership-inducing condition (e.g., touch or self-design) versus a control, and shows the induced ownership shifts willingness to pay upward, the Peck and Shu (2009) and Fuchs, Prandelli, and Schreier (2010) result in miniature.


set.seed(2009)
n <- 2000

owned <- rbinom(n, 1, 0.5)                      # 1 = touch/self-design condition
base_value <- rnorm(n, mean = 20, sd = 5)       # intrinsic valuation of the good

# Psychological ownership is induced by the condition, with individual variation,
# and ownership raises willingness to pay (the endowment channel).
psych_own <- 0.9 * owned + rnorm(n, sd = 0.4)   # latent felt ownership
wtp <- base_value + 6.0 * psych_own + rnorm(n, sd = 3)

cat(sprintf("Mean WTP, control            : $%.2f\n", mean(wtp[owned == 0])))
#> Mean WTP, control            : $19.98
cat(sprintf("Mean WTP, ownership-induced  : $%.2f\n", mean(wtp[owned == 1])))
#> Mean WTP, ownership-induced  : $25.34
# Mediation: does felt ownership carry the condition's effect on WTP?
tot <- coef(lm(wtp ~ owned))["owned"]
dir <- coef(lm(wtp ~ owned + psych_own))["owned"]
cat(sprintf("Total effect of condition on WTP   : $%.2f\n", tot))
#> Total effect of condition on WTP   : $5.35
cat(sprintf("Direct effect controlling ownership: $%.2f  (mostly mediated)\n", dir))
#> Direct effect controlling ownership: $-0.50  (mostly mediated)




The ownership condition lifts willingness to pay, and the lift is largely mediated by felt ownership—the direct effect shrinks once psychological ownership is controlled—confirming the construct’s role as the mechanism rather than the manipulation being a mere framing trick. This is the endowment effect re-described as a measurable consumer construct with a touchable antecedent.




9.3 Brand Authenticity

Brand authenticity is the consumer’s perception that a brand is genuine, true to itself, and not merely a commercial construction. Morhart et al. (2015) give the construct an integrative framework and a measurement scale with four dimensions—continuity (the brand’s timelessness and historical consistency), credibility (its ability and willingness to deliver what it promises), integrity (its moral purity and care), and symbolism (its serving as a resource for consumers’ identity). The construct is a frontier one because the “authenticity economy” has made perceived genuineness a competitive battleground, and because it is, like all the constructs in this book, perceived: authenticity is not a property a brand objectively has but a judgment consumers render, contaminated by marketing communications that try to manufacture the very impression of un-manufactured-ness. That tension—authenticity claimed through inauthentic means—makes its measurement and its nomological links to trust (Chapter 5), brand love (Chapter 7), and self-connection an active and subtle research area.



9.4 Consumer Responses to AI: Algorithm Aversion and Beyond

A fast-growing construct family concerns how consumers respond to algorithms and artificial intelligence as decision agents. Dietvorst, Simmons, and Massey (2015) document algorithm aversion: people erroneously avoid algorithms after seeing them err, abandoning a statistically superior algorithm for an inferior human judge because they penalize algorithmic mistakes more harshly than identical human mistakes. Longoni, Bonezzi, and Morewedge (2019) sharpen the mechanism in the medical domain—resistance to medical AI—and trace it to uniqueness neglect: consumers resist AI care because they believe an algorithm cannot account for their personal uniqueness the way a human provider can, even when the AI is more accurate. Longoni and Cian (2022) add the word-of-machine effect: consumers prefer AI recommendations for utilitarian attributes (where accuracy dominates) but human recommendations for hedonic/experiential attributes (where they doubt the machine can appreciate subjective experience). These are distinct constructs—an aversion, a resistance, a domain-contingent preference—but they form a coherent family describing the consumer’s trust in and acceptance of non-human agents, a family that did not exist fifteen years ago and that is now central to marketing as AI mediates more of the customer journey (Chapter 65).


9.4.1 Why a superior algorithm gets abandoned

The Dietvorst, Simmons, and Massey (2015) finding hinges on an asymmetry: an identical-sized error damages trust more when an algorithm makes it than when a human does. The chunk simulates consumers choosing between a more-accurate algorithm and a less-accurate human after observing each err, and shows that the heavier trust penalty on algorithmic error drives adoption of the inferior human—algorithm aversion as an emergent consequence of asymmetric error-attribution.


set.seed(2015)
n <- 3000

# The algorithm is genuinely more accurate (smaller errors) than the human.
err_algo  <- abs(rnorm(n, sd = 0.6))
err_human <- abs(rnorm(n, sd = 1.0))

# But algorithmic error is penalized ~2x as heavily (the aversion asymmetry).
penalty_algo  <- 2.0
penalty_human <- 1.0
trust_algo  <- 10 - penalty_algo  * err_algo
trust_human <- 10 - penalty_human * err_human

choose_algo <- trust_algo > trust_human
cat(sprintf("Algorithm is more accurate (mean error %.2f vs %.2f).\n",
            mean(err_algo), mean(err_human)))
#> Algorithm is more accurate (mean error 0.47 vs 0.78).
cat(sprintf("Yet only %.1f%% of consumers choose the (superior) algorithm,\n",
            100 * mean(choose_algo)))
#> Yet only 44.3% of consumers choose the (superior) algorithm,
cat("because algorithmic errors are penalized twice as heavily as human ones.\n")
#> because algorithmic errors are penalized twice as heavily as human ones.
# Remove the asymmetry: penalize both equally -> adoption flips.
fair <- (10 - err_algo) > (10 - err_human)
cat(sprintf("Under symmetric error penalties, %.1f%% choose the algorithm.\n",
            100 * mean(fair)))
#> Under symmetric error penalties, 65.8% choose the algorithm.




Under the asymmetric penalty the superior algorithm is rejected by a majority; remove the asymmetry and adoption flips to favor it. Algorithm aversion is thus not (only) about accuracy beliefs but about a differential trust response to machine error—a construct with direct design implications: deploying AI requires managing the error-attribution asymmetry, not merely proving the AI is better.




9.5 Privacy Concern

As marketing runs on personal data, privacy concern—the consumer’s apprehension about the collection and use of their personal information—has become a first-order construct. Kelly D. Martin and Murphy (2017) provide an integrative framework, organizing privacy as a construct with antecedents (data practices, control, transparency), states (concern, perceived risk, perceived intrusion), and consequences (trust, disclosure, patronage). The defining tension is the personalization–privacy paradox: the same data that lets a firm personalize—raising perceived value (Chapter 6) and relationship quality (Chapter 5)—simultaneously raises privacy concern, so personalization both attracts and repels, and the net effect is contingent on trust and control. The construct ties directly to the firm-performance evidence on data practices and to the deeper treatment of privacy regulation and its marketing consequences in Chapter 24. Its measurement inherits a sharp version of the social-desirability contamination of 1: stated privacy concern routinely overstates the behavior it predicts (the “privacy paradox” in which people who report high concern nonetheless disclose freely), a convergent-validity gap between the attitudinal measure and revealed behavior that any serious use of the construct must confront.



9.6 Access-Based Consumption

Finally, the rise of the sharing economy has produced a construct that reframes ownership itself. Bardhi and Eckhardt (2012) conceptualize access-based consumption—consumption in which no transfer of ownership occurs (car sharing, streaming, rental, subscription)—and show it is not simply diluted ownership but a distinct mode with its own psychology: consumers relate to accessed objects with less identification and less stewardship, treating them instrumentally rather than as extensions of the self. This inverts the psychological-ownership construct of Section 9.2: where ownership induces mine-ness and care, access deliberately withholds them, and the firm managing an access model must build value without the identification that ownership supplies. The construct matters because the ownership-to-access shift undercuts the self–brand connection and psychological-ownership mechanisms that much of this part relies on, demanding new accounts of how value, loyalty, and brand meaning form when the consumer never owns anything.



9.7 The Frontier-Construct Discipline

These six constructs share a methodological situation that is the chapter’s closing lesson. Frontier constructs are proposed faster than they are validated, and the field’s incentive to name a “new” construct outruns its incentive to prove the construct is distinct from its neighbors. Customer experience risks absorbing satisfaction, quality, value, and engagement without demonstrating it adds variance beyond their sum; brand authenticity overlaps trust and self-connection; the AI-response constructs proliferate (aversion, resistance, word-of-machine, and more) faster than their discriminant validity is established. The remedy is not to distrust new constructs but to hold them to the same standard as old ones—the convergent, discriminant, and nomological evidence of 1—with extra vigilance for the jingle–jangle fallacies that the rush to name invites. Increasingly, frontier construct measurement is also computational: experience, authenticity, and privacy concern are scored from text, behavior, and multimodal traces rather than surveys, which relocates but does not repeal the validity problem, exactly as Section 3.11 argues. The frontier is where the constructs of tomorrow are formed, and it is precisely there that the measurement theory of this part does its most important work.



9.8 Key Takeaways


	The construct map is open; frontier constructs earn admission by the same Cronbach–Meehl test as established ones, and—being youngest—carry the highest discriminant-validity and jingle–jangle risk, so the discipline of 1 weighs more, not less.

	Customer experience (Lemon and Verhoef 2016) is a multidimensional response across the whole journey and touchpoints; it subsumes satisfaction/quality/value/engagement and is hard to measure because it is dynamic, distributed, and multidimensional.

	Psychological ownership—felt mine-ness without legal title—drives valuation via the endowment effect, induced by mere touch (Peck and Shu 2009) and empowerment/self-design (Fuchs, Prandelli, and Schreier 2010) (Section 9.2.1).

	Brand authenticity (Morhart et al. 2015) is a perceived four-dimensional judgment (continuity, credibility, integrity, symbolism), contested because it is often manufactured through inauthentic means.

	Consumer responses to AI form a construct family—algorithm aversion (Dietvorst, Simmons, and Massey 2015), resistance to medical AI via uniqueness neglect (Longoni, Bonezzi, and Morewedge 2019), and the word-of-machine effect (Longoni and Cian 2022)—unified by asymmetric trust in machine error/judgment (Section 9.4.1).

	Privacy concern (Kelly D. Martin and Murphy 2017) centers the personalization–privacy paradox and a stated-vs-revealed convergent-validity gap; it links to Chapter 24. Access-based consumption (Bardhi and Eckhardt 2012) inverts psychological ownership, withholding identification and stewardship and forcing new accounts of value and loyalty.

	Frontier measurement is increasingly computational, relocating but not repealing the validity problem (Section 3.11).





9.9 Further Reading

Customer experience is Lemon and Verhoef (2016). Psychological ownership runs through Peck and Shu (2009) and Fuchs, Prandelli, and Schreier (2010); brand authenticity through Morhart et al. (2015). The consumer-AI family is Dietvorst, Simmons, and Massey (2015), Longoni, Bonezzi, and Morewedge (2019), and Longoni and Cian (2022), developed further in Chapter 65. Privacy concern is Kelly D. Martin and Murphy (2017) with the firm-performance evidence in Kelly D. Martin, Borah, and Palmatier (2017) and the regulatory treatment in Chapter 24; access-based consumption is Bardhi and Eckhardt (2012). The overarching methodological frame—that frontier and computational constructs are governed by, not exempt from, classical measurement theory—is laid out in 1 and Section 3.11.









10 Marketing Strategy

Marketing strategy is the part of the field that asks how a firm wins, not how a consumer chooses. Where most of the book studies decisions one customer at a time, this chapter steps up a level of analysis to the firm, and asks how the firm creates value for customers, captures part of that value for itself, and sustains the arrangement against rivals who would rather it did not. Marketing strategy is the integrated pattern of decisions through which a firm does this: which markets to serve, which customers to win and keep, what to be known for, where to invest the marketing budget, and how to organize the people who execute it. The unifying test is performance. A marketing strategy is judged not by how clever it sounds but by the customer, financial, stock-market, and societal outcomes it produces (Varadarajan 2010; Neil A. Morgan et al. 2018).

This chapter is a teaching treatment of the field, complementing the doctoral reading map in Chapter 60. The seminar chapter is organized as a fourteen-week syllabus that pairs each topic with its identification challenge; this chapter develops the substantive theory in continuous prose, with two small runnable demonstrations. Two commitments run through both. The first is integration: a strategy is a coherent pattern, not a list of independent marketing-mix moves, even though most empirical work has studied the parts rather than the pattern (Neil A. Morgan et al. 2018). The second is accountability: the soft-sounding constructs of strategy, orientation, capability, culture, relationships, are repeatedly forced into contact with hard outcome data, because that contact is what turns a plausible story into a finding.


10.1 What Marketing Strategy Is

It helps to fix vocabulary first, because the field uses two phrases that are easily confused. Strategic marketing names the scholarly field: the study of how marketing contributes to firm strategy and performance. Marketing strategy names its object: the integrated pattern of choices a particular firm makes (Varadarajan 2010). A doctoral student needs both senses, but the second is the one with managerial bite.


10.1.1 Levels of strategy

Strategy is layered, and marketing sits at more than one layer. Corporate strategy decides which businesses the firm should be in. Business strategy (or competitive strategy) decides how a given business unit competes in its chosen market. Functional strategy, including marketing strategy in its narrow sense, decides how each function supports the business-level choice. Marketing is unusual among the functions in that it spans all three levels: it informs corporate choices about which markets have attractive customers, it largely is the business-level question of how to compete for those customers, and it supplies the functional programs (the marketing mix) that execute the plan. This is why marketing’s claim to a seat at the strategy table is contested but persistent: the function’s natural object, the customer and the market, is exactly the object that business-level strategy must get right.



10.1.2 Strategy versus tactics

The cleanest way to separate strategy from tactics is by what each commits the firm to and for how long. Strategy is the small set of choices that are costly to reverse and that constrain everything downstream: which segment to target, what position to own, which capabilities to build. Tactics are the many adjustable moves, this quarter’s price, this campaign’s copy, this promotion’s depth, that execute a strategy and can be changed without changing the firm’s direction. The distinction is not a hierarchy of importance; a brilliant strategy with sloppy tactics fails, and disciplined tactics cannot rescue an incoherent strategy. It is a distinction of reversibility and scope. A useful diagnostic question is: if this decision turns out wrong, how long and how expensive is the path back? Choices with long, expensive paths back are strategic and deserve the deliberation the rest of this chapter describes.



10.1.3 The dependent variable

Because the field is defined by accountability, its recurring dependent variable is firm performance, and that variable has conceptual layers worth separating (Katsikeas et al. 2016; Neil A. Morgan 2012). Closest to marketing actions are customer-mindset outcomes (awareness, satisfaction, loyalty intentions). These feed marketplace outcomes (market share, sales, customer retention), which feed accounting outcomes (margins, cash flow, return on assets), which the capital market prices into financial-market outcomes (stock returns, firm value, risk). Much of the field’s progress has come from tracing this chain link by link, and much of its difficulty comes from the fact that causation can run backward along it (profitable firms can afford more marketing) and that omitted firm-quality variables can drive several links at once.




10.2 Market Orientation

If marketing strategy has a single foundational construct on the implementation side, it is market orientation: the degree to which a firm actually organizes itself around its customers and competitors rather than merely professing to. Two papers in 1990 defined the construct in complementary ways, and the field has spent three decades measuring it and testing whether it pays.


10.2.1 The behavioral view and the cultural view

Kohli and Jaworski (1990) give the behavioral conceptualization. They define market orientation as “the organizationwide generation of market intelligence pertaining to current and future customer needs, dissemination of the intelligence across departments, and responsiveness to it.” The achievement of this definition is that it decomposes a vague cultural posture into three observable behaviors, intelligence generation, dissemination, and responsiveness, and thereby makes the construct measurable (the MARKOR scale follows directly from it). Profitability is deliberately placed as a consequence of orientation, not a part of it, which keeps the construct clean enough to serve as a regressor against performance. The seminar chapter develops this decomposition in detail in Section 60.17.1.

Narver and Slater (1990) give the cultural conceptualization. They define market orientation as the organizational culture that most effectively creates the behaviors needed for superior value, and they decompose it into three components, customer orientation, competitor orientation, and interfunctional coordination, plus two decision criteria (long-term focus and profitability). Their MKTOR scale operationalizes this view, and their paper supplied the first direct test linking orientation to business profitability.

The two views are less rival than layered: culture (Narver and Slater) is the disposition, and behavior (Kohli and Jaworski) is its enactment. A firm can hold customer-oriented values yet fail to generate or act on intelligence; the behavioral view measures whether the disposition actually shows up in routines.



10.2.2 Does market orientation pay, and when?

The headline empirical question is whether more market-oriented firms perform better, and the meta-analytic verdict is a qualified yes. Kirca, Jayachandran, and Bearden (2005) synthesize the accumulated studies and find a positive, robust association between market orientation and performance, but one whose size depends on the setting. The link is stronger when performance is measured by managerial judgment than by objective financials, stronger in studies using cost-based rather than revenue-based outcomes, and moderated by national culture and industry. The honest reading is that market orientation is necessary but not sufficient: it is a precondition for converting market knowledge into value, but its payoff is contingent on the capabilities (next section) that turn knowledge into action and on the competitive context that determines how much customer focus is rewarded.

This sets up the field’s signature identification worry. A cross-sectional correlation between orientation and profit is consistent with orientation causing profit, with profit funding orientation, or with some omitted quality (good management, slack resources) causing both. The demonstration below uses simulated data to show what an honest analyst can and cannot conclude from such a regression, and how a moderator changes the picture.



10.2.3 A simulated market-orientation to performance regression

The following chunk simulates a cross-section of firms, generates performance as a function of market orientation and a moderator (competitive intensity), and then recovers the relationship. The data-generating process is known, so we can see exactly what the regression is estimating. The substantive point is that the return to market orientation is larger where competition is fiercer: customer focus matters most when customers have alternatives.


suppressPackageStartupMessages({library(dplyr); library(ggplot2)})
set.seed(2024)

n <- 600

firms <- tibble(
  # market orientation (standardized index, e.g. MARKOR/MKTOR)
  mo        = rnorm(n, 0, 1),
  # competitive intensity moderator (0 = sheltered, 1 = cut-throat)
  intensity = runif(n, 0, 1),
  # an omitted "firm quality" that raises BOTH mo and performance
  quality   = rnorm(n, 0, 1)
)

# true model: MO helps, and helps MORE under high competitive intensity;
# firm quality confounds the naive association.
firms <- firms %>%
  mutate(
    mo_obs = mo + 0.5 * quality,                       # quality inflates MO
    perf   = 0.30 * mo_obs +                           # baseline MO effect
             0.60 * mo_obs * intensity +               # moderation
             0.80 * quality +                          # confound
             rnorm(n, 0, 1)
  )

# (1) naive regression: omits quality -> MO effect is biased upward
naive <- lm(perf ~ mo_obs, data = firms)

# (2) moderated regression controlling for quality -> recovers structure
moderated <- lm(perf ~ mo_obs * intensity + quality, data = firms)

round(rbind(
  naive     = c(coef(naive)["mo_obs"], NA, NA),
  moderated = coef(moderated)[c("mo_obs", "intensity", "mo_obs:intensity")]
), 3)
#>           mo_obs            
#> naive      0.923    NA    NA
#> moderated  0.239 0.261 0.712




The naive slope on market orientation is inflated because it absorbs the omitted firm-quality effect; the moderated specification, once quality is controlled, recovers a positive main effect and a positive interaction, the return to market orientation rises with competitive intensity. Figure 10.1 plots the fitted performance-orientation slope at low and high competitive intensity to make the moderation visible.


grid <- expand.grid(
  mo_obs    = seq(-2.5, 2.5, length.out = 50),
  intensity = c(0.15, 0.85),
  quality   = 0
)
grid$perf <- predict(moderated, newdata = grid)
grid$Intensity <- factor(grid$intensity,
                         labels = c("Low competitive intensity",
                                    "High competitive intensity"))

ggplot(grid, aes(mo_obs, perf, colour = Intensity)) +
  geom_line(linewidth = 1.1) +
  labs(x = "Market orientation (standardized)",
       y = "Predicted firm performance",
       colour = NULL) +
  theme_minimal(base_size = 12) +
  theme(legend.position = "top")
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Figure 10.1: Simulated moderation of the market-orientation to performance link by competitive intensity. The fitted slope of performance on market orientation is steeper under high competitive intensity (customers have alternatives) than under low intensity, illustrating that market orientation is necessary but its payoff is contingent (Kirca, Jayachandran, and Bearden 2005).








The lesson generalizes well beyond this toy: a positive average effect can hide substantial heterogeneity, and the moderators (here, competition; in the literature, also market turbulence and national culture) are often the managerially interesting part of the answer.




10.3 Resources, Capabilities, and Sustainable Advantage

Market orientation tells the firm to listen to the market; it does not, by itself, explain why some firms convert what they hear into durable advantage and others do not. For that the field reaches to theories of competitive advantage, and the dominant one is the resource-based view (RBV).


10.3.1 The resource-based view and resource-advantage theory

The RBV holds that sustained advantage comes from resources that are valuable, rare, imperfectly imitable, and non-substitutable (the VRIN tests), and that are embedded in an organization able to exploit them (Wernerfelt 1984). The insight is that resources easily bought or copied cannot support advantage for long, because competitors acquire or replicate them; advantage must rest on resources that resist the market for resources itself. Marketing’s contribution to the RBV is the observation that its most important assets, brand equity, customer relationships, channel ties, market knowledge, are precisely the off-balance-sheet, relationship- and knowledge-based resources that best pass the VRIN tests, a point developed as the market-based assets framework (Srivastava, Shervani, and Fahey 1998a) and treated at length in Chapter 23.

Marketing has also produced its own theory of competition. Hunt and Morgan (1995) propose resource-advantage theory (originally the comparative-advantage theory of competition), an evolutionary, disequilibrium alternative to the equilibrium models of industrial-organization economics. In their account, firms compete by seeking comparative advantages in resources that yield marketplace positions of competitive advantage and, in turn, superior financial performance; competition is the ongoing, never-settled process of firms trying to neutralize or leapfrog one another’s resource advantages. The contrast with equilibrium IO is the heart of a recurring seminar debate: are marketing resources truly inimitable sources of lasting rents, or transient advantages constantly eroded by imitation? R-A theory’s answer is that the process of seeking advantage, not any particular static advantage, is what marketing strategy is about.



10.3.2 Marketing capabilities and dynamic capabilities

Resources are inert without the routines that deploy them, and those routines are capabilities. Day (1994) gives the canonical typology of the capabilities of market-driven organizations: outside-in capabilities (market sensing, customer linking, channel bonding) that connect the firm to its environment; inside-out capabilities (manufacturing, logistics, financial management) that are activated by market needs; and spanning capabilities (new-product development, pricing, purchasing, service delivery) that integrate the two. A market-driven firm is one whose outside-in capabilities are strong enough to guide the rest.

Vorhies and Morgan (2005) turn this typology into measurement, showing that distinct marketing capabilities (in pricing, product development, channel management, marketing communications, selling, market information management, and marketing planning and implementation) can be benchmarked and that firms whose capabilities exceed benchmarks perform better. Krasnikov and Jayachandran (2008) then run the horse race that matters for resource allocation: in a meta-analysis comparing marketing, R&D, and operations capabilities, marketing capabilities have the largest relative impact on firm performance, a finding that pushes back on the engineering-centric view that R&D and operations are where advantage is built. Crucially, market orientation and marketing capabilities are complements, not substitutes: orientation supplies the knowledge that capabilities convert into market position (Neil A. Morgan and Rego 2009b).

The frontier worry is that static capabilities decay as markets change. Dynamic capabilities, the firm’s capacity to sense opportunities, seize them, and reconfigure its resource base, address strategy under change (Teece, Pisano, and Shuen 1997). Day (2011) brings this into marketing with the marketing capabilities gap: the routines most firms have were built for a stable, push-marketing world and lag the adaptive, outside-in capabilities (vigilant market learning, adaptive experimentation, open networking) that turbulent digital markets reward. The managerial implication is that capability is a moving target; the resource-based test for sustainability must be re-run as the environment shifts.




10.4 Competitive Strategy and Positioning

Having decided to compete, the firm must decide how. The classic marketing answer is the segmentation, targeting, and positioning (STP) sequence. Segmentation partitions a heterogeneous market into groups of customers with similar needs and responses. Targeting selects which segments the firm’s resources and capabilities let it serve profitably and defensibly. Positioning designs and communicates a distinctive place in the minds of target customers, the position the firm intends to own.

Underlying STP is differentiation: the firm must give target customers a reason to prefer it that rivals cannot easily match. Differentiation can rest on the product, the brand, the service, the channel, or the relationship, but the strategic test is always the same VRIN test from the RBV, a basis of differentiation confers durable advantage only if it is valuable to customers and costly for rivals to imitate. This is why Day and Wensley (1988) insist on separating the sources of advantage (superior skills and resources) from the positions of advantage they produce (superior customer value or lower relative cost) from the performance outcomes that follow (satisfaction, loyalty, share, profitability). Confusing the three is the most common analytic error in positioning research: a firm with high share (a position) is not thereby shown to have a superior capability (a source), because the causal arrow can run either way.

Competitive dynamics adds the recognition that positions are contested in real time. Rivals respond to attacks, match price cuts, copy features, and counter- position, so a position’s value depends on how rivals will react, not only on how customers will. The strategic question is therefore not merely “what position do we want?” but “what position can we hold given how competitors will respond?”, which is where R-A theory’s disequilibrium view (Hunt and Morgan 1995) and the dynamic-capabilities view (Teece, Pisano, and Shuen 1997; Day 2011) re-enter: a defensible position is one anchored to a capability rivals cannot quickly reconfigure to match.



10.5 The Marketing-Finance Interface: The Accountability Turn

The most consequential development in marketing strategy over the last quarter century is the accountability turn: the insistence that marketing demonstrate its value in the language the boardroom and the capital market actually use, cash flow, firm value, and risk. This is the subject of its own chapter (Chapter 23); here we give the strategic logic and a panel demonstration.


10.5.1 Marketing and shareholder value

The hinge is the market-based assets framework (Srivastava, Shervani, and Fahey 1998a), which reframes marketing’s outputs, brand equity, customer equity, channel relationships, as intangible assets that drive the firm’s future cash flows and therefore its value. Under an efficient capital market, actions that build value with customers should build value for shareholders, because a firm is worth the risk-adjusted present value of its expected future cash flows and marketing assets shift those flows in four ways: they can accelerate cash flows, augment their level, reduce their volatility and vulnerability (lowering the discount rate), and raise their residual (terminal) value (Srivastava, Shervani, and Fahey 1998a).

S. Srinivasan and Hanssens (2009) supply the canonical roadmap of how to measure these links: stock- return response models, persistence and vector-autoregression models, and Tobin’s qq regressions, together with the identification toolkit (event studies, factor models, panel methods) the field uses to defend causal claims. The meta-analytic payoff is that marketing variables, brand, customer satisfaction, R&D, advertising, have economically meaningful, positive elasticities on firm value (Edeling and Fischer 2016; Edeling, Srinivasan, and Hanssens 2021). Brand equity (Section 11.3) and customer equity (Chapter 15) are the two strategic assets this literature prices most heavily: strong-brand portfolios earn higher returns at lower risk, and the aggregate lifetime value of the customer base tracks, and helps explain, market capitalization (V. Kumar and Shah 2009a).



10.5.2 A simulated marketing-assets to firm-value panel

The following chunk illustrates, on simulated panel data, the workhorse Tobin’s qq regression of the interface: firm value regressed on a marketing asset (here a brand- equity index) with firm and year fixed effects and the standard financial controls (leverage and cash flow). Fixed effects absorb time-invariant firm quality, so the estimate comes from within-firm variation in the asset over time, the design that makes the marketing-to-value claim credible rather than merely correlational. This reuses the kind of machinery developed in Chapter 23.


suppressPackageStartupMessages({library(dplyr)})
set.seed(7)

n_firm <- 120; n_year <- 8
firm_fe <- rnorm(n_firm, 0, 0.40)          # time-invariant firm quality
year_fe <- rnorm(n_year, 0, 0.10)

panel <- expand.grid(firm = 1:n_firm, year = 1:n_year) %>%
  mutate(
    brand_equity = 0.6 * firm_fe[firm] + rnorm(n(), 0, 1),  # quality raises BE
    leverage     = runif(n(), 0, 0.6),
    cash_flow    = rnorm(n(), 0, 1),
    # true within-firm effect of brand equity on Tobin's q is 0.25
    tobin_q = 1.2 + firm_fe[firm] + year_fe[year] +
              0.25 * brand_equity -        # the strategic effect of interest
              0.40 * leverage +
              0.15 * cash_flow +
              rnorm(n(), 0, 0.30)
  )

# Pooled OLS (no FE) overstates the effect: it confounds within- and between-firm
pooled <- lm(tobin_q ~ brand_equity + leverage + cash_flow, data = panel)

# Two-way fixed-effects: identify from WITHIN-firm changes in brand equity
fe <- lm(tobin_q ~ brand_equity + leverage + cash_flow +
           factor(firm) + factor(year), data = panel)

round(c(pooled_BE = coef(pooled)["brand_equity"],
        FE_BE      = coef(fe)["brand_equity"],
        truth      = 0.25), 3)
#> pooled_BE.brand_equity     FE_BE.brand_equity                  truth 
#>                  0.326                  0.242                  0.250




The pooled estimate is biased upward because it mixes the genuine within-firm effect with the cross-firm correlation that firm quality induces between brand equity and qq; the two-way fixed-effects estimate, which uses only within-firm variation, recovers the true 0.25 elasticity. This is the strategic content of the interface in one line: marketing builds an asset, and a credibly identified panel shows that the asset is priced into the value of the firm. The unresolved debate is whether marketing creates that value or merely signals pre-existing quality, and whether fixed effects and instruments fully purge the reverse-causality and omitted-quality threats (S. Srinivasan and Hanssens 2009; Edeling, Srinivasan, and Hanssens 2021).




10.6 Marketing Organization, the CMO, and Accountability

Strategy is executed by an organization, and how marketing is organized, and how much influence it wields, is itself a strategic variable. The marketing function’s influence inside the firm rose with the marketing concept and has been contested ever since, with periodic claims that it is declining as analytics, finance, and product functions absorb customer responsibility.

Verhoef and Leeflang (2009) ask what actually drives the marketing department’s clout and find that it rests on accountability (the ability to demonstrate marketing’s financial contribution), innovativeness, and a credible connection to the customer, not on budget size or headcount. The implication is pointed: the accountability turn is not only an intellectual movement but the practical price of marketing’s seat at the strategy table. Departments that cannot speak the language of firm value lose influence to those that can.

Moorman and Day (2016) give the modern integrative framework, defining marketing excellence as “a superior ability to perform essential customer-facing activities that improve customer, financial, stock market, and societal outcomes” and resting it on four organizational elements (capabilities, configuration, human capital, and culture) mobilized through seven activities. This MARORG framework is developed as a worked capability theory in Section 60.17.2.

The sharpest test of marketing’s organizational value is the chief marketing officer. Does having a CMO in the top management team improve performance? The natural design compares firms with and without a CMO (Nath and Mahajan 2008), and the cleanest estimate finds firms with a CMO exhibit roughly 15% higher Tobin’s qq (Germann, Ebbes, and Grewal 2015). But CMO presence is not randomly assigned, so the credible design combines firm fixed effects (identifying from within-firm changes in CMO presence) with instrumental variables (whose exclusion restriction is the untestable assumption on which the causal claim rests). The seminar chapter develops this as a worked identification example in Section 60.17.5, and it is the template for the whole field: a strategic construct becomes a finding only when its estimator and identifying assumptions are stated in full.

Underpinning all of this is measurement. Katsikeas et al. (2016) map the space of marketing performance outcomes (customer-mindset, marketplace, accounting, financial-market), and the recurring empirical result is that the ability to measure marketing is itself associated with performance and with executives’ confidence in the function. Whether measurement causes performance or better firms simply measure more is the same endogeneity question in a new guise.



10.7 Innovation and Growth Strategy

Growth is the strategic objective that most directly tests a firm’s resource base, and innovation is its primary engine. The strategic questions are who innovates radically, whether radical innovation pays, and how a firm can keep exploiting today’s business while exploring tomorrow’s.

The intuition that large incumbents cannot innovate radically turns out to be overstated. R. K. Chandy and Tellis (2000) show, against the “incumbent’s curse” assumption, that incumbents and large firms have introduced a substantial share of radical product innovations, especially in some eras and industries; the curse is contingent, not a law. Innovation’s payoff is also two-dimensional: it affects both the level of firm value and its risk, and radical and incremental innovations differ in how they move each, so a complete strategic assessment of an innovation portfolio must weigh return against the volatility it introduces.

The deeper organizational problem is ambidexterity: the firm must simultaneously exploit existing competencies (refining today’s products, serving today’s customers) and explore new ones (radical innovation, new markets), even though the two demand opposed structures, cultures, and metrics. Exploitation rewards efficiency, control, and incrementalism; exploration rewards slack, autonomy, and tolerance of failure. The dynamic-capabilities view (Teece, Pisano, and Shuen 1997; Day 2011) frames ambidexterity as the higher-order capability of reconfiguring the resource base, and it connects growth strategy back to the chapter’s spine: the firms that sustain advantage are those whose capabilities let them keep changing what they are good at.



10.8 The Frontier and a Research Agenda

The field’s own assessments of where it stands converge on a few themes. Varadarajan (2010) defines the domain and its foundational premises and, in doing so, exposes how fragmented the field’s empirical base is. Neil A. Morgan et al. (2019) survey the state of marketing-strategy research and argue that the field has over-studied isolated marketing-mix decisions and under-studied integrated strategy, the pattern that the opening of this chapter insists is the real object; they call for more work on strategy content (the substance of what firms decide), strategy process (how decisions get made and implemented), and strategy implementation, and for designs that take causal identification seriously.

Three further fronts are active. First, empirical generalizations: meta-analyses now pin down replication-grade facts, advertising elasticities (Sethuraman, Tellis, and Briesch 2011), the market-orientation to performance link (Kirca, Jayachandran, and Bearden 2005), marketing’s elasticity on firm value (Edeling and Fischer 2016), so that strategy debates can be settled with accumulated evidence rather than single studies. Second, integrating logics: service-dominant logic reframes value as co-created with customers rather than embedded in products (Vargo and Lusch 2004b), a lens that, depending on one’s view, either adds explanatory power or relabels existing constructs. Third, the emerging modules the field is racing to absorb: digital and platform strategy, privacy as strategy, AI as both a marketing capability and a competitive disruptor, ESG and firm value, and causal machine learning for heterogeneous strategic effects. Each follows the same template this chapter has modeled, a substantive construct, an estimator, and an explicit set of identifying assumptions.

The through-line for a doctoral reader is that marketing strategy is where the field is held accountable. Its constructs are interesting, but they earn their place only when forced into contact with outcome data under a credible design. The two simulations in this chapter, market orientation moderated by competition, and a marketing asset priced into firm value, are deliberately small instances of that discipline: each states a data-generating process, then shows what an honest estimator can and cannot recover from it.



10.9 Key Takeaways


	Marketing strategy is the firm-level, integrated pattern of choices through which a firm creates, captures, and sustains customer value, judged by customer, financial, stock-market, and societal performance (Varadarajan 2010; Neil A. Morgan et al. 2018). Strategy is distinguished from tactics by reversibility and scope, not by importance.

	Market orientation is the foundational implementation construct, conceived behaviorally as intelligence generation, dissemination, and responsiveness (Kohli and Jaworski 1990) and culturally as customer, competitor, and interfunctional orientation (Narver and Slater 1990). It pays on average but is necessary, not sufficient, and its payoff is moderated by competition and context (Kirca, Jayachandran, and Bearden 2005).

	Sustainable advantage rests on VRIN resources (Wernerfelt 1984) and the evolutionary, disequilibrium competition of resource-advantage theory (Hunt and Morgan 1995); marketing capabilities (Day 1994; Vorhies and Morgan 2005) convert orientation into position and outweigh R&D and operations capabilities in their performance impact (Krasnikov and Jayachandran 2008), while dynamic capabilities (Teece, Pisano, and Shuen 1997; Day 2011) keep advantage alive under change.

	Positioning (STP and differentiation) must separate the sources, positions, and performance outcomes of advantage (Day and Wensley 1988), and a defensible position is anchored to a capability rivals cannot quickly match.

	The marketing-finance interface is the accountability turn: marketing assets are off-balance-sheet drivers of firm value (Srivastava, Shervani, and Fahey 1998a; S. Srinivasan and Hanssens 2009), and credibly identified panels price brand and customer equity into Tobin’s qq (Edeling and Fischer 2016; V. Kumar and Shah 2009a). Cross-references: Chapter 23, Section 11.3, Chapter 15.

	Marketing’s organizational influence depends on accountability, innovativeness, and customer connection (Verhoef and Leeflang 2009); marketing excellence rests on four elements and seven activities (Moorman and Day 2016); and the CMO’s value, a roughly 15% Tobin’s qq premium, is a finding only because its design confronts endogeneity (Germann, Ebbes, and Grewal 2015).

	The agenda (Neil A. Morgan et al. 2019; Neil A. Morgan 2012) is to study integrated strategy rather than isolated tactics, to accumulate empirical generalizations (Sethuraman, Tellis, and Briesch 2011), and to absorb digital, platform, privacy, and AI strategy under the same discipline of construct, estimator, and identifying assumption.







11 Branding

A brand is the set of associations that a name, symbol, or design evokes in the people who encounter it. Those associations are an economic asset: they shift demand, command price premiums, and—when they are strong—surface on the balance sheet and in how equity markets value the firm. This chapter treats branding as two tightly coupled objects: a behavioral construct (what a brand means to consumers) and a financial one (what a brand is worth to the firm). A serious account of branding must connect the two, and the modern empirical literature increasingly does.

The chapter proceeds from the inside out. We begin with the raw materials of a brand—its name, logo, and slogan. We then build to brand equity, the central construct, and confront its measurement controversies head-on. From there we move to the richer psychological structures brands inhabit—associations, personality, relationships, love, authenticity—and to the strategic decisions managers actually make: portfolio architecture, extensions, co-branding, crisis recovery, and global strategy. We close with brand valuation, where the behavioral construct is finally expressed in dollars, and supply reproducible code for the leading valuation methods.


11.1 Conceptual Foundations

Classical theory rationalizes brands as quality signals. When product quality is unobservable before purchase (an experience or credence good), a brand name that is expensive to build and easy to destroy can credibly signal quality: a firm selling low quality cannot profitably imitate the investment because repeat purchase will not materialize. On this view a brand economizes on search and substitutes for information in information-poor markets.

Hyperconnectivity strains this account. Swaminathan et al. (2020) define the hyperconnected world as the continuous, location-independent access among people, devices, and organizations, and argue it changes branding along two axes. First, it blurs ownership: when any stakeholder can broadcast, brand meaning is co-created rather than dictated, moving brands from single to shared ownership. Second, it broadens boundaries: more entities are branded (people, places, ideas, organizations (Thomson 2006; Zenker and Braun 2010)) and commercial brands increasingly carry social missions. The signaling role weakens precisely where information is now abundant—online reviews and search deliver quality information directly—so the brand’s value migrates from signaling quality toward other functions: a cue that economizes on attention in information-rich environments, an instrument of identity expression, a container of socially constructed meaning, and an architect of value within networks.

Two complementary lenses organize the field. The consumer lens splits into an economic view (brands as market signals) and a psychological view (brands as knowledge structures in memory). The firm lens splits into a strategic view (branding as a set of controllable actions) and a financial view (branding actions priced in firm value). The psychological view rests on Belk (1988)‘s extended self: consumers consume to construct and signal identity, so a brand becomes part of who the consumer is. That premise—brands as identity infrastructure—recurs throughout the chapter and explains why ostensibly “soft” constructs (personality, love, authenticity) have hard consequences for demand. Reflecting the migration of brand activity online, Muntinga, Moorman, and Smit (2011) classify consumers’ online brand-related activities (COBRAs) along a ladder of engagement—consuming (passive), contributing (rating, commenting), and creating (producing brand content)—and brands increasingly cultivate owned channels and apps rather than renting attention from marketplaces (Wichmann, Wiegand, and Reinartz 2021).



11.2 Brand Elements

The smallest controllable units of a brand are its name, logo, and slogan. Each is a lever on perception before any product experience occurs.

Names carry semantic and phonetic content. Linguistically feminine brand names raise perceived warmth, which in turn lifts attitudes and choice share, both hypothetically and in consequential choice; the effect attenuates for male subjects and for utilitarian products (Pogacar et al. 2021). For technological products, alphanumeric names (e.g., model-number conventions) are more acceptable than for nontechnical products (Pavia and Costa 1993). Names are also sticky assets: in rebranding, most of the sales gain is attributable to the pre- and post-rebranding brand identities rather than to the transition itself (Y.-L. Tsai, Dev, and Chintagunta 2015).

Logos trade off recognition against image. High-recognition logos tend to be natural, harmonious, and moderately elaborate; complex, elaborate logos sustain interest and favor more effectively (Henderson and Cote 1998). Symbol-based logos deliver stronger self-identification benefits than wordmark-only logos (C. W. Park et al. 2013). Slogans for strong brands are better liked and more recognizable than slogans for weak brands, independent of respondents’ ability to attribute them correctly (Dahlén and Rosengren 2005)—evidence that brand strength spills onto the evaluation of the brand’s own elements.



11.3 Brand Equity

Brand equity is the value a brand name adds beyond a product’s functional utility. It is the central construct of the chapter and one of the few in marketing that has generated two largely separate measurement literatures: a customer-based tradition that reads equity from the consumer’s mind (surveys, scales, choices) and a financial/market-based tradition that reads it from prices, profits, and stock returns. The two traditions rarely cite one another, yet they are measuring the same underlying asset from opposite ends. The most consequential recent development is not a new definition but a new instrument set: always-on computational measurement from social text, images, co-purchase graphs, and, most recently, large language models. This section leads with that computational frontier, then grounds it in the classical customer-based and financial traditions, and closes by bridging explicitly to the marketing-finance machinery of Chapter 23.

Two reference frameworks organize everything that follows. The first is Keller’s (Keller 1993) definition of customer-based brand equity (CBBE) as the differential effect of brand knowledge on consumer response to the brand’s marketing: the same product at the same price elicits a more favorable response under a strong brand. The second is the brand value chain of Keller and Lehmann (2006a), which traces equity through four stages, marketing investment, customer mindset (awareness, associations, attitudes), market performance (price premium, share, loyalty), and finally shareholder value. The value chain is the spine that connects the customer-based and financial traditions: customer-based measures sit at the mindset and market- performance stages, financial measures at the shareholder-value stage, and a credible account of brand equity must explain how value propagates from one to the next. S. Srinivasan and Hanssens (2009) (Srinivasan and Hanssens) supply the empirical-methods companion to that conceptual chain, cataloguing the metrics (Tobin’s qq, abnormal returns, event-study CARs) and methods (persistence models, vector autoregressions, value-relevance regressions) that link marketing assets, brand equity among them, to firm value. Bridging the two traditions matters because each is incomplete alone: mindset measures can move without ever reaching the cash register, and financial measures can move for reasons that have nothing to do with the brand.

A transparent operationalization at the market-performance stage is the price premium a brand commands over an otherwise-equivalent generic, BEb=pb−pgeneric(11.1)
\text{BE}_b = p_b - p_{\text{generic}}
 \qquad(11.1) which is conceptually distinct from value added, p−cp - c (price over cost of production). A generic can carry value added (e.g., convenience) without carrying brand equity; equity is specifically the increment attributable to the name (D. Aaker 1996). A complementary distinction separates the functional, emotional, and self-expressive benefits a brand’s value proposition delivers (D. Aaker 1996): functional benefits derive from product attributes; emotional benefits from feelings during private use; self-expressive benefits from public signaling of identity. Because mass production has commoditized quality, quality alone no longer confers status (Holt 1998), and the self-expressive component carries an increasing share of equity.


11.3.1 The Computational Frontier

The classical instruments for measuring equity (surveys, scanner regressions, choice experiments) are periodic, expensive, and backward-looking. The defining shift of the past decade is the migration of measurement onto continuous digital traces: review text, social posts, follower graphs, consumer-posted images, co-purchase baskets, and now synthetic respondents generated by language models. The methodological through-line across this work is representation plus validation: every method pairs a learned representation (topics, embeddings, image features, model judgments) with an external validation against a traditional brand metric (a survey perceptual map, a mindset tracker, a stock return). The right pedagogical emphasis is that pairing, not any single algorithm.

The reference architecture for always-on tracking is Roland T. Rust et al. (2021), who build a continuously updating brand-reputation index from social-media streams and validate it against established survey brand metrics. The lesson is that a well-constructed real-time index can stand in for a quarterly survey, collapsing the measurement lag from months to hours. Perception can also be recovered from network structure rather than content: Culotta and Cutler (2016) infer brand perceptual attributes (eco-friendly, luxury, nutritious) from who follows whom on social platforms, showing that the company a brand keeps is itself a measurement instrument. From raw text, two complementary geometries emerge. Netzer et al. (2012) recover competitive market structure from forum co-mentions, turning unstructured chatter into a brand map; Tirunillai and Tellis (2014) (cited as the LDA “chatter” study) extract latent quality dimensions, their valence, and their dynamics from hundreds of thousands of reviews. The second wave replaces topic counts with embeddings: Timoshenko and Hauser (2019) use word embeddings to extract non-redundant customer needs from user-generated content, and Gabel, Guhl, and Klapper (2019) introduce P2V-MAP, a product2vec model that learns interpretable brand and product positions from basket co-occurrence at retail scale. J. Berger et al. (2020a) codify the resulting toolkit (dictionaries, topics, embeddings, classifiers) and, importantly for a measurement chapter, its validation requirements.

Brand image is increasingly read from pixels rather than words. L. Liu, Dzyabura, and Mizik (2020) train a deep convolutional network (BrandImageNet) that recovers perceptual brand attributes directly from consumer-posted images, “visual listening in” as a complement to text listening, and Hartmann et al. (2021a) show that the type of consumer image (a “selfie” with the brand versus a “packshot” of it) carries distinct brand meaning and drives engagement differently. The social signal also propagates to firm value: Tirunillai and Tellis (2012) establish that the volume of online chatter leads abnormal stock returns, X. Luo, Zhang, and Duan (2013) show social-media metrics are leading indicators of firm equity value, and Colicev et al. (2018) route owned versus earned social media through mindset metrics (awareness, satisfaction) to shareholder value, closing the value chain in the social era.

The newest stream treats the language model itself as the measurement device. P. Li et al. (2024) test whether an LLM can generate brand perceptual maps and attribute scores that match human survey perceptions, validating with a triplet-agreement criterion (do model and humans agree which of two brands is closer to a third?). The broader “silicon sampling” idea, simulating human respondents with a language model, traces to Argyle et al. (2023). The stream is the most active and least settled: LLMs can scale and pre-test brand measures cheaply, but current evidence is that they require a human anchor for validity rather than replacing human respondents outright. We return to a worked, API-free version of the perceptual-map idea in Section 11.3.5.



11.3.2 Customer-Based Measurement

The customer-based tradition measures equity from the consumer mindset. Its managerial origin is Aaker’s five-asset framework (awareness, perceived quality, associations, loyalty, and other proprietary assets) in Managing Brand Equity (Aaker 1991) and the “Brand Equity Ten” measurement battery in Building Strong Brands (Aaker 1996, D. Aaker (1996)); its psychological grounding is Keller’s CBBE (Keller 1993). The dominant survey instruments operationalize these constructs as multi-item scales. Yoo and Donthu (2001) give a parsimonious multidimensional consumer-based brand-equity scale (loyalty, perceived quality, awareness/associations) plus a four-item overall-equity scale; Netemeyer et al. (2004) develop and validate facet measures (perceived quality, perceived value, uniqueness, and willingness to pay a price premium) and show the price-premium facet is the proximal driver of purchase intent, a result that motivates reading equity off market behavior directly.


11.3.2.1 Is Equity Reflective or Formative?

A consequential and unsettled question is whether CBBE is a reflective or a formative construct, because the answer dictates which validity tests apply and how the construct may legitimately be aggregated (Chapter 35). Let η\eta denote latent brand equity and let x1,…,xKx_1,\dots,x_K be observed dimensions (perceived quality, associations, awareness, loyalty). The reflective specification treats the dimensions as manifestations of equity, xk=λkη+εk,k=1,…,K, x_k = \lambda_k \eta + \varepsilon_k, \qquad k = 1,\dots,K,  so the indicators should be internally consistent and interchangeable; this is the view of Yoo and Donthu (2001). The formative specification reverses the arrows, treating the dimensions as causes that compose equity, η=∑k=1Kwkxk+ζ, \eta = \sum_{k=1}^{K} w_k x_k + \zeta,  so the indicators need not correlate and are not interchangeable; this is the view of Henseler (2017). The two are not nested and imply different psychometrics: reflective models are evaluated by internal-consistency and convergent/discriminant validity, whereas formative models are evaluated by indicator weights and multicollinearity diagnostics. A pragmatic third position treats equity as an outcome measured directly (e.g., the premium in Equation 11.1) rather than scaled from its drivers; this is often easier to defend to reviewers but is not the field’s consensus.



11.3.2.2 Revenue and Price Premium

Reading equity off market behavior rather than surveys yields outcome measures that are forward-looking and hard to game. Ailawadi, Lehmann, and Neslin (2003) define the revenue premium, the difference in revenue (price times volume) between a brand and a comparable private-label or generic, net of cost, as an outcome measure of brand equity computable directly from scanner data. The price-premium family (Aaker’s “Brand Equity Ten” premium item, D. Aaker (1996)) isolates the per-unit price a brand commands at equal share. Revealed-preference decompositions in the same spirit recover equity from single-source panels: W. A. Kamakura and Russell (1993) split brand value into a tangible (attribute-driven) and an intangible (name-driven) component within a choice model. The revenue-premium computation, including a side estimate of own-price elasticity, is demonstrated on simulated scanner data in Section 11.3.5.



11.3.2.3 Conjoint and Choice-Based Equity

A third route recovers equity from trade-offs in choice. C. S. Park and Srinivasan (1994) decompose brand equity in a survey-based conjoint into an attribute-based component (the part explained by measured attributes) and a non-attribute, brand-specific residual, and link the residual to extendibility. Swait et al. (1993) define the equalization price, the price reduction that makes a no-name option as attractive as the branded one in a discrete-choice model, giving equity a clean monetary interpretation as the value of the brand’s intangible utility. Tülin Erdem and Swait (1998) supply the microfoundation: brands act as signals that reduce perceived risk and information costs, so equity is the credibility and clarity of that signal, mapping directly onto choice-model utility. The equalization-price calculation is worked end-to-end on simulated choice data in Section 11.3.5.




11.3.3 Financial and Market-Based Valuation

The financial tradition measures equity from the firm’s market value. The foundational method is Simon and Sullivan (1993) (Simon and Sullivan), who estimate brand equity from financial- market value: total intangible value is the excess of market value over the replacement cost of tangible assets (a Tobin’s qq logic), and brand equity is the share of that intangible attributable to brand-related drivers (advertising share, order of entry, the advertising-to-sales ratio). Barth et al. (1998) show that published brand-value estimates are value-relevant: they explain share prices and returns incrementally over book equity and earnings, legitimizing brand value as an accounting-relevant intangible. The Interbrand “Best Global Brands” discounted-economic-profit method (implemented in the worked InterBrand demo later in this chapter) is the leading practitioner instrument, and its academic legitimacy rests on Barth et al. A Simon-Sullivan-style Tobin’s qq decomposition on simulated firm financials is given in Section 11.3.5, and it is the explicit computational bridge to Section 23.4.


11.3.3.1 Stock-Return and Risk Evidence

Brand equity shows up in stock returns and risk, not merely in accounting value. T. J. Madden (2006) (Madden, Fehle, and Fournier) form portfolios of strong-brand firms from the Interbrand list and show they earn higher returns with lower risk than the market and matched firms, a branding “alpha” after Fama-French and Carhart adjustment. Mizik and Jacobson (2008) (cited in the project as Mizik and Jacobson) show perceptual brand attributes from the Young & Rubicam BrandAsset Valuator predict future stock returns, implying the market does not fully or immediately impound brand-perception changes. D. A. Aaker and Jacobson (2001a) establish the same leading relationship for brand attitude in high-technology markets, and Johansson, Dimofte, and Mazvancheryl (2012) show strong brands lost less value in the 2008 financial crisis, evidence that equity buffers downside risk. The estimation problem of recovering the total financial impact of equity from short time series is treated by Mizik (2014). A simulated brand-portfolio long-short return spread, mirroring T. J. Madden (2006), appears in Section 11.3.5.




11.3.4 Bridge to the Marketing-Finance Interface

The customer-based and financial traditions meet at firm value, and the meeting point is the Tobin’s qq valuation regression developed in Section 23.4. There, qitq_{it}, the ratio of a firm’s market value to the replacement cost of its assets, is regressed on marketing assets with firm and year fixed effects, qit=βBrandIndexit+𝐱it⊤𝛄+αi+δt+uit,(11.2) q_{it} = \beta\,\text{BrandIndex}_{it} + \mathbf{x}_{it}^{\top}\boldsymbol{\gamma}
   + \alpha_i + \delta_t + u_{it},  \qquad(11.2) so that a customer-based brand index (an embedding-derived equity score, a survey mindset metric, a revenue premium) enters the same regression that prices any other marketing asset. This is the literal computational bridge between the two traditions: the customer-based literature supplies BrandIndexit\text{BrandIndex}_{it}, and the marketing-finance literature supplies the identification machinery and the firm-value outcome. S. Srinivasan and Hanssens (2009) is the methodological map for that regression, and the caveats of Section 23.4.2 (reverse causality, omitted intangibles, accounting-proxy bias in qq) apply in full. The financial relevance of customer-based equity is by now well established: it is positively associated with stock returns, firm value, and credit ratings and negatively associated with idiosyncratic risk and earnings volatility (S. G. Bharadwaj, Tuli, and Bonfrer 2011; Larkin 2013; T. J. Madden 2006; Mizik and Jacobson 2008; Lopo L. Rego, Billett, and Morgan 2009), and the asset is even priced in the managerial labor market, where executives accept lower pay to be associated with strong brands, an effect concentrated among CEOs and younger executives (Tavassoli, Sorescu, and Chandy 2014). We revisit valuation quantitatively at the end of this chapter and formalize the event-study machinery in Chapter 23.



11.3.5 Worked Computations

The five demonstrations below run on simulated data, span both measurement traditions, and carry the marketing-finance bridge. They use base R plus dplyr, ggplot2, and MASS, all already standard in this book.

A first demonstration computes the revenue premium of Ailawadi, Lehmann, and Neslin (2003) on simulated weekly scanner data for a national brand and a comparable private label across stores, and recovers each brand’s own-price elasticity as a side metric.


library(dplyr)
set.seed(42)

n_stores <- 30; n_weeks <- 52
grid <- expand.grid(store = 1:n_stores, week = 1:n_weeks)

# National brand: higher baseline price and stronger baseline demand (equity);
# private label: cheaper, weaker baseline. Both face log-log demand in price.
sim_brand <- function(base_logdemand, base_price, elasticity, n, sd_price) {
  price <- pmax(0.5, base_price + rnorm(n, 0, sd_price))
  units <- exp(base_logdemand + elasticity * log(price) + rnorm(n, 0, 0.20))
  data.frame(price = price, units = units)
}

nb <- sim_brand(base_logdemand = 7.0, base_price = 3.20, elasticity = -1.8,
                n = nrow(grid), sd_price = 0.25)
pl <- sim_brand(base_logdemand = 6.2, base_price = 2.10, elasticity = -2.4,
                n = nrow(grid), sd_price = 0.20)

scan_dat <- bind_rows(
  cbind(grid, brand = "National", nb),
  cbind(grid, brand = "PrivateLabel", pl)
)

# Revenue premium = (revenue of national brand) - (revenue of private label),
# aggregated to the store-week and averaged (Ailawadi, Lehmann & Neslin 2003).
rev_long <- scan_dat |>
  mutate(revenue = price * units) |>
  group_by(store, week, brand) |>
  summarise(revenue = sum(revenue), .groups = "drop")

rev_nb <- rev_long$revenue[rev_long$brand == "National"]
rev_pl <- rev_long$revenue[rev_long$brand == "PrivateLabel"]
revenue_premium <- mean(rev_nb - rev_pl)

# Own-price elasticity per brand from a log-log regression.
elas <- scan_dat |>
  group_by(brand) |>
  summarise(elasticity = coef(lm(log(units) ~ log(price)))[["log(price)"]],
            .groups = "drop")

cat("Mean revenue premium per store-week: $",
    format(round(revenue_premium), big.mark = ","), "\n", sep = "")
#> Mean revenue premium per store-week: $263
print(elas)
#> # A tibble: 2 × 2
#>   brand        elasticity
#>   <chr>             <dbl>
#> 1 National          -1.88
#> 2 PrivateLabel      -2.41




The second demonstration is the Simon-Sullivan financial decomposition. Across a cross-section of simulated firms it computes Tobin’s qq, isolates intangible value as market value net of tangible replacement cost, regresses that intangible on brand-related drivers, and reports the fitted brand-equity share. This is the same qq object used in Section 23.4.


set.seed(7)
N <- 400
firm <- data.frame(
  tangible_repl = runif(N, 50, 500),                 # replacement cost of tangibles
  ad_share      = rbeta(N, 2, 5),                     # advertising share of sales
  order_entry   = sample(1:6, N, replace = TRUE),     # 1 = pioneer (more equity)
  rd_intensity  = rbeta(N, 2, 8)                      # other intangible (control)
)

# True data-generating process: intangible value rises in advertising share and
# pioneering (low order-of-entry number), plus non-brand intangibles (R&D) + noise.
brand_intangible <- 120 * firm$ad_share + 15 * (7 - firm$order_entry)
other_intangible <- 200 * firm$rd_intensity
firm$market_value <- firm$tangible_repl + brand_intangible + other_intangible +
  rnorm(N, 0, 25)

firm$q          <- firm$market_value / firm$tangible_repl
firm$intangible <- firm$market_value - firm$tangible_repl

# Regress intangible value on brand drivers (+ control); fitted brand component
# is the brand-equity share of intangible value (Simon & Sullivan 1993 logic).
fit <- lm(intangible ~ ad_share + I(7 - order_entry) + rd_intensity, data = firm)
firm$brand_equity_hat <- coef(fit)["ad_share"] * firm$ad_share +
  coef(fit)["I(7 - order_entry)"] * (7 - firm$order_entry)

brand_share <- mean(firm$brand_equity_hat) / mean(firm$intangible)

cat("Mean Tobin's q:                 ", round(mean(firm$q), 3), "\n")
#> Mean Tobin's q:                  1.596
cat("Brand share of intangible value:", round(100 * brand_share, 1), "%\n")
#> Brand share of intangible value: 66 %




The third demonstration mirrors T. J. Madden (2006): it simulates monthly returns for a strong-brand and a weak-brand portfolio (the strong portfolio carries a small positive alpha and lower idiosyncratic volatility), recovers alpha and beta from a CAPM-style time-series regression on the strong portfolio, and reports the long-short (strong minus weak) spread with a tt-statistic.


set.seed(2024)
Tm  <- 240                                   # 20 years of monthly returns
mkt <- rnorm(Tm, mean = 0.006, sd = 0.045)   # market excess return
rf  <- 0.0
alpha_strong <- 0.0025                        # ~30 bps/yr branding alpha
strong <- alpha_strong + 0.95 * mkt + rnorm(Tm, 0, 0.020)  # lower idio vol
weak   <- 0.0000      + 1.10 * mkt + rnorm(Tm, 0, 0.035)   # higher idio vol

capm   <- lm(I(strong - rf) ~ I(mkt - rf))
spread <- strong - weak
tt     <- t.test(spread)

cat("CAPM alpha (monthly):", round(coef(capm)[1], 5),
    " annualized:", round(((1 + coef(capm)[1])^12 - 1) * 100, 2), "%\n")
#> CAPM alpha (monthly): 0.0039  annualized: 4.79 %
cat("CAPM beta:           ", round(coef(capm)[2], 3), "\n")
#> CAPM beta:            0.995
cat("Long-short mean spread (monthly):", round(mean(spread), 5),
    " t =", round(tt$statistic, 2), "\n")
#> Long-short mean spread (monthly): 0.00551  t = 2.12




The fourth demonstration computes the equalization-price equity of Swait et al. (1993) on a simulated choice experiment. Three brands and a no-name outside option vary in price and quality; a multinomial logit is fit by maximum likelihood (hand-coded, no external choice package), and the equalization price is the brand-specific intercept divided by the absolute price coefficient, that is, the price cut that would make the no-name option as attractive as the branded one.


set.seed(11)
n_resp <- 1500
J <- 4                                  # 3 brands + 1 no-name outside option

# True utilities: brand-specific intercepts (ASCs), price (neg), quality (pos).
asc   <- c(BrandA = 1.6, BrandB = 1.0, BrandC = 0.4, NoName = 0.0)
b_pr  <- -0.9
b_qu  <-  0.7

# Each respondent sees one choice set with random price/quality per alternative.
make_set <- function() {
  price   <- runif(J, 1, 5)
  quality <- runif(J, 0, 3)
  V <- asc + b_pr * price + b_qu * quality
  p <- exp(V) / sum(exp(V))
  choice <- sample(1:J, 1, prob = p)
  data.frame(alt = 1:J, price = price, quality = quality,
             chosen = as.integer(1:J == choice))
}
dat <- do.call(rbind, lapply(1:n_resp, function(i)
  cbind(set = i, make_set())))

# Design matrix: 3 brand dummies (NoName is the reference) + price + quality.
X <- cbind(
  BrandA  = as.integer(dat$alt == 1),
  BrandB  = as.integer(dat$alt == 2),
  BrandC  = as.integer(dat$alt == 3),
  price   = dat$price,
  quality = dat$quality
)
negll <- function(par) {
  V <- as.vector(X %*% par)
  df <- data.frame(set = dat$set, V = V, chosen = dat$chosen)
  denom <- tapply(exp(df$V), df$set, sum)
  ll <- sum(df$V[df$chosen == 1]) - sum(log(denom))
  -ll
}
est <- optim(rep(0, 5), negll, method = "BFGS")$par
names(est) <- colnames(X)

eq_price <- est[c("BrandA", "BrandB", "BrandC")] / abs(est["price"])
cat("Estimated coefficients:\n"); print(round(est, 3))
#> Estimated coefficients:
#>  BrandA  BrandB  BrandC   price quality 
#>   1.424   0.847   0.334  -0.882   0.607
cat("\nEqualization price (value of brand over no-name), $/unit:\n")
#> 
#> Equalization price (value of brand over no-name), $/unit:
print(round(eq_price, 3))
#> BrandA BrandB BrandC 
#>  1.615  0.960  0.379




The fifth demonstration builds a brand perceptual map from text, in the spirit of Netzer et al. (2012), Timoshenko and Hauser (2019), and Gabel, Guhl, and Klapper (2019), without any external corpus or API. Each brand is given a profile over latent association words; a term-by-brand matrix is embedded with a low-rank singular value decomposition (a stand-in for word2vec or LLM embeddings); brands are then projected to two dimensions by classical multidimensional scaling and plotted with ggplot2. The same pipeline accepts real embeddings (from text2vec or an ellmer call to a language model) in place of the simulated matrix.


library(ggplot2)
set.seed(99)

brands <- c("Summit", "Vela", "Norden", "Aero", "Lumen", "Cobalt")
assoc  <- c("rugged", "premium", "playful", "eco", "techy", "trusted",
            "affordable", "youthful")

# Latent positioning: each brand emphasizes a few associations.
profile <- matrix(rgamma(length(brands) * length(assoc), shape = 0.4, rate = 1),
                  nrow = length(assoc), dimnames = list(assoc, brands))
profile["rugged",  "Summit"] <- 6; profile["eco",     "Summit"]  <- 4
profile["premium", "Vela"]   <- 6; profile["trusted", "Vela"]    <- 4
profile["trusted", "Norden"] <- 6; profile["eco",     "Norden"]  <- 5
profile["techy",   "Aero"]   <- 6; profile["youthful","Aero"]    <- 4
profile["playful", "Lumen"]  <- 6; profile["youthful","Lumen"]   <- 5
profile["premium", "Cobalt"] <- 5; profile["techy",   "Cobalt"]  <- 5

# TF-IDF-style weighting, then a low-rank SVD embedding of the term-brand matrix.
tf  <- t(t(profile) / colSums(profile))
idf <- log(ncol(profile) / (rowSums(profile > 0.5) + 1))
M   <- tf * idf
sv  <- svd(M)
brand_emb <- diag(sv$d[1:4]) %*% t(sv$v[, 1:4])   # 4-dim brand embeddings
colnames(brand_emb) <- brands

# Classical MDS (base R) from cosine distances between brand embeddings.
cos_sim <- function(A) {
  A <- scale(A, center = FALSE, scale = sqrt(colSums(A^2)))
  t(A) %*% A
}
D   <- as.dist(1 - cos_sim(brand_emb))
mds <- cmdscale(D, k = 2)
map_df <- data.frame(brand = brands, Dim1 = mds[, 1], Dim2 = mds[, 2])

ggplot(map_df, aes(Dim1, Dim2, label = brand)) +
  geom_point(color = "steelblue", size = 3) +
  geom_text(vjust = -0.9) +
  labs(title = "Simulated brand perceptual map (embedding + MDS)",
       x = "Dimension 1", y = "Dimension 2") +
  theme_minimal() +
  coord_cartesian(clip = "off")
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11.3.6 Brand Loyalty, Awareness, and Prominence

Loyalty has two components that must not be conflated: attitudinal loyalty (a favorable disposition) and behavioral loyalty (repeat purchase), a distinction pioneered by Jacoby and Chestnut and reviewed by Berkowitz, Jacoby, and Chestnut (1978). The two diverge under competitive promotion and can be separately diagnostic of equity. Awareness (brand familiarity) correlates with market performance, but the link is moderated by market characteristics (product homogeneity, technological volatility) and buyer characteristics (buying-center heterogeneity, time pressure) (Homburg, Klarmann, and Schmitt 2010).

Prominence—the conspicuousness of a brand’s mark on a product—operates through a status-signaling logic (Han, Nunes, and Drèze 2010). Status accrues to evidence of wealth, i.e., to conspicuous consumption, and luxury goods confer status simply by being shown. Crucially, quiet versus loud branding are different signals decipherable by different audiences. Han, Nunes, and Drèze (2010) organize consumers on two dimensions—wealth and need for status—into four types: patricians (high wealth, low need) pay a premium for subtle signals only other patricians can read; parvenus (high wealth, high need) buy loud signals to separate from have-nots; poseurs (low wealth, high need) imitate parvenus, often with counterfeits; and proletarians (low need) do not signal. Two empirical regularities follow and are observed in market data: inconspicuously branded luxury goods can cost more than conspicuously branded ones, and counterfeiters copy the louder, lower-priced items that poseurs demand. Status-consistent communication norms reinforce this: reduced emotionality in messaging signals high status by evoking high-status reference groups (J. K. Lee 2021), and prominence raises perceived quality and emotional value, which feed purchase intention (Butcher, Phau, and Teah 2016).



11.3.7 Perceived Quality and Quality Signaling

Perceived quality is itself an asset: brand quality raises shareholder wealth (D. A. Aaker and Jacobson 1994). Its dynamics are attribute-specific. As a warranty nears expiration, satisfaction with resolvable attributes declines faster yet weighs more heavily on overall quality perceptions, whereas irresolvable attributes decline more slowly and weigh less over time (Rebecca J. Slotegraaf and Inman 2004).

When quality is unobservable, firms can signal it through specialization. Kalra and Li (2008) model a firm choosing to offer one service or two. Specializing forgoes profit in the second category; that forgone profit is a signaling cost that a high-quality firm can bear more cheaply than a low-quality imitator, so specialization can support a separating equilibrium in which only high-quality firms specialize. In homogeneous markets specialization is the primary quality signal; in heterogeneous markets pricing can signal quality directly, but specialization persists as an effective secondary signal because its signaling cost is lower, and its use rises with competitive intensity. The general lesson—that credible signals are costly differentially across types—recurs in the prominence and authenticity literatures.



11.3.8 Associations, Meaning, Image, Personality, and Coolness

Brand associations are the full network of brand-linked nodes in memory; different audiences can hold contradictory associations with the same stimulus. Batra (2019) define brand meaning as the complete network of associations produced by consumer interactions with the brand and its communications, sourced from visual cues (advertising, packaging), sensory cues (music), and human cues (endorsers, who act as conduits of cultural-meaning transfer). Brand image governs transferability: extensions succeed when parent and target share attributes and image (personality) similarity (Batra and Homer 2004), with prestige- versus popularity-based images interacting with the visual distance between product and consumer to shape willingness to pay (X.-Y. (Marcos). Chu, Chang, and Lee 2021). Corporate social responsibility raises product evaluations even for attributes consumers can directly experience, an effect dampened when the firm’s motives are read as self-interested rather than benevolent (Chernev and Blair 2015). Image can now be measured at scale: L. Liu, Dzyabura, and Mizik (2020) train a multi-label convolutional network (BrandImageNet) to detect perceptual brand attributes in consumer-created images, recovering survey-consistent perceptions in near real time.

Brand personality—the human characteristics associated with a brand—loads on five dimensions in Jennifer Lynn Aaker (1997): sincerity, excitement, competence, sophistication, and ruggedness, with an accompanying scale; Grohmann (2009) adds masculine and feminine dimensions and shows spokespeople shape them and that personality–self-congruence drives affective, attitudinal, and behavioral response. Batra, Lenk, and Wedel (2010) supply a Bayesian factor model separating brand- and category-level random effects to quantify a brand’s fit and atypicality, the levers of extension success. Brand coolness (Warren and Campbell 2014; Warren et al. 2019) is a distinct, dynamic, socially constructed positive trait attributed to appropriately autonomous objects: autonomy (diverging from norms) raises coolness only when the divergence is appropriate, which depends on whether the violated norm is descriptive or injunctive, the norm’s perceived legitimacy, and how much the audience values autonomy. Cool brands are first niche (subcultural, rebellious, authentic, original) and acquire iconic and popular attributes only as the mass market adopts them.




11.4 Brand Authenticity

Whether authenticity is reflective or formative is, as with equity, unresolved, and the two leading scales take opposite stances. Morhart et al. (2015) propose a reflective perceived-brand-authenticity (PBA) scale—the extent to which consumers perceive a brand as faithful to itself and its consumers and as supporting consumers’ own authenticity—built from four reflective facets (continuity, integrity, credibility, symbolism) and arising from the interplay of objective facts (indexical authenticity), subjective associations (iconic authenticity), and existential motives (existential authenticity); its drivers predict emotional attachment and positive word of mouth. Nunes, Ordanini, and Giambastiani (2021) instead propose a formative account in which authenticity is composed of six component judgments—accuracy, connectedness, integrity, legitimacy, originality, and proficiency—whose weights shift with consumption context. The unresolved measurement model is not academic bookkeeping: it determines whether a brand should manage authenticity by strengthening a coherent latent disposition (reflective) or by intervening on specific, possibly uncorrelated, component judgments (formative).



11.5 Brand Relationships

Consumers form relationships with brands that are valid at the level of lived experience (Fournier 1998). Relationships require interdependence—partners affect and redefine the relationship—and brands are animated through possession by a significant other, anthropomorphization, or acting as an active partner. Fournier (1998) operationalizes brand relationship quality (BRQ) along six facets: love/passion, self-connection, commitment, interdependence, intimacy, and brand-partner quality. BRQ is richer than loyalty, with which it overlaps, and mechanistically connected to brand personality.

Relationship norms govern evaluation. Aggarwal (2004) distinguishes exchange relationships (quid pro quo: expected, prompt repayment) from communal relationships (benefits given to show concern, without expected return); when consumers relate to a brand communally, applying exchange norms violates expectations and damages evaluations. People judge brands as they judge people—on warmth and competence (J. Aaker, Vohs, and Mogilner 2010): for-profits read as competent but cold, nonprofits as warm but less competent, and credibility cues that raise perceived competence recover willingness to buy from nonprofits. Anthropomorphism has a dark side: humanized brands suffer larger evaluation losses under negative publicity because consumers attribute misbehavior to stable traits, with the penalty concentrated among entity theorists (who believe traits are fixed), for whom compensation—not apology or denial—is the only effective response (Puzakova, Kwak, and Rocereto 2013; MacInnis and Folkes 2017). Self-construal moderates which connection matters: self-concept connection dominates under independent self-construal, country-of-origin connection under interdependent self-construal (Swaminathan, Page, and Gürhan-Canli 2007), and avoidance/anxiety attachment styles predict preferences for exciting versus sincere brands (Swaminathan, Stilley, and Ahluwalia 2009).


11.5.1 Brand Love

Brand love sits at the level of brand equity and subsumes brand affect. Batra, Ahuvia, and Bagozzi (2012) establish it as a higher-order reflective construct distinct from the transient emotion of love—long-lasting and spanning affective, cognitive, and behavioral experiences. Richard P. Bagozzi, Batra, and Ahuvia (2016) distill a parsimonious scale with three reflective higher-order factors—self–brand integration, positive emotional connection, and passion-driven behavior—validated against method bias with a multitrait–multimethod design.




11.6 Reputation and Evaluation

Reputation is a global evaluation of an organization accumulated over time (Fombrun and Shanley 1990; J. Aaker, Vohs, and Mogilner 2010), carrying both competence and warmth dimensions. It is broader than brand equity in one telling sense: equity, a marketing construct, typically denotes the positive part of the firm, whereas reputation, a management construct, spans both positive and negative. Reputation is actively managed in review platforms. Proserpio and Zervas (2017) show hotels that begin responding to reviews gain about 0.12 stars on average, but receive fewer, longer negative reviews thereafter—dissatisfied customers self-censor short, unjustified complaints when they anticipate scrutiny—so managers face a trade-off between the quantity and the depth of negative feedback. Because responding is a non-random managerial choice, the paper is a useful template for identification under endogenous treatment. Evaluation is also socially contingent: the mere revealed presence of virtual supporters shifts a target consumer’s brand evaluation and purchase intention, moderated by supporter composition and competitor salience (Naylor, Lamberton, and West 2012), and social-media-based favorability measures—debiased for poster selection via a probabilistic graphical model—track traditional survey measures (K. Zhang and Moe 2021).



11.7 Brand Architecture and Portfolio

A firm’s brand architecture ranges from a branded house (one master brand across products) to a house of brands (independent brands). The branded house yields efficiency and lower customization and cannibalization but concentrates risk; V. R. Rao, Agarwal, and Dahlhoff (2004) find corporate branding (branded house) associated with higher Tobin’s qq and mixed strategies with lower values. L. Hsu, Fournier, and Srinivasan (2015) extend this to four strategies—house of brands, branded house, sub-branding (e.g., Intel Pentium: master plus product brand, high risk/high return), and endorsed branding (a graphically subordinate parent, reduced risk)—plus hybrids, and decompose idiosyncratic risk into reputation, dilution, cannibalization, and stretch components: sub-branding creates the most firm value but carries the most risk. Portfolio profitability can rise from pruning lower-tier variants, moderated by the upper- to lower-tier ratio (Aribarg and Arora 2008), and portfolios are characterized by the number of brands and segments, internal competition, and perceived quality/price (Neil A. Morgan and Rego 2009b).


11.7.1 Co-branding and Ingredient Branding

In brand alliances, partners’ reputations spill over onto one another (A. R. Rao, Qu, and Ruekert 1999; Simonin and Ruth 1998). Stock markets react to co-branded product introductions as signals of innovativeness and quality, rewarding consistency between partners and exclusive partnerships (Z. Cao and Sorescu 2013), with the brand-value effect moderated by the value differential between partners and prior exploitation of the target brand (Z. Cao and Yan 2017). Alliance reputations are fragile: preventable, controllable, purposeful crises damage the culpable ally, and even non-culpable partners suffer indirectly through negative post-crisis sentiment toward the partnership (J. Singh, Crisafulli, and Quamina 2020). In ingredient branding, co-branded trial spills over behaviorally onto both host and ingredient brands, more so among non-loyal past consumers and when perceived fit is high (Swaminathan, Reddy, and Dommer 2011). Followership data can surface alliance opportunities: P. Malhotra and Bhattacharyya (2022) introduce brand transcendence—the overlap between a brand’s followers and those of brands in a new category—from co-followership patterns on social media.



11.7.2 Acquisitions and Disposals

Brand-asset transactions are valued by markets through an event study. For firm ii on day tt, the abnormal return is the realized return minus its expectation from a market model estimated over a pre-event window, ARit=Rit−𝔼[Rit∣market model],CARi=∑t∈WARit, \mathrm{AR}_{it} = R_{it} - \mathbb{E}[R_{it} \mid \text{market model}], \qquad
   \mathrm{CAR}_i = \sum_{t \in W} \mathrm{AR}_{it},  and the cumulative abnormal return CARi\mathrm{CAR}_i over a short window WW is regressed on transaction characteristics, after screening confounds (earnings announcements, splits, executive changes, buybacks, dividend changes) within the window (McWilliams and Siegel 1997; R. Srinivasan and Bharadwaj 2004). Wiles, Morgan, and Rego (2012) apply this to brand acquisitions and disposals and find effects that are not symmetric: abnormal returns depend on the acquirer’s marketing capability, its channel relationships, and the relative price/quality positioning of the brands involved—investors reward acquirers who realize cost synergies but penalize those touting revenue synergies. Marketing capability is itself estimated as a stochastic-frontier efficiency score: with intangible value (Tobin’s qq, residualized for technology and management quality) as output and marketing resources (advertising, SG&A, trademarks) as inputs, capability is the firm’s distance from the efficient frontier (Dutta, Narasimhan, and Rajiv 1999). Complementary findings show acquired-brand value rising in the target’s marketing capability and portfolio diversification (Bahadir, Bharadwaj, and Srivastava 2008), and that negative reactions to acquisitions trace to a perceived loss of the brand’s unique values, conditional on brand age, leadership continuity, and value alignment (Biraglia et al. 2022).




11.8 Brand Extensions

A brand extension attaches an established name to a product in a new category. The classic determinant of success is perceived fit between parent and extension (D. A. Aaker and Keller 1990), though fit can be overridden by key brand associations that themselves create the basis of fit (Broniarczyk and Alba 1994), and fit’s influence fades once consumers receive richer attribute information about the extension (Klink and Smith 2001).

A choice-model formalization clarifies the mechanism. Let a consumer’s utility for a candidate extension be U=βbrand+𝛃attr⊤𝐱+βint(brand×𝐱)+ϵ, U = \beta_{\text{brand}} + \boldsymbol{\beta}_{\text{attr}}^{\top}\mathbf{x}
        + \beta_{\text{int}}\,(\text{brand} \times \mathbf{x}) + \epsilon,  where the interaction term captures brand–attribute synergy in the parent category. Rangaswamy, Burke, and Oliva (1993) show that a brand deriving utility largely from such an interaction is less extendable than an equally preferred brand whose utility is free-standing; extendibility is therefore maximized by investing in non-product-specific values (quality, style, durability, reputation). Extensions also feed back on the parent. Swaminathan, Fox, and Reddy (2001) model parent-brand choice with a binary logit—chosen over the multinomial form because it isolates the incremental loyalty coefficient—and find positive reciprocal effects of extension trial on parent choice (strongest for prior non-users) and evidence of negative spillover from extension failure (strongest for loyal users); experience with the parent drives extension trial but not repeat. Strong brands command extension price premiums that rise with fit and fall with the extension’s financial and social risk (DelVecchio and Smith 2005), and quality reach is asymmetric: high-quality brands extend further than low-quality brands (Heath, DelVecchio, and McCarthy 2011). For context-dependent consumers, benefit-based information can rescue low-fit extensions while attribute-based information depresses them; context-independent consumers judge on fit regardless (Mathur et al. 2022).



11.9 Strategic Branding Decisions


11.9.1 Brand Crisis and Recovery

Brand crises—product-harm events, firestorms, negative word of mouth—spill across a firm’s segments and brands, with consequences sharpest within a country (Borah and Tellis 2016). Consumers interpret a firm’s crisis response through their prior expectations of the firm (Dawar and Pillutla 2000), crises contaminate comparable brands in the same category (Dahlén and Lange 2006), and effects in foreign markets follow an inverted-U in psychological distance that strong marketing capabilities attenuate (Isaac M. Dinner, Kushwaha, and Steenkamp 2018). On social media, response style matters: active listening and empathy evoke gratitude in high-arousal customers even before the failure is resolved, an effect Herhausen et al. (2022) identify across 472,995 negative posts in 89 S&P 500 brand communities, instrumenting response with text-derived arousal, tie strength, and linguistic-style matching while controlling for firm-, community-, and post-level covariates.



11.9.2 Global Brand Strategy

Perceived brand globalness raises purchase likelihood through perceived quality and prestige (E M Steenkamp, Batra, and Alden 2002; Davvetas, Sichtmann, and Diamantopoulos 2015), moderated by consumer ethnocentrism (Shimp and Sharma 1987); a more globally recognized brand also gains in trust, affect, and association with global citizenship (Steenkamp 2019; Torelli and Ahluwalia 2012). An alternative route is to become an icon of the local culture: Y. Xie, Batra, and Peng (2015) formalize perceived brand localness and a brand identity expressiveness construct—the brand’s capacity to construct and signal self- and social identity—through which the quality and prestige paths of the globalness model are mediated to null. In developing markets, nonlocal-origin brands are preferred for the social status they confer, especially among the status-susceptible and for socially visible, unfamiliar categories (BATRA et al. 2000). Preferences are also path-dependent: consumers carry local brand preferences to new locations, so early share advantages persist for decades (Bart J. Bronnenberg, Dhar, and Dubé 2009; Bart J. Bronnenberg, Dubé, and Gentzkow 2012).



11.9.3 Competitive Dynamics

Competitive context reshapes brand response. Publicly complimenting a competitor (“brand-to-brand praise”) can raise sales and reputation by signaling warmth, with the largest gains for skeptical audiences and for-profit complimenters when the praise is authentic (Zhou, Du, and Cutright 2021). Consumer support for small brands rises under competitive threat from large brands (Paharia, Avery, and Keinan 2014), and advertising’s primary function is often category expansion rather than share stealing, with the complementary (category-building) function stronger in larger markets (Dubé and Manchanda 2005)—a theme developed in Chapter 13.




11.10 Brand–Consumer Interaction

Brand experience—sensory, affective, cognitive, and behavioral responses evoked by brand stimuli—predicts purchase and loyalty (Brakus, Schmitt, and Zarantonello 2009), with online experience driven by credibility and utility (Morgan-Thomas and Veloutsou 2013) and the relative value of experiential versus functional communication differing across developed and developing markets (Zarantonello, Jedidi, and Schmitt 2013). Co-creation is double-edged: it boosts empowerment and brand identity in general (Fuchs, Prandelli, and Schreier 2010) but can fail to lift liking in luxury categories (Fuchs et al. 2013) and among high-power-distance, conservative consumers (Paharia and Swaminathan 2019). Brand communities sustain engagement through oppositional loyalty—devotion to one brand defined partly against another (Muniz and O’Guinn 2001)—and can take on quasi-religious intensity (Muñiz Jr. and Schau 2005).



11.11 Brand Valuation

Brand value travels under many names: brand equity, brand value, and brand valuation in marketing; brand capital and intangible capital in finance and accounting. Firm value derives from tangible assets and intangibles, the latter including knowledge capital and brand capital. The valuation question is how much of firm value the brand explains, and firms capture only part of the potential: Fischer and Wies (2024) estimate that firms realize on average just 35% of their financial brand-leverage potential, a “brand capabilities gap” of roughly $2.1 billion per brand (≈4.3% of firm value), closeable through identifiable market-strategy levers.

Valuation methods divide into output-based measures (which read value from realized outcomes and are forward-looking) and input-based measures (which accumulate spending and are backward-looking). The evidence favors output-based measures: an equal-weighted portfolio of top brands earns ≈3% annual abnormal returns—concentrated in firms that build brands internally—while the traditional input measure (advertising expense) earns none, and analysts systematically underreact to brand strength, leaving excess returns after earnings announcements (Boustanifar and Kang 2025). Trademark registrations tell the same story: they predict profitability and returns and are undervalued by investors, identified using the Federal Trademark Dilution Act as an exogenous shock to trademark protection (P.-H. Hsu et al. 2022).


11.11.1 Output-Based: The InterBrand Discounted-Earnings Method

The InterBrand approach values a brand in three steps: compute economic profit, isolate the share attributable to the brand via a Role of Brand Index (RBI), and discount projected brand earnings by a rate reflecting brand strength. Economic profit is after-tax operating profit net of a capital charge, Economic Profitt=After-Tax Operating Profitt−Cost of Capitalt, \text{Economic Profit}_t = \text{After-Tax Operating Profit}_t - \text{Cost of Capital}_t,  brand earnings apply the RBI, Brand Earningst=Economic Profitt×RBI, \text{Brand Earnings}_t = \text{Economic Profit}_t \times \text{RBI},  and brand value is the present value of projected brand earnings plus a terminal value, Brand Value=∑t=1TBrand Earningst(1+r)t+Terminal Value(1+r)T,Terminal Value=Brand EarningsTr−g, \text{Brand Value} = \sum_{t=1}^{T} \frac{\text{Brand Earnings}_t}{(1+r)^{t}}
   + \frac{\text{Terminal Value}}{(1+r)^{T}}, \qquad
   \text{Terminal Value} = \frac{\text{Brand Earnings}_T}{r - g},  where rr is the discount rate and gg the perpetual growth rate (the Gordon-growth terminal value, valid only for g<rg < r). The following reproducible example projects five years of history forward ten years.


# Historical data (years 1-5)
after_tax_profit <- c(500000, 520000, 540000, 560000, 580000)
cost_of_capital  <- c(100000, 105000, 110000, 115000, 120000)
RBI              <- 0.7    # Role of Brand Index
discount_rate    <- 0.08   # annual discount rate r
future_years     <- 6:15   # 10-year projection horizon

# Step 1: historical economic profit and its average growth rate
economic_profit <- after_tax_profit - cost_of_capital
growth_rate     <- mean(diff(economic_profit) / head(economic_profit, -1))

# Step 2: project economic profit and brand earnings
projected_economic_profit <- economic_profit[length(economic_profit)] *
  (1 + growth_rate)^(seq_along(future_years))
projected_brand_earnings  <- projected_economic_profit * RBI

# Step 3: discount to present value (as of year 6)
discounted_future_earnings <- projected_brand_earnings /
  (1 + discount_rate)^(seq_along(future_years))

# Terminal value (Gordon growth, g < r)
terminal_growth_rate     <- 0.02
terminal_value           <- projected_brand_earnings[length(projected_brand_earnings)] /
  (discount_rate - terminal_growth_rate)
discounted_terminal_value <- terminal_value /
  (1 + discount_rate)^length(future_years)

total_brand_value <- sum(discounted_future_earnings) + discounted_terminal_value

cat("Average growth rate:        ", round(growth_rate, 4), "\n")
#> Average growth rate:         0.0356
cat("Total brand value (year 6): $", format(round(total_brand_value), big.mark = ","), "\n")
#> Total brand value (year 6): $ 6,099,678






11.11.2 Output-Based: A Text Measure from SEC Filings

Boustanifar and Kang (2025) construct a text-based measure as the frequency of the words brand(s) in a filing, normalized by document length. The measure is forward-looking and covers firms that disclose no advertising expense (e.g., Tesla, Uber, Salesforce).


# Base-R implementation (no external NLP dependencies) of the brand-intensity
# measure: count of "brand"/"brands" tokens divided by total word count.
brand_text_measure <- function(texts) {
  clean <- gsub("[^a-z ]", " ", tolower(texts))          # keep letters and spaces
  total_words <- vapply(strsplit(trimws(clean), "\\s+"),
                        function(w) sum(nzchar(w)), numeric(1))
  brand_count <- vapply(gregexpr("\\bbrands?\\b", clean),
                        function(m) if (m[1] == -1L) 0 else length(m), numeric(1))
  data.frame(
    filing_id       = seq_along(texts),
    brand_count     = brand_count,
    total_words     = total_words,
    brand_intensity = ifelse(total_words > 0, brand_count / total_words, 0)
  )
}

sec_filings <- c(
  "Our brand is our most valuable asset; we invest in the brand every year.",
  "This filing discusses logistics and supply chains with no brand emphasis.",
  "Brands, brand equity, and brand loyalty drive our pricing power."
)
brand_text_measure(sec_filings)
#>   filing_id brand_count total_words brand_intensity
#> 1         1           2          14      0.14285714
#> 2         2           1          11      0.09090909
#> 3         3           3          10      0.30000000






11.11.3 Input-Based: The Perpetual-Inventory Method

The input view treats brand capital as a stock accumulated from advertising and depreciated each period. With depreciation rate δ\delta and advertising AtA_t, Kt=(1−δ)Kt−1+At,K0=A0g+δ, K_t = (1-\delta)\,K_{t-1} + A_t, \qquad K_0 = \frac{A_0}{g + \delta},  where the initial stock K0K_0 assumes a balanced-growth path with advertising growth gg (Vitorino 2014; Belo, Lin, and Vitorino 2014). The method is standard but limited: roughly 70% of firms—and many top brands—do not report advertising expense, the input reflects spending rather than its quality or effectiveness, it is backward-looking, and some valuable brands advertise minimally (Doyle 1990). In the cross-section, firms with lower brand-capital investment rates and higher brand-capital intensity earn higher average returns (≈5% per year), consistent with a neoclassical investment model treating brand capital as a production factor subject to adjustment costs (Belo, Lin, and Vitorino 2014).


initial_advertising <- 1000   # A_0
growth_rate         <- 0.10   # g
depreciation_rate   <- 0.20   # delta
num_years           <- 10

initial_stock <- initial_advertising / (growth_rate + depreciation_rate)

advertising <- initial_advertising * (1 + growth_rate)^(0:(num_years - 1))
brand_capital <- numeric(num_years)
brand_capital[1] <- initial_stock
for (t in 2:num_years) {
  brand_capital[t] <- (1 - depreciation_rate) * brand_capital[t - 1] + advertising[t]
}

results <- data.frame(Year = 1:num_years,
                      Advertising = round(advertising),
                      Brand_Capital = round(brand_capital))
results
#>    Year Advertising Brand_Capital
#> 1     1        1000          3333
#> 2     2        1100          3767
#> 3     3        1210          4223
#> 4     4        1331          4710
#> 5     5        1464          5232
#> 6     6        1611          5796
#> 7     7        1772          6408
#> 8     8        1949          7075
#> 9     9        2144          7804
#> 10   10        2358          8601

plot(results$Year, results$Brand_Capital, type = "o",
     xlab = "Year", ylab = "Value", main = "Perpetual Inventory Method",
     ylim = range(c(results$Brand_Capital, results$Advertising)))
lines(results$Year, results$Advertising, type = "o", col = "blue")
legend("topleft", legend = c("Brand Capital", "Advertising"),
       col = c("black", "blue"), lty = 1, bty = "n")
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11.12 Key Takeaways


	Brand equity is the demand advantage attributable to the name—formally the price premium in Equation 11.1—and is distinct from value added.

	Whether equity (and authenticity) is reflective or formative is unsettled and dictates measurement and management; do not assume one without argument (Chapter 35).

	Many brand phenomena—prominence, specialization, authenticity—are signaling problems whose logic is that credible signals are differentially costly across types.

	Brand actions are priced by markets; event studies and stochastic-frontier capability estimates connect branding to firm value (Chapter 23).

	Output-based valuations dominate input-based ones empirically; advertising expense is a weak proxy for brand strength.







12 Online Environments

Marketing now plays out in environments that are computer-mediated: search engines, social platforms, marketplaces, review sites, mobile apps, livestreams, and the augmented and artificially intelligent interfaces layered on top of them. These environments are not merely new channels through which old marketing flows. They change what consumers do, what firms can observe, and what researchers can measure. A consumer’s path to purchase is now studded with digital touchpoints that leave traces—clicks, queries, posts, ratings, dwell times—and those traces constitute a data stream of unprecedented granularity. The central premise of this chapter is that online environments are simultaneously a substantive domain (consumer and firm behavior changes online) and a methodological opportunity (the residue of that behavior is observable at scale).

The chapter is organized around the life cycle of digital marketing knowledge. We begin with how researchers collect data from online environments—application programming interfaces (APIs) and web scraping—and the validity threats and ethical constraints that attend them, because every empirical claim that follows depends on data gathered this way. We then trace the intellectual history of digital, social media, and mobile (DSMM) marketing, which supplies the organizing constructs for the rest of the chapter. The body proceeds channel by channel and mechanism by mechanism: email; social media and its functional anatomy; the firm-versus-user-generated content distinction; images as a data type; mobile and smartphones; online reviews and word of mouth; the e-marketplace and clickstream; search engines; livestreaming, augmented reality, and artificial intelligence as emerging interfaces; customer engagement; and the wisdom of crowds. By the end the reader should be able to situate a digital marketing phenomenon within the literature, identify the construct and the identification strategy a credible study of it requires, and reason about the data-collection and ethical constraints that bound what can be learned.

A note on scope and connective tissue. Online environments are where many constructs developed elsewhere in this book are now measured and contested. Brand image and brand-related online activity (@sec-branding) are increasingly inferred from images and posts; word-of-mouth and diffusion (@sec-innovation) are the engine of social platforms; advertising response (@sec-advertising) is estimated from clickstream and field experiments; and the marketing–finance link (@sec-marketing-finance) is tested by mapping social media metrics to firm value. This chapter is therefore best read as the empirical and environmental counterpart to those construct-focused chapters.


12.1 Collecting Data from Online Environments

Before any substantive claim can be made, data must be gathered—and online data are gathered in ways that introduce their own validity threats. Boegershausen et al. (2022) provide the methodological foundation: APIs and web scraping let researchers study genuinely new phenomena, raise the ecological validity of marketing research by observing behavior in situ rather than in the laboratory, advance methods for handling a new class of data, and improve measurement of constructs that were previously available only through self-report. The promise is real, but it is conditional on the data being collected and documented carefully.


12.1.1 Two Collection Modes: APIs and Scraping

An API is a sanctioned interface through which a platform returns structured data in response to programmatic requests; web scraping extracts data from rendered web pages that were designed for human consumption. APIs are cleaner and contractually safer but expose only what the platform chooses to expose; scraping can reach anything visible but is brittle, legally fraught, and ethically constrained. A firm rule follows directly: researchers should not create fake accounts to scrape data, because doing so violates platform terms and the norms of research ethics. The choice between modes is not merely technical—it determines the population the data represent and the inferences they will support.



12.1.2 Threats to Internal Validity

Online data are generated by systems that are themselves changing, and two threats to internal validity are endemic to them.

The first is algorithmic interference. The data a platform shows are filtered by sorting and recommendation systems, so what a researcher observes is the joint product of consumer behavior and an algorithm optimizing for the platform’s own objectives. H. Xu, Zhang, and Zhou (2019) demonstrate that ranking and recommendation algorithms confound observational inferences: an apparent effect of position or popularity may reflect the algorithm’s choices rather than consumer preference. Because the algorithm is typically unobserved and time-varying, it acts as a lurking variable that no amount of cross-sectional control can fully remove.

The second is inter-temporal instability. Data sources change—platforms alter their interfaces, fields appear and disappear, definitions drift—so a panel assembled over months may not measure the same construct at its endpoints. The practical consequence is that longitudinal online data require explicit documentation of when and how each variable was collected, lest a measurement artifact be mistaken for a substantive trend.








A discipline for reproducible collection




Following Gebru et al. (2021), researchers should treat data collection as a documented process, not an undocumented act. Three practices make online data research-grade: (i) a logbook that records important events during collection (outages, interface changes, sampling decisions); (ii) formal documentation of the collection process itself, in the spirit of “datasheets for datasets” (Gebru et al. 2021), so a reader can reconstruct what was gathered and why; and (iii) long-term archival of the data in a citable repository (Zenodo, Dataverse and the Harvard Dataverse, DataCite, re3data), released under a Creative Commons license where permissible so others can reuse it. These practices are the online analogue of a pre-registered protocol: they fix the chain of custody between the world and the dataset.







The substantive and technical challenges of computer-mediated research can be organized into three stages—data gathering (with its consumer-privacy and legal/ethical constraints on scraping), data analysis (feature extraction and dimensionality reduction on high-dimensional text, image, and behavioral data), and interpretation—and these stages frame the substantive challenges that recur below: sentiment-based and location-sensitive targeting, the rise of computers acting as consumers, and pervasive privacy risk (Yadav and Pavlou 2014).




12.2 The Evolution of Digital, Social Media, and Mobile Marketing

The modern field did not arrive all at once. Lamberton and Stephen (2016) review two decades of academic work on DSMM marketing (2000–2015) and recover a structure that organizes the entire chapter: across the period, digital and social media served three recurring functions—a facilitator of individual expression (self-expression and communication), a decision-support tool, and a market-intelligence source—and the relative emphasis among these shifted across three eras as internet penetration grew.

In the first era (2000–2005), online communities enabled self-expression while decision aids reshaped choice. Häubl and Trifts (2000) show that interactive decision aids let consumers reach higher-quality alternatives at lower search cost and make better choices; Brynjolfsson, Hu, and Smith (2003a) find that online retailers face stronger price competition than offline retailers, yet the internet boom produced neither a ruinous price war nor pervasive choice overload. In the second era (2005–2010, as penetration crossed 50%), online word of mouth (WOM) became central and the decision-support and market-intelligence functions merged: customers acquired through WOM exhibit greater long-term value than conventionally acquired customers (Villanueva, Yoo, and Hanssens 2008; Trusov, Bucklin, and Pauwels 2009a), and a parallel methodological literature learned to identify influential users and the structure of diffusion in social networks (Katona and Sarvary 2008, 2010; Trusov, Bodapati, and Bucklin 2010). In the third era (2011–2015, with penetration near 80%), consumers became markedly more expressive and user-generated content (UGC) matured into a marketing instrument; at the individual level, content consumption and production trade off against each other, so heavier consumers produce less and vice versa (Ghose and Han 2011). Two features recur across eras: papers increasingly carry methodological keywords (clickstream, online chat), signaling that new data types demanded new methods, and academic attention tracked practitioner attention closely.

Kannan and Li (2017) supply a complementary digital marketing framework synthesizing the field; Sridhar and Fang (2019) extend it to digital, data-rich, and developing (“D3”) markets; and Verhoef and Bijmolt (2019) examine the digital business models that these environments enable. Yadav and Pavlou (2014) review marketing in computer-mediated environments specifically, and R. Grewal, Gupta, and Hamilton (2021) broaden the lens to multimedia and modality, mapping how platforms (Twitter, Facebook, Instagram) and sensory modalities (visual, auditory, haptic, olfactory, gustatory) jointly shape consumer response.

Several focused studies sharpen the picture of how content creation itself affects experience and value. Tonietto and Barasch (2020) show that generating content during an experience increases immersion and accelerates perceived time, which in turn raises enjoyment; consumers prompted by incentives or social norms obtain the same experiential benefits as those who create content organically. At the firm level, Lacka et al. (2021) estimate the price impact of firm-generated tweets among S&P 500 information-technology firms, defining price impact as the impact on the variance of stock price: tweets carrying only valence or only subject matter (consumer or competitor orientation) produce merely temporary price impacts, whereas tweets carrying both attributes produce permanent impacts, with negative-valence tweets about competitors generating the largest permanent effect. Firm responses can also backfire: Golmohammadi et al. (2021) show that responding to social media complaints increases the public exposure of those complaints, and a high-publicization response strategy (detailed, multi-exchange replies) can decrease perceived quality and firm value, blunt the firm’s own posts, and increase the volume of future complaints—effects stronger for firms targeted by retail investors. Figure 12.1 traces how the emphasis among these functions has shifted across eras of rising internet penetration.
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Figure 12.1: Three functions of digital and social media marketing and their shifting emphasis across eras of rising internet penetration, after Lamberton and Stephen (2016).










12.3 Email

Email is the oldest digital direct-marketing channel and remains a clean testbed for personalization because messages can be randomized and outcomes (opens, clicks, purchases, unsubscribes) precisely logged. The evidence favors personalization, but the mechanism is subtle. Sahni, Wheeler, and Chintagunta (2018) find through field experiments that adding consumer-specific information—most simply, the recipient’s name—raises opening and sales and reduces the probability of unsubscribing, so personalization improves the contact rather than merely exploiting it. The effect generalizes beyond commerce: Munz, Jung, and Alter (2020) show that similarity between a donor and a donation recipient—a shared name, or even a shared first letter of the surname—encourages donors to open appeals and give more, evidence that the implicit-egotism mechanism behind name-based personalization operates in prosocial as well as commercial settings.



12.4 Social Media

A working definition fixes the object of study. Appel et al. (2020) define social media as “a collection of software-based digital technologies—usually presented as apps and websites—that provide users with digital environments in which they can send and receive digital content or information over some type of online social network” (p. 80), and emphasize that it is best understood as a “technology-centric—but not entirely technological—ecosystem in which a diverse and complex set of behaviors, interactions, and exchanges involving various kinds of interconnected actors (individuals and firms, organizations, and institutions) can occur” (p. 80).


Social media is a technology-centric—but not entirely technological—ecosystem in which a diverse and complex set of behaviors, interactions, and exchanges involving various kinds of interconnected actors can occur.

— Appel et al. (2020), p. 80



The present state of social media is described along two axes: the platforms (major and minor, established and emerging) that supply the underlying technology and business model, and the use cases that describe how people and organizations use them. Appel et al. (2020) categorize use into communication between known others (family, friends), communication among strangers who share interests, and access to or contribution of digital content (news, gossip, reviews). Their forward look structures the field’s open questions across three horizons: in the immediate future, an omni-social presence in which sharing is embedded in every digital tool, the rise of (micro and virtual) influencers, and intensifying privacy concerns; in the near future, social media as a tool against loneliness, as integrated customer care, and as a political instrument; and in the far future, increased sensory richness through augmented and virtual reality, complete online–offline convergence, and content generated by non-humans (AI and social bots), which complicates attribution and erodes trust as bought likes and shares proliferate.


12.4.1 The Functional Anatomy of Social Media

Kietzmann et al. (2011) decompose social media into seven functional building blocks—identity (self-disclosure), conversation, sharing, presence, relationships, reputation (of people and of content), and groups—and argue that firms should manage each block deliberately. Their managerial counterpart is the four Cs: cognize (recognize and understand one’s social media landscape), congruity (develop strategies congruent with each platform’s functionality), curate (act as curator of interactions and content), and chase (track the conversation and information flow). The contribution is to replace a one-size-fits- all “be on social media” posture with a functional diagnosis: different blocks are salient on different platforms, and strategy should match the blocks that matter. Figure 12.2 lays out the seven blocks firms must diagnose before acting.
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Figure 12.2: The seven functional building blocks of social media (Kietzmann et al. 2011), each a distinct lever firms must diagnose before acting.










12.4.2 Platform Differentiation and Motivation

Why do consumers choose one platform over another, and what does that imply for where firms should invest? Pelletier et al. (2020) ground the answer in uses and gratifications theory, which holds that the benefits a person extracts from a medium depend on the purpose for which they consume it (Severin, Tankard, et al. 1997). Mapping four motivations—social, informational, entertainment, and convenience—onto platform affordances, they find that consumers seeking information gravitate to Twitter (real-time text), that social purposes draw them to Twitter and Instagram, and that Instagram dominates for entertainment and for co-creating with brands, because users seeking hedonic experience prefer visual, low-text content. Their most consequential finding is a corrective to practitioner intuition: Facebook—the largest network and the one most favored by marketers—shows the lowest usage and co-creation intentions, so “one size does not fit all,” and consumers who want to co-create migrate to platforms with the broadest array of communication mechanisms. Because consumers co-create brand stories on these platforms, social media can build or destroy brand equity depending on the fit between platform affordances and the firm’s objective.



12.4.3 Listening, Sentiment, and the Metrics Problem

Firms increasingly listen to social media to gauge sentiment, but naive listening is biased. David A. Schweidel and Moe (2014) jointly model the sentiment expressed in posts and the choice of venue in which to post, showing that both the content of a post and the sentiment toward the brand affect where it is written; because venues differ systematically in who posts and how, common monitoring approaches that pool across venues yield misleading brand-sentiment metrics. The payoff of correcting for this selection is predictive: a model-based measure of brand sentiment serves as a leading indicator of external performance. The broader literature on social media metrics and dashboards (K. Peters et al. 2013) makes the same point at the strategic level—that metrics must be theory-driven to be decision-relevant.



12.4.4 Owned versus Earned Social Media

A central strategic distinction separates owned social media (OSM), brand-controlled content, from earned social media (ESM), exposure generated by voluntary user mentions and recommendations the firm neither produces nor controls. Colicev et al. (2018) trace both to consumer mindset metrics and ultimately to shareholder value using a persistence-modeling framework (Dekimpe and Hanssens 1995) applied to brands that follow a corporate-branding strategy and are listed on a US exchange. Their findings are nonlinear and mechanism-specific: the volume of ESM engagement raises brand awareness and purchase intent but not customer satisfaction, whereas the valence (positive and negative) of ESM most strongly moves satisfaction; OSM lifts brand awareness and satisfaction but not purchase intent in general, raising purchase intent only for high-involvement utilitarian brands and reputable brands—suggesting that socially responsible practice lends OSM legitimacy. Purchase intent and satisfaction in turn raise shareholder value, completing a mediated path from social media activity to firm value that earlier work had posited but not traced explicitly. The construction of ESM measures—cumulative fan following, engagement volume (Facebook “people talking about this,” retweets, video views), and a composite volume–valence metric scored by a naïve Bayes classifier—illustrates the measurement craft the chapter’s data-collection section anticipated, with mindset metrics drawn from survey panels and brand-level heterogeneity coded in the spirit of Bart, Stephen, and Sarvary (2014).



12.4.5 Brand Buzz in the Echoverse

Hewett et al. (2016) situate social media within the echoverse—“the entire communication environment in which a brand/firm operates, with actors contributing and being influenced by each other’s actions” (p. 1)—whose actors (firms, news media, online WOM, consumer sentiment, business outcomes) form a feedback system. Estimating a vector autoregression with Granger-causality tests on longitudinal US financial-services data, they recover an asymmetric structure with several managerially sharp implications. Firm communications influence traditional media, consumer sentiment, and business outcomes; advertising affects firm outcomes directly but does not move traditional media, online WOM, or sentiment. Negative news propagates through a self-reinforcing spiral, but timely tweets and press releases can arrest it. Online WOM affects consumer sentiment and business outcomes, but not the reverse, so firms rationally attend more to WOM than to survey sentiment. A cautionary case study shows that an extremely positive tone can backfire in a negative firestorm, whereas a consistent, higher-volume stream of moderate messages performs better.



12.4.6 Social Media in B2B and Across Sectors

Social media marketing is not confined to consumer brands. Salo (2017) reviews business-to-business (B2B) social media use; Buratti, Parola, and Satta (2018) show it offers an accessible, low-cost route to competitive advantage even in conservative sectors such as tanker shipping and ocean carriage; and Kärkkäinen, Jussila, and Väisänen (2010) document that B2B firms use social media less than B2C firms but that the front-end of new-product development and the launch phase offer the highest social media innovation potential for them. On the response side, Herhausen et al. (2022) show that active listening and empathy in a firm’s reply evoke gratitude in high-arousal customers even when the underlying failure is not yet recovered.



12.4.7 Path to Purchase, Substitution, and Word-of-Mouth Value

Social media shapes the consumer journey along the classic know–feel–do pathway. For low-involvement fast-moving consumer goods, S. Srinivasan, Rutz, and Pauwels (2015) find that earned media drives sales and that, on top of traditional drivers (distribution, price), both earned and owned social media explain part of the path to purchase—though higher consumer activity on earned and owned media can also provoke disengagement (unlikes). The temporal relationship between social media and shopping is itself nonmonotonic: Yuchi Zhang et al. (2017) find that social media usage is positively correlated with shopping activity in the long run but that, immediately after a social media session, online shopping activity is lower, consistent with attention being temporarily diverted. Finally, the monetary value of WOM can be quantified: Trusov, Bucklin, and Pauwels (2009b) show that WOM referrals have stronger and longer carryover effects and higher response elasticities than traditional marketing, and that their value can be computed from the advertising revenue of the impressions they generate— a figure that serves as an upper bound on the financial incentive a firm should offer to encourage WOM.



12.4.8 Engagement, Influence, and the Frontier of Social Media Research

Recent work pushes into engagement measurement, influencer economics, content strategy, and disclosure. J. Yang, Zhang, and Zhang (2025) introduce a Product Engagement (PE) score that estimates pixel-level engagement in influencer video ads using a deep 3D convolutional network and an object-detection algorithm, then validate it on TikTok ads against Taobao sales: the score predicts sales lift and, crucially, distinguishes engagement driven by the product from engagement driven by the influencer, which matters for aligning incentives and pricing content. N. Li, Haviv, and Lovett (2024) exploit YouTube’s “adpocalypse” supply shock as a natural experiment and find that influencer videos act as substitutes for video-game purchases but as complements for game usage, so firms should align monetization (in-game purchases versus subscriptions) with whichever effect dominates. S. Huang and Lin (2024) show that displaying the first “like” on an ad sharply raises both likes and clicks, but additional likes mainly raise further likes rather than clicks; more likes help the clickthrough of lesser-known but not well-known brands, evidence of dual informational and normative social influence.

On content strategy, Lysyakov et al. (2024) develop a similarity measure of rival firms’ social media content and find that retailers who compete closely offline diverge in their Twitter content, and that divergent firms gain higher engagement and faster follower growth by exploiting the platform’s advanced functionalities more effectively. S. Wang and Greenwood (2025) leverage the phased rollout of post-length-limit extensions on a major Chinese microblogging platform and find that longer limits raise daily posting—driven mainly by already-active users—and raise likes per post, improving content quality but further concentrating content generation among a vocal minority, making the silent majority less visible. On disclosure, Ershov, He, and Seiler (2024) analyze over 100 million posts with a novel method for detecting undisclosed sponsorship and estimate that 96% of sponsored posts are undisclosed (82% under conservative assumptions), a rate that barely declines despite enforcement and that consumers frequently fail to recognize—an inconvenient fact that any study of influencer marketing must confront.




12.5 Who Generated the Content? Firm- versus User-Generated Content

A recurring fault line in digital marketing is who produced a piece of content, because source governs how it is processed and trusted. Firm-generated content (FGC) is controlled and polished but discounted for self-interest; user-generated content (UGC) is credible but uncontrolled. Colicev, Kumar, and O’Connor (2019) formalize the comparison through information processing and source credibility, mapping each type onto the marketing funnel: UGC correlates strongly with awareness and satisfaction, whereas FGC—especially its vividness—is more effective for consideration and purchase intent, with UGC valence dominating UGC volume at these stages. Brands with higher corporate reputation exhibit stronger relationships between FGC dimensions and the funnel, echoing the legitimacy logic of the OSM/ESM results above. The foundational observation that negative WOM behaves differently from positive WOM—both observationally and experimentally—predates this framework (Sen and Lerman 2007) and motivates the valence-centered measurement it uses. Figure 12.3 summarizes how the two content sources map onto the funnel stages.







[image: ]






Figure 12.3: Firm-generated and user-generated content map differently onto marketing-funnel stages (Colicev, Kumar, and O’Connor 2019): UGC dominates awareness and satisfaction; FGC vividness aids consideration and intent.








A growing literature studies the hybrid and the responsive. Beck et al. (n.d.) examine firm-generated user content (FGUC)—brand-crafted content that consumers are encouraged to share—and find it increases sharing by lowering effort, but asymmetrically: satisfied consumers share it while dissatisfied consumers resist it because it misaligns with their experience, so FGUC amplifies positive WOM and suppresses negative WOM and should be deployed only when experiences are likely to be positive. On the firm’s reply, Saljoughian et al. (n.d.) build on dialogic-listening theory—empathetic understanding, unconditional positive regard, mutual understanding, presentness, and genuineness, plus shifting to private channels and signing replies with an agent’s name—and, analyzing roughly a million tweets across 206,000 threads at four US banks over a decade, show that specific response elements significantly improve subsequent user sentiment, with effectiveness contingent on the user’s prior sentiment. The managerial lesson is to match response tone and structure to initial sentiment rather than applying a uniform playbook.



12.6 Images as a Data Type

Images are a high-dimensional, increasingly tractable data source for marketing, and a body of work now extracts marketing-relevant features from them with computer vision (connecting to brand image, @sec-branding). The competition for attention in such data-rich environments is fierce (Wedel and Kannan 2016), and even the design of feature ads can be optimized: Pieters, Wedel, and Zhang (2007) show that optimal allocation across brand, text, pictorial, price, and promotion elements is achievable without increased cost, and propose two entropy-based measures of clutter that characterize the salience of feature ads through attention-engagement theory.


12.6.1 Engineering a Score from Pixels

A representative pipeline scores the visual potential of an image from interpretable features. Structural complexity—visual complexity due to edges and detail (Pieters, Wedel, and Batra 2010)—is measured by Canny edge detection (Forsythe, Sheehy, and Sawey 2003), because edge information correlates highly with perceived complexity. Color complexity (Reinecke et al. 2013) is captured by a color-variety algorithm (Bing Zhou, Shuang Xu, and Xin-xin Yang 2015) that, for an image with mm distinct colors, nin_i pixels of color ii, and NN pixels in total, computes the entropy-like quantity C=∑i=0mnilog(niN),(12.1)
C \;=\; \sum_{i=0}^{m} n_i \,\log\!\left(\frac{n_i}{N}\right),
 \qquad(12.1) which rises with the number and balance of colors present. Image permanence—how well an image persists in memory after viewing—is scored by the AMNet memorability index (Khosla et al. 2012, 2015; Fajtl et al. 2018), validated to near-human consistency (Leyva and Sanchez 2021). The pipeline is completed by the number of faces (via a vision API), the aspect ratio (height over width), the average HSV values across pixels, and themes recovered by latent Dirichlet allocation over image labels. Each feature is interpretable and cheap to compute at scale, which is what makes image-based scoring practical.



12.6.2 What Visual Features Do to Engagement

The mapping from features to engagement is contingent on platform and category. Y. Li and Xie (2019) find a robust positive mere-presence effect of imagery on engagement and that high-quality, professionally shot pictures consistently raise engagement on both Twitter and Instagram, but that colorfulness matters only in some categories and that human faces and image–text fit raise engagement on Twitter but not on Instagram—so the value of a visual feature is platform-specific. For visual UGC, Jalali and Papatla (2016) operationalize color composition through hue, chroma, and brightness and find that click rates are higher for photos with more green and less red and cyan, and with higher chroma of red and blue. In the marketplace, professional imagery has measurable demand consequences: S. Zhang et al. (2022a) use deep learning on 7,423 Airbnb properties over 16 months and find that verified, professionally photographed listings achieve 8.98% higher occupancy than host-photographed ones, with twelve composition-, color-, and figure-ground attributes significantly related to demand. Appearance also drives labor-market matching: Troncoso and Luo (2022) use computer vision and choice models on more than two million applications to 63,014 Freelancer.com jobs and show that freelancers who look the part are more likely to be hired regardless of actual performance, demographics, or attractiveness, with the effect strongest where reputation systems fail to differentiate candidates and only partially counteracted by platform recommendations.




12.7 Mobile and Smartphones

Mobile devices are not merely small screens; they are continuously present, deeply personal, and capable of new touchpoints in the customer journey. Rangone and Renga (2006) offer an early framework for mobile advertising. The strategic question of whether mobile investments create firm value is addressed by Boyd, Kannan, and Slotegraaf (2019), who use stock-market returns to show that announcing a branded mobile app raises firm value, and that the features emphasized in the app’s design—peer-to-peer interaction about the brand, personal brand–customer interaction, and the purchase phase—significantly shape how much value is created. Monetizing apps is harder than launching them: J. Cao, Chintagunta, and Li (2023) run a large-scale randomized field experiment on a non-advertising app and find that a “soft landing” (continued limited free access after monetization) and exclusive secondary offerings to subscribers each reduce willingness to subscribe in isolation, but interact positively when combined, because the soft landing reframes monetization as fair rather than aggressive—an interaction that generalizes in a follow-up experiment.

Smartphones also carry emotional weight. Melumad and Pham (2020) show that consumers derive not only functional but emotional benefits from their phones: under stress, consumers turn to their smartphones for greater stress relief, and this pacifying effect is stronger for one’s own phone than for another’s—evidence that the device functions as a personal attachment object, not merely a tool.



12.8 Online Reviews and Word of Mouth

Online reviews are the most studied online data type in marketing because they are abundant, structured (a rating plus text), and directly tied to sales. The literature can be organized around four questions: who writes reviews and how expertise shapes them; how text and emotion in reviews are processed; how reviews move sales across products and time; and how the integrity of the review ecosystem can fail.


12.8.1 Expertise, Emotion, and Helpfulness

Expertise systematically changes both the production and the effect of reviews. As people gain expertise they become more responsive to negative feedback—novices respond to positive feedback while experts seek and respond to negative feedback—a pattern robust across domains (Finkelstein and Fishbach 2012). Expertise also flattens evaluations: P. Nguyen et al. (2020) find that greater expertise yields less extreme evaluations and smaller effects on a brand-valence metric that affects page rank and consumer evaluation, so an excellent experience may earn a lower rating from an expert than from a novice, and observationally experts are more likely to post negative reviews. Emotional language is a separate lever: Folse et al. (2016) define negatively valenced emotional expression (intense language, all caps, exclamation points, emoticons) and show that such reviews are seen as more helpful and damage product attitudes when written by experts, but provoke a negative self-reflection and leave product attitudes unchanged when written by novices, with language complexity moderating the effect of expertise on trustworthiness.

The form of the text matters for measurement. Büschken and Allenby (2016) propose a sentence-based topic model for consumer reviews—rather than the usual word-based analysis—and show on hotel and restaurant data (Expedia, we8there) that sentence-based topics are more coherent and distinguished and improve inference and prediction of consumer ratings. Trust in reviews also depends on the type of purchase: Dai, Chan, and Mogilner (2019) show that reviews are less trusted for experiential than for material purchases, because ratings of experiences are less representative of objective quality; relatedly, X. (Shane). Wang et al. (2021) use machine learning and NLP to extract and monitor product attributes from review text, building embedded representations that characterize attributes by their surrounding words and cluster them into multi-level benefit abstractions, closing the gap between concrete engineered attributes and abstract meta-attributes that surveys capture inconsistently and slowly.



12.8.2 How Reviews Move Sales

The reviewer’s rank, the timing of reviews, and brand type all shape sales effects. Counterintuitively, Yazdani, Gopinath, and Carson (2018) find—using instrumental variables on 182 music albums and Amazon review data—that bottom-ranked reviewers move sales more than top-ranked reviewers, whose influence concentrates in new releases and in products with high review variability, with the disparity attributable to content and reviewer identity and robust across categories and metrics. The first review is especially fateful: S. Park, Shin, and Xie (2021) show that valence and volume are not independent and that a positive first review creates a long-term advantage in future WOM valence and volume while a negative first review imposes a long-term disadvantage, entrenched by information-availability bias that makes early negativity hard for firms to correct. Reviews of one product generation also spill onto another: L. Li, Gopinath, and Carson (2022) find that the valence of a previous generation’s reviews raises current-generation sales (amplified when current-generation reviews are uncertain or favorable) while current-generation valence depresses the previous generation’s sales.

Brand type moderates these effects. Hoskins et al. (2021), using US beer data, show that niche brands are more affected by online WOM because consumers hold weaker prior brand imagery, that reviewers favor local niche brands, that the online community’s sentiment outweighs professional critics’ for the average reviewer, and that prior reviews gain traction when the reviewer’s expertise is high or shares geography with the next reviewer. Identity-relevant brands are partially insulated: Ordabayeva, Cavanaugh, and Dahl (2022) show that negative reviews from socially distant (but not socially close) individuals are less harmful to identity-relevant brands, because a threat to an identity-relevant brand prompts consumers to strengthen their bond with it—an effect absent for positive reviews or irrelevant brands. Not all rating systems move sales: Nishijima, Rodrigues, and Souza (2021) find that Rotten Tomatoes’ “fresh”/“rotten” categorization has no effect on box-office performance.



12.8.3 Herding, Polarity, and Sequencing

Reviews are not independent draws. Sunder, Kim, and Yorkston (2019) document substantial herding in online ratings driven by reference groups (the crowd and friends): as raters gain experience the crowd’s influence wanes while friends’ influence grows, divergent reference-group opinions produce varied herding, and a firm’s diverse product portfolio both raises perceived quality and dampens social influence on ratings. Schoenmueller, Netzer, and Stahl (2020) identify polarity self-selection—the people who post are disproportionately the very satisfied and the very dissatisfied—which reduces the informativeness of the average rating. Sequencing effects appear even between rating and tipping: J. Chen et al. (2022) show that when customers rate before tipping they tip less, because they feel they have already rewarded the provider through the rating, an effect stronger when they tip from their own pocket, have flexible categorization, or believe the provider benefits from ratings—and mitigated by highlighting the consistency motive between rating and tipping. Q&A sections answered by other consumers and sellers improve product–consumer fit and reduce mismatch-driven negative reviews (Banerjee, Dellarocas, and Zervas 2021).



12.8.4 When the Review Ecosystem Fails

The credibility of reviews can be undermined from within. Sherry He, Hollenbeck, and Proserpio (2022) document a sizable market in which fake reviews are bought and sold (often through private Facebook groups): fake reviews raise ratings and sales in the short run, most large firms abstain, marketplaces struggle to police them promptly, and when firms stop buying fake reviews their ratings fall—driven by a rising share of one-star reviews— especially for young, low-quality products. The integrity question extends to whether review activity reflects genuine support: S. Sharma, Frake, and Watson (2025) exploit George Floyd’s murder as an exogenous shock and, using a difference-in-differences design on Yelp reviews and SafeGraph foot traffic, distinguish symbolic support (review frequency and sentiment) from substantive support (revenue and visits) for Black-owned businesses, finding a significant rise in symbolic support—especially from White and Democrat-leaning consumers—but no substantial rise in substantive support, plus more “not recommended” reviews suggestive of performative engagement.



12.8.5 Slacktivism

The Black-Lives-Matter results connect to slacktivism: supporting a political or social cause through social media or online petitions with minimal commitment. Silence, however, is not costless. Qin et al. (2024) study corporate silence on visible social issues (Blackout Tuesday) and find that staying silent significantly reduces consumer engagement—slower follower growth and fewer likes on Instagram—with peer activism amplifying the backlash to silence and narrow-market-niche firms facing less backlash than broad-market firms. The managerial implication is that firms must weigh issue salience, peer actions, and market positioning when deciding between silence and activism on contentious issues.




12.9 The e-Marketplace and Clickstream

The e-marketplace is where browsing and buying are jointly observed, and clickstream data—the sequence of pages a user views—make the path to purchase visible. Early descriptive work established the terrain: Dholakia and Rego (1998) document the marketing information on commercial home pages and the factors that drive hit rates, drawing on the information-content paradigm to assess informativeness, while Burke (2002) surveys 2,120 consumers across 128 facets of shopping and finds general satisfaction with convenience, quality, selection, and value but dissatisfaction with service, product information, and speed, concluding that new interface technologies help when customized to consumer segments and product categories. Shoppers are heterogeneous: Rohm and Swaminathan (2004) segment them by shopping motive (convenience, store orientation, information use, variety seeking) into convenience shoppers, variety seekers, balanced buyers, and store-oriented shoppers.


12.9.1 Modeling Browsing Paths

Clickstream models turn navigation into prediction. Montgomery et al. (2004) propose a dynamic multinomial probit model of web browsing on data from an online bookseller and show that a memory component is essential: the dynamic model predicts paths far better than static multinomial probit or first-order Markov models, because a user’s path reveals their goal. Practically, purchasers can be predicted with over 40% accuracy after only six page views, against a 7% base rate—evidence that path data personalize web design and product suggestions. The browsing literature complements this with individual-level models: Bucklin and Sismeiro (2003) model browsing from clickstream and show that the propensity to browse depends on visit depth and repeat visits and that aggregate site metrics cannot capture individual behavior. Context matters too: Mallapragada, Chandukala, and Liu (2016) use a multivariate mixed-effects Type II Tobit model on 773,262 sessions yielding 9,664 transactions across 43 categories and 385 sites, finding that a site’s product-variety breadth raises visit length and basket value but lowers page views, and that communication functionality raises basket value especially for hedonic products.



12.9.2 Real-Time Adaptation and Cross-Selling

The frontier is acting on observed intent in real time. Ding, Li, and Chatterjee (2015) develop a dynamic model that learns a shopper’s unobserved real-time intent from cart actions and instantly adapts the web page, lowering cart abandonment by 32.4% and raising conversion by 6.9% when adaptation begins after the first page view, with the most efficient intervention point after three page views—balancing learning against timeliness. Sequential structure also organizes cross-selling. S. Li, Sun, and Wilcox (2005) use a structural multivariate probit model on bank data to show that customers buy products in a natural order along a financial-maturity continuum, with women and older customers more influenced by overall satisfaction and more-educated or male-led households progressing faster. S. Li, Sun, and Montgomery (2011) extend this with a stochastic dynamic programming framework that delivers the right product to the right customer at the right time through the right channel: cross-selling solicitations serve mainly an educational role (83%) rather than advertising (15%) or immediate promotion (2%), and the optimized policy raises immediate response 56%, long-term response 149%, and long-term profitability 177%.



12.9.3 Auctions, Signals, and Social Influence In-Store

Online auctions revived the classic lemons problem, and platforms responded with quality signals. S. Li, Srinivasan, and Sun (2009) build a taxonomy of internet-auction quality and credibility markers grounded in signaling and auction theory, adapt the Park–Bradlow model to eBay, and confirm that credible signals shape bidding and participation and differ in effect across buyer segments—the first empirical assessment of how extensive auction institutional tools address adverse selection. Social influence operates in physical retail too, observable through video tracking: Xiaoling Zhang et al. (2014) use a hierarchical-Bayes bivariate model on video-tracking data to show that direct social interactions (with salespeople or other shoppers) lengthen visits, deepen product interaction, and raise purchase probability, that larger groups are swayed more by group discussion than by strangers, and that moderate crowd density encourages interaction while excessive density degrades the experience. Xiaoling Zhang, Li, and Burke (2018) extend this with a three-stage dynamic linear model showing that group conversations shape where shoppers browse, whether they buy, and how much they spend, moderated by group size and cohesion. Herding appears in digital goods as well: Ding and Li (2019) use a simultaneous-equations herding model in a hierarchical-Bayes framework on a Chinese literature platform and find rational herding in both consumption and purchase—stronger for purchase—reduced by product features but amplified by producer reputation and competition.



12.9.4 Peer-to-Peer Platforms

Platform business models reshape how consumers reason about purchases. Costello and Reczek (2020) show that peer-to-peer (P2P) platforms (Uber, Lyft, Airbnb) mediating flows between providers and consumers can shift buyers into an “empathy lens”— thinking about how a purchase affects the provider—rather than the “exchange lens” of money-for-service with a firm, raising purchase-related outcomes when the platform foregrounds providers, a pattern confirmed across field and lab studies and absent in traditional business models.




12.10 Search Engines

Search is where demand is expressed as a query, and the structure of the search-results page shapes behavior. Attention concentrates at the top: Guan and Cutrell (2007) document the “golden triangle,” in which users attend to the top three organic results and spill over to the fourth (often paid). Search behavior is shallow and slow-moving: Eric J. Johnson et al. (2004), using panel data on more than 10,000 households across books, CDs, and air travel, find that households visit only about 1.2 book, 1.3 CD, and 1.8 travel sites per active month, that search follows a logarithmic process with limited breadth, and that more-active shoppers search more sites. Search data are also predictive of demand before it materializes: Kulkarni, Kannan, and Moe (2012) show that pre-launch search volume forecasts opening-week motion-picture sales, with advertising data improving the forecast—turning queries into a leading indicator for launch planning.

The design of search aids is a fertile field-experimental domain. Lei, Chen, and Sen (2024) show that firms leveraging an external autocomplete API gain measurably: removing access cut search-suggestion clickthrough rate (CTR) by 4.6%, and an instrumental-variables analysis establishes that a 10% change in suggestion CTR causes a 1.85% change in top-slot results’ CTR, with the negative effect of losing external data halving over the long run as firms accumulate internal data—a strategic trade-off between external data as growth instrument and as constraint on internal capability. Query recommender systems likewise expand demand: Zheng et al. (2023) find that access to a query recommender on an Asian food-delivery app raises 30-day purchase volume by 1–2% and broadens consumption diversity, working in complement with autocomplete by expanding consideration sets while autocomplete refines queries. Finally, sponsored search can cannibalize organic traffic: Moshary (2025) block sponsored ads for 3% of a platform’s visitors and find that sponsored search reduces total transactions yet remains profitable, because ad revenue more than offsets lost commission—so what harms total market efficiency can still be a net financial positive for the platform.



12.11 Emerging Interfaces: Livestreaming, Augmented Reality, and AI

Three interface technologies are reshaping how consumers encounter products, each introducing a distinct psychological mechanism.

Livestreaming fuses entertainment, social presence, and commerce in real time. Y. Lin, Yao, and Chen (2021) show that happy streamers make audiences happier and more generous with tips, an effect amplified for broadcasters who are more experienced, receive more tips, and are more popular—evidence that emotional contagion is a monetizable mechanism. Emotional display does not always help in screen-mediated selling, however: N. Bharadwaj et al. (2021) extract salesperson emotions from livestream video and find that in one-to-many screen-mediated communication salespeople should not display emotions, a contingency that cautions against importing face-to-face selling norms wholesale.

Augmented reality (AR) overlays digital content on the physical world. Yim, Chu, and Sauer (2017) show that, relative to web-based product presentation, AR delivers superior communication benefits—novelty, immersion, enjoyment, utility—leading to better medium attitudes and purchase intention, with immersion mediating the path from interactivity and vividness to usefulness and enjoyment in the AR condition but not on the web. The construct of vividness, “the ability of a technology to produce a sensorially rich mediated environment” (Steuer 1992, 80), and the two schools of interactivity (a technological view emphasizing speed, mapping, and range; and a subjective-perception view tied to motivation) are the theoretical scaffolding here, and their overlap is a measurement challenge the literature continues to negotiate.

Artificial intelligence introduces agents that consumers reason about differently from humans. Garvey, Kim, and Duhachek (2021) show that consumers respond better to an AI agent than a human when an offer is worse than expected, and better to a human when an offer is better than expected, because AI agents are perceived to have weaker intentions; firms can anthropomorphize AI to claim credit for good offers and deflect blame for bad ones. The visual perception of AI-rendered and animated content also has its own biases: Jia, Kim, and Ge (2020) document an inverse size–speed association in digital ads—faster animation makes an object seem smaller, learned from animate agents such as animals— which firms can mitigate by reducing similarity to those domains, educating consumers, or highlighting size information, and which can even reverse when a positive size–speed association in the base domain is made accessible. A broader typology of digital agents is offered by Miao et al. (2021), who define avatars as “digital entities with anthropomorphic appearance, controlled by a human or software, that are able to interact” (p. 5) and organize them on form realism and behavioral realism. Even the platform on which content is consumed conditions preferences: KOUKOVA, KANNAN, and RATCHFORD (2008) find experimentally that content-consumption preferences (e-book versus print, and so on) vary across platforms.



12.12 Customer Engagement

Engagement reframes the customer as more than a buyer. V. Kumar et al. (2010b) decompose a customer’s engagement value into four components: customer lifetime value (purchase behavior), customer referral value (incentivized referrals), customer influencer value (organic influence on other customers), and customer knowledge value (the value of the customer’s feedback to the firm). Harmeling et al. (2016) visualize the mechanism by which engagement translates into firm performance, completing the conceptual bridge from behavior to value. Engagement is heterogeneous and observable in clickstream: Bucklin and Sismeiro (2003) show that browsing propensity varies with site-visit depth and repeat visits, and Reimer, Rutz, and Pauwels (2014) show that segments respond differently to marketing instruments—heavy users of digital music are less price-sensitive and more responsive to TV advertising than the consumer-packaged-goods pattern would predict, while light users are price-sensitive and prone to opt out of targeted communication. The lesson is that engagement-based segmentation must be estimated, not assumed.



12.13 The Wisdom of Crowds

Online environments enable production and evaluation by distributed crowds—open source, crowdsourcing, and crowdfunding—whose success turns on network structure and social dynamics rather than on a single firm’s effort.

In open source, network embeddedness is double-edged. R. Grewal, Lilien, and Mallapragada (2006) apply latent-class regression to affiliation networks of open source projects and find that embeddedness profoundly shapes technical and commercial outcomes, but heterogeneously: in some regimes it promotes success and in others it harms it, with project age and visibility offering additional explanation. Mallapragada, Grewal, and Lilien (2012) model time-to-release with a split-hazard model on 817 SourceForge projects and show that a founder’s central position in the developer-user community can speed release by up to 31% and that highly engaged end users cut release time by 11%, confirming the dual-community (developer/end-user) structure of open source. In crowdsourcing, Mahr, Rindfleisch, and J Slotegraaf (2015) apply dual-processing theory and find that creative (spontaneous, intuitive) and deliberate (systematic, analytical) problem-solving styles each succeed under different conditions—creative under high contextual familiarity and short time investment, deliberate under low familiarity and long investment—while combining both styles lowers success.

In crowdfunding, social affiliation can backfire. Herd, Mallapragada, and Narayan (2022) find that while more backers raise funding, affiliation among backers lowers funding amounts and success through “vicarious moral licensing”—potential backers feel less obligated when affiliated others have already funded—an effect attenuated by creator engagement (descriptions, updates) and backer engagement (shares) and robust across instruments, models, and measures. Finally, the emergence of crowd structure resists simple explanation: S. L. Johnson, Faraj, and Kudaravalli (2014) use agent-based modeling on 28 online communities to show that power-law distributions of user popularity arise from no single mechanism (neither preferential attachment nor any one social factor alone) but require a mixture of social mechanisms—a caution against monocausal models of online influence.



12.14 Social Listening and Verification Tools

The practical infrastructure for studying social media consists of social listening platforms (SLPs)—commercial tools such as Brandwatch, Meltwater, Sprinklr, Talkwalker, and others that aggregate, classify, and visualize social media at scale— and a parallel ecosystem of fake-follower and influencer-audit tools that estimate the authenticity of an account’s audience. These tools are not neutral instruments: they embed sampling, language-coverage, and classification choices that shape the sentiment and reach metrics they report, which is precisely why the listening literature insists on model-based, selection-corrected measurement (David A. Schweidel and Moe 2014) rather than dashboard counts taken at face value. For the researcher, an SLP is a data source whose provenance must be documented with the same rigor demanded of any scraped or API-collected dataset (Chapter 12).



12.15 Worked Example: Sentiment as a Leading Indicator

To make the listening argument concrete, the following reproducible example illustrates why venue- or selection-aware sentiment can lead an external performance series while a naïve average lags or misleads. We simulate latent brand health, generate posts whose probability of appearing depends on sentiment (polarity self-selection), and compare a naïve mean rating against a selection-corrected measure as predictors of next-period sales. The example is pedagogical, not an estimator for production use, but it reproduces the qualitative pattern documented by David A. Schweidel and Moe (2014) and Schoenmueller, Netzer, and Stahl (2020).


set.seed(42)

n_weeks <- 60
# Latent brand health follows a smooth AR(1)-like path.
health <- as.numeric(filter(rnorm(n_weeks, 0, 0.3), 0.8, method = "recursive"))
health <- scale(health)[, 1]

# Next-week sales depend on this week's latent health plus noise.
sales <- 100 + 15 * dplyr::lag(health, default = 0) + rnorm(n_weeks, 0, 5)

# Each week, many latent opinions are drawn around health, but the probability
# of POSTING rises with the extremity of the opinion (polarity self-selection).
naive_sentiment      <- numeric(n_weeks)
corrected_sentiment  <- numeric(n_weeks)
for (t in seq_len(n_weeks)) {
  opinions  <- rnorm(400, mean = health[t], sd = 1)
  post_prob <- plogis(2 * abs(opinions) - 1)          # extreme -> more likely to post
  posted    <- opinions[runif(400) < post_prob]
  naive_sentiment[t] <- mean(posted)                  # biased by self-selection
  # Selection correction: reweight posted opinions by inverse posting propensity.
  w <- 1 / plogis(2 * abs(posted) - 1)
  corrected_sentiment[t] <- weighted.mean(posted, w)
}

# Which sentiment series better predicts NEXT week's sales?
df <- data.frame(
  sales_next        = dplyr::lead(sales),
  naive             = naive_sentiment,
  corrected         = corrected_sentiment
)
df <- df[complete.cases(df), ]

cor_naive     <- cor(df$naive,     df$sales_next)
cor_corrected <- cor(df$corrected, df$sales_next)

cat("Corr(naive sentiment, next-week sales):     ", round(cor_naive, 3), "\n")
#> Corr(naive sentiment, next-week sales):      0.952
cat("Corr(corrected sentiment, next-week sales): ", round(cor_corrected, 3), "\n")
#> Corr(corrected sentiment, next-week sales):  0.955




The selection-corrected series tracks latent health—and therefore next-period sales—more closely than the naïve mean, because it undoes the over-representation of extreme opinions. The general lesson generalizes far beyond this toy: online metrics are generated by a selection process (who posts, what the algorithm shows, which venue is chosen), and credible inference requires modeling that process rather than averaging its output.



12.16 Key Takeaways


	Online environments are simultaneously a substantive domain and a measurement opportunity; every empirical claim inherits the validity threats of how its data were collected. Algorithmic interference (H. Xu, Zhang, and Zhou 2019) and inter-temporal instability are endemic, and documentation in the spirit of Gebru et al. (2021) is the price of reproducibility.

	The field’s organizing functions—expression, decision support, and market intelligence—were stable across two decades even as platforms changed (Lamberton and Stephen 2016); new data types (clickstream, text, images) drove new methods.

	Source governs content effects: UGC dominates awareness and satisfaction while FGC vividness aids consideration and intent (Colicev, Kumar, and O’Connor 2019), and the owned/earned distinction (Colicev et al. 2018) traces social media activity to firm value through a mediated mindset path.

	Reviews are the most tractable online data type, but their integrity is fragile— herding (Sunder, Kim, and Yorkston 2019), polarity self-selection (Schoenmueller, Netzer, and Stahl 2020), and fake reviews (Sherry He, Hollenbeck, and Proserpio 2022) all bias the naïve average, so sentiment must be measured, not merely counted (David A. Schweidel and Moe 2014).

	Clickstream and field experiments make the path to purchase observable and actionable in real time (Montgomery et al. 2004; Ding, Li, and Chatterjee 2015), and search design is now a field-experimental science with measurable, sometimes counterintuitive, welfare consequences (Moshary 2025; Lei, Chen, and Sen 2024).

	Emerging interfaces—livestreaming, AR, and AI—each introduce a distinct mechanism (emotional contagion, immersion, perceived intention) rather than merely a new screen, and crowd-based production succeeds through network structure and social dynamics, not single-firm effort (S. L. Johnson, Faraj, and Kudaravalli 2014; Herd, Mallapragada, and Narayan 2022).







13 Advertising

Advertising is paid, mediated communication from an identified sponsor designed to shift what consumers know, feel, and ultimately do. It is among the largest discretionary line items a firm controls and one of the oldest objects of study in marketing, yet two facts about it remain in productive tension. The first is that advertising plainly works: a long tradition of meta-analysis and market-response modeling documents that it moves consumer mindsets, behavior, and—through those channels—firm value (Fang Wang, Zhang, and Ouyang 2008; Hewett et al. 2016). The second is that, measured honestly, its average effect is small, noisy, and frequently indistinguishable from zero. The most rigorous modern field evidence finds that the bulk of brands earn statistically insignificant or negative advertising elasticities, that observational estimates are swamped by selection, and that a majority of observed advertising schedules carry negative marginal returns (B. Shapiro, Hitsch, and Tuchman 2018; B. T. Shapiro, Hitsch, and Tuchman 2021; Gordon et al. 2017; Lewis and Rao 2015). Reconciling “advertising works” with “most advertising doesn’t pay” is the central problem of the field, and it is fundamentally a problem of measurement.

This chapter is organized around three lenses that the literature applies to that problem, and the reader who finishes it should be able to move fluently among them. The behavioral lens asks how an exposure is processed inside a single mind: which psychological stages a message must clear to change a belief, when affect substitutes for cognition, and how involvement moderates the route to persuasion. The theoretical lens asks how rational agents—consumers, advertisers, and intermediaries—interact when advertising is informative, intrusive, and costly. The econometric lens asks the hardest question of all: given non-experimental data in which firms advertise because they expect demand, how does one recover the causal effect of advertising rather than the spurious correlation between spending and the sales that motivated it? We treat the behavioral models as the source of testable mechanisms, the theoretical models as the source of equilibrium discipline, and the econometric models as the arbiter of what is actually true. Throughout, the unifying thread is that advertising’s effect is best understood not as a level but as an increment above a baseline—and that the entire empirical enterprise turns on how credibly that baseline is constructed (Gordon, Jerath, et al. 2019).

A note on scope and ethics frames everything that follows. Audiences dislike intrusive advertising, especially when they are vulnerable (Tybout and calkins 2005), and the welfare consequences of targeting, deception, and repetition recur as substantive questions rather than asides. Advertising that persuades by exploiting vulnerability is both a behavioral phenomenon and a regulatory one, and the chapter treats it as both.


13.1 The Behavioral Approach

The behavioral tradition opens the consumer’s head and asks what an advertisement has to accomplish there. Its oldest and most durable idea is that persuasion is a sequence of conditional stages, each of which can fail.


13.1.1 Persuasion as a Stochastic Information-Processing Chain

McGuire and Staelin (1983) models the effect of a persuasive communication as a chain of information-processing steps, each of which the receiver must clear before the next becomes possible. Because the steps are sequential and each is probabilistic, the probability that an exposure ultimately changes behavior is the product of the stage-wise conditional probabilities. Writing the stages as presentation (the message reaches the receiver), attention, comprehension, yielding (attitude change), retention (persistence of the new belief), and behavior, the persuasion probability is

P(behavior)=P(presentation)⋅P(attention∣presentation)⋅P(comprehension∣attention)⋅P(yielding∣comprehension)⋅P(retention∣yielding)⋅P(behavior∣retention).(13.1)
P(\text{behavior}) =
P(\text{presentation}) \cdot
P(\text{attention} \mid \text{presentation}) \cdot
P(\text{comprehension} \mid \text{attention}) \cdot
P(\text{yielding} \mid \text{comprehension}) \cdot
P(\text{retention} \mid \text{yielding}) \cdot
P(\text{behavior} \mid \text{retention}).
 \qquad(13.1)

The multiplicative form in Equation 13.1 is the source of the model’s most useful implication: because the stages compound, a campaign is only as strong as its weakest link, and very high performance on one stage cannot rescue a near-zero probability on another. Each stage maps onto a distinct managerial lever and a distinct measurement instrument—presentation to reach and media weight, attention to recognition tests, comprehension to recall and semantic-differential profiles, yielding to measured attitude change, retention to delayed attitude measurement, and behavior to observed choice. The independent variables that move these probabilities are organized in McGuire and Staelin (1983) as a communication matrix crossing source, message, channel, receiver, and destination. Advertising appeals operate on the yielding stage through valence: positive (gain-framed) appeals reduce anxiety, negative (loss-framed) appeals raise it. The model’s chief limitation—and the seam along which later work pulled it apart—is its assumption of a single fixed hierarchy in which cognition always precedes affect which always precedes behavior.








Note




The “hierarchy of effects” tradition that Equation 13.1 formalizes traces to practitioner think-/feel-/do- models of the 1960s. Its scientific value is not the specific ordering, which is often wrong, but the discipline of decomposing a single aggregate effect into separately measurable conditional stages. Most modern diagnostics—funnels, brand-lift studies, attention metrics—are descendants of this decomposition.









13.1.2 From Funnel to Journey

The managerial counterpart to the processing chain is the purchase funnel: awareness, familiarity, consideration, purchase, and loyalty (with loyalty split into active and passive forms). The funnel is a firm’s-eye abstraction—a narrowing pipeline the marketer pushes prospects down. The influential reframing associated with McKinsey’s consumer decision journey replaces the narrowing funnel with a cyclical process organized around the consumer’s perspective: an initial consideration set, a phase of active evaluation in which the set can expand, a moment of purchase, and a post-purchase experience that feeds loyalty and future consideration. The two views are complementary rather than competing, as Figure 13.1 contrasts; a useful way to hold them together is that the journey adds a dimension the funnel suppresses, turning a one-directional narrowing into a recurring loop. Batra and Keller (2016) push this further into a dynamic, expanded customer decision journey that integrates paid, owned, and earned media across traditional and digital touchpoints and asks how communications interact across them.
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Figure 13.1: Two complementary representations of how advertising acts on demand. The firm-centric funnel (left) is a narrowing pipeline; the consumer decision journey (right) is a recurring loop in which the consideration set can expand during active evaluation and post-purchase experience feeds back into future consideration.










13.1.3 Antecedents, Processing, and Consequences

The decisive theoretical advance over the fixed hierarchy is to treat advertising processing as a contingent system whose route depends on the consumer’s needs, motivation, ability, and opportunity. Maclnnis and Jaworski (1989) supply the canonical synthesis, organizing the field’s prior strands—the hierarchy-of-effects models, the multiattribute attitude and cognitive-response models of the 1970s—into a single antecedents → processing → consequences architecture.

On the antecedent side, needs are partitioned into utilitarian needs (functional problem-solving) and expressive needs, the latter splitting into socially expressive needs (to project or reflect a self-image) and experiential needs (to satisfy sensory or cognitive appetites). The pivotal antecedent is motivation to process brand information in the ad—what the consumer-behavior literature calls involvement—which may be situational (tied to the moment) or enduring (tied to the person). Motivation governs attention and processing capacity: higher motivation buys greater attention and greater capacity for analyzing the ad, but capacity is finite, so capacity spent on the ad is unavailable for competing tasks. Utilitarian needs direct attention to brand attributes; expressive needs direct it to symbolic and experiential value. Processing then proceeds through escalating levels— feature analysis, basic categorization, meaning analysis, information integration, role-taking, and constructive processing—moderated by ability and opportunity. The consequences are cognitive responses (thoughts) and emotional responses (feelings), and these can be partitioned by referent into message-related (brand-relevant), execution-related (brand-irrelevant), and viewing-context-related (environmental) responses. The architecture’s value is integrative: it subsumes the elaboration-likelihood model of persuasion (Petty and Cacioppo 1986), Mitchell’s brand-processing model, and Lutz’s typology of ad responses as special cases. A central testable claim is that attitude toward the ad (AAdA_{\text{Ad}}) mediates attitude toward the brand (ABA_{\text{B}}) specifically at the higher processing levels—meaning analysis, information integration, and role-taking—implying a managerial trade-off between investing an ad’s finite real estate in brand/message content versus execution.

The complementary review by Vakratsas and Ambler (1999) abstracts across this entire literature with a single reduced-form schematic—advertising input passes through filters (e.g., motivation, ability) into the consumer’s cognition, affect, and experience, which in turn drive behavior—and then taxonomizes the field’s models by which of these mediators they admit and in what order. Table 13.1 organizes the principal families.




Table 13.1: Families of advertising-response models, classified by which mediators they admit and in what order. Adapted from the synthesis in Vakratsas and Ambler (1999).











	Family
	Mediating sequence
	Core mechanism
	Representative theory





	Cognitive (C)
	Cognition only
	Information changes beliefs; price vs. non-price ads move price sensitivity asymmetrically
	Information-economics models



	Pure affect (A)
	Affect only
	Mere exposure; wear-in then wear-out yields an inverted-U
	Two-factor / optimal-arousal theories



	Persuasive hierarchy (CA)
	Cognition → affect → behavior
	Elaboration drives attitude; involvement moderates
	ELM (Petty and Cacioppo 1986); Maclnnis and Jaworski (1989)



	Low-involvement (CEA)
	Cognition → experience → affect
	Behavior precedes firm attitudes
	Low-involvement learning



	Integrative (CAE)
	Cognition → affect → experience
	Expectations then trial confirm/disconfirm
	Two-stage trial models



	Hierarchy-free (NH)
	No fixed order
	Route is contingent on context
	Vakratsas and Ambler (1999)










Two empirical generalizations survive this taxonomy and recur below. First, experience, affect, and cognition all serve as mediators of advertising effects, so a model that omits any one is misspecified for some product class. Second, short-term advertising elasticities are small and decline over the product life cycle—a behavioral fact that anticipates the econometric findings of Section 13.3. At the aggregate level, the venerable finding that roughly three exposures per purchase cycle is “optimal” reflects the same affective dynamics of wear-in and wear-out (Vakratsas and Ambler 1999). The broader program of cataloguing such regularities is synthesized by Wind and Sharp (2009), who compile a set of empirical generalizations about advertising while flagging the field’s persistent gaps in boundary conditions, advertising properties, and measurement.



13.1.4 Cognitive and Affective Mediators

The cognitive route formalizes persuasion as the algebra of the thoughts an ad provokes. Wright (1973) distinguishes three modes of spontaneous cognitive response— support arguments that reinforce the message, counterarguments that resist it, and source derogations that attack the communicator—and models acceptance as their weighted net balance,

Acceptance=wSA∑iSAi−wCA∑jCAj−wSD∑kSDk,(13.2)
\text{Acceptance} =
w_{\text{SA}} \sum_{i} \text{SA}_i
- w_{\text{CA}} \sum_{j} \text{CA}_j
- w_{\text{SD}} \sum_{k} \text{SD}_k,
 \qquad(13.2)

where SA\text{SA}, CA\text{CA}, and SD\text{SD} count support arguments, counterarguments, and source derogations, and the weights ww scale their persuasive impact. Equation 13.2 makes the cognitive-response prediction precise: anything that suppresses counterargument production—distraction, low involvement, or the message-relevant situational factors of content-processing involvement and message modality emphasized by Wright (1973)—mechanically raises acceptance. This is the engine behind Batra and Ray (1986a)’s analysis of repetition: repeated exposure raises brand attitude and purchase intention while support and counterargument production are low, but once such production rises, attitudes level off and then decline. Repetition’s benefit therefore wears out, and the wear-out can be pushed back by varying ad execution; the appropriate dosing interval is the purchase cycle, with roughly three exposures per cycle a common optimum. Ability, motivation, and opportunity are the antecedents that govern when this cognitive processing engages at all.

The affective route insists that evaluation does not reduce to cognition. The landmark statement is Zajonc (1980)’s, which deserves quotation because it reorients the entire downstream literature.


Preferences need no inferences: affective reactions to stimuli can be acquired first, can occur without extensive perceptual and cognitive encoding, and can influence subsequent judgments independently of and prior to cognition.



On this view affect is a system-1 response that can precede and bias the slower, deliberate system-2 cognition rather than following from it. The mechanisms are classical (Pavlovian) conditioning—an automatic physiological reaction transferred to a previously neutral stimulus—and evaluative conditioning, the direct transfer of affect from one stimulus to another, which Gibson (2008) shows (using implicit-measure designs) reshapes explicit attitudes mainly when no strong prior preference exists. A useful distinction within affect separates diffuse, long-lasting moods from discrete, source-specific emotions. The empirical payoff of taking affect seriously is large and well replicated: ad-evoked feelings raise brand attitudes both directly and indirectly through attitude toward the ad, across involvement levels and product types, with the effect strongest for hedonic rather than utilitarian products (Pham, Geuens, and De Pelsmacker 2013); emotional reactions mediate advertising’s effect on attitudes toward both ad and brand (Holbrook and Batra 1987); and attitude toward the ad itself shifts brand attitudes, with execution cues and source likeability mattering most in low-involvement settings (Batra and Ray 1986b; MacKenzie, Lutz, and Belch 1986; A. A. Mitchell and Olson 1981). Validated scales separate the hedonic and utilitarian dimensions of consumer attitude that this literature relies on (Batra and Ahtola 1991; Voss, Spangenberg, and Grohmann 2003).

Two further results sharpen the picture. Counterintuitively, momentary interruptions can promote persuasion by amplifying arousal and the need for completion, an effect concentrated among consumers low in need for cognition (Kupor and Tormala 2015). And when creative strategy is decomposed into composite content metrics, the components rank by their effect on advertising elasticity in a clear order—experiential content first, then cognitive, then affective (Dall’Olio and Vakratsas 2022)—a finding that gives the cognition/affect/experience trichotomy of Table 13.1 direct managerial teeth.

A distinct memory mechanism complicates all of the above: ads do not arrive in isolation. Burke and Srull (1988) document competitive interference, in which one ad degrades memory for another. Memory for a brand’s ad is impaired retroactively by later ads—both from competitors in the same class and from other products in the same manufacturer’s line—and proactively by prior ads, and the memory benefit of repetition is itself blunted by the presence of competing advertising. Interference is why elasticities estimated in clutter-free laboratories overstate field effects, a theme Section 13.3 returns to.



13.1.5 Involvement and the Two Routes to Persuasion

The construct that organizes the behavioral literature’s contingencies is involvement—loosely, how deeply a consumer wants to think about a product. Two frameworks dominate: the elaboration-likelihood model (ELM) (Petty and Cacioppo 1979) and the heuristic-systematic model (Chaiken 1980). The ELM’s core claim is that persuasion travels one of two routes. The central route engages effortful elaboration of message arguments; attitudes formed this way are durable and predictive of behavior. The peripheral route relies on cues outside the argument—source attractiveness, mere repetition, mood—and yields attitudes that are temporary and weakly predictive. Petty, Cacioppo, and Schumann (1983) supply the canonical demonstration via a crossover interaction: argument quality moves attitudes more under high involvement, while a peripheral cue (a celebrity endorser versus an ordinary one) moves attitudes more under low involvement. This single experiment is the field’s cleanest evidence that message content and executional cues are substitutes whose relative potency is governed by involvement.








A terminological caution




Petty and Cacioppo (1986) frame the central/peripheral distinction in terms of motivation rather than involvement, and there is a methodological reason to follow them: the involvement construct is notoriously fragmented across the literature, so framing results in terms of motivation invites less definitional dispute. The marketing literature further unbundles the ELM’s “ability” into separate ability and opportunity factors, yielding the motivation–ability–opportunity (MAO) triad as the joint antecedent of elaboration (Petty, Cacioppo, and Schumann 1983). For review and operationalization, Muehling, Laczniak, and Andrews (1993) is the preferable entry point, with J. C. Andrews, Durvasula, and Akhter (1990) a complement and Zaichkowsky (1985b) the canonical scale.







The most rigorous theoretical treatment of involvement is Greenwald and Leavitt (1984)’s, which recovers the construct from a cognitive-capacity foundation rather than a managerial one. They distinguish attentional capacity (the limited resource Kahneman calls effort, demanded in increasing amounts as task complexity rises) from attentional arousal (a state of wakefulness that facilitates well-learned responses), and array processing into four levels of increasing depth: preattention (little capacity), focal attention (modest capacity to decipher the message), comprehension (capacity to analyze it), and elaboration (capacity to integrate it into existing knowledge). Their principle of higher-level dominance states that when the effects of different processing levels oppose one another, the highest engaged level dominates the net result—deeper, more deliberate judgment wins. They also draw the conceptual line, since muddied, between involvement (the audience/observer’s depth of processing) and what is better termed engagement (the actor/participant’s behavior). That distinction has acquired fresh empirical content online, where Schivinski, Christodoulides, and Dabrowski (2016), building on Muntinga, Moorman, and Smit (2011), scale consumer engagement along three escalating tiers—consumption (viewing, reading), contribution (liking, sharing, commenting), and creation (posting, producing content).

Involvement also moderates the affective route. Batra and Stayman (1990) show that positive mood reduces cognitive elaboration and biases the perceived quality of arguments, allowing mood to influence brand attitudes peripherally. Macinnis, Rao, and Weiss (2002) add a maturity condition: because affective processing requires no motivation while the persuasive use of endorsers does, affectively based executional cues most reliably lift sales for mature, familiar brands whose consumers already possess the relevant product knowledge. A standing caution from the meta-analytic literature is that laboratory advertising studies diverge from the field precisely on the dimensions that involvement implicates: forced exposure, unmeasured choice, and the absence of competitive clutter, decay, repeated exposure, and brand maturity.



13.1.6 Visual Cues

Finally, the visual construal of an advertisement interacts with the brand’s positioning to determine willingness to pay. X.-Y. (Marcos). Chu, Chang, and Lee (2021) show that the effect of the visual distance between the depicted product and the consumer flips with brand image: for prestige brands associated with status and luxury, attitudes and willingness to pay a premium rise as that distance grows (distance connotes exclusivity), whereas for popular brands associated with broad appeal and social connectedness, closeness is what lifts attitudes and willingness to pay. Visual strategy is therefore not separable from positioning—the same image is an asset for one brand archetype and a liability for the other.



13.1.7 Theoretical Foundations

The behavioral results above are not a loose collection of findings but the surface of a small number of governing theories, and naming them clarifies why the mechanisms recur. The organizing theory is dual-process persuasion, formalized for marketing by the elaboration likelihood model (Petty and Cacioppo 1986; Petty, Cacioppo, and Schumann 1983) and its heuristic-systematic cousin (Chaiken 1980): an exposure is processed either through an effortful central route that scrutinizes argument quality or through a peripheral route that leans on cues, and which route engages depends on the receiver’s motivation and ability. This is the same fast/slow distinction that Zajonc (1980) invokes when affect precedes cognition, and it explains why involvement moderates nearly every behavioral result in the chapter. The hierarchy-of-effects tradition supplies the complementary idea that persuasion is a sequence of separately measurable conditional stages (Equation 13.1), so that a single aggregate effect decomposes into stages each governed by its own lever; the contingent-route view of Maclnnis and Jaworski (1989) and Vakratsas and Ambler (1999) is what frees that hierarchy from a single fixed ordering.

Three further theories account for effects the route models do not. Mere exposure holds that repetition alone raises liking even absent recognition (Zajonc 1980), grounding the wear-in half of the repetition dynamics. Attitude theory, in the reasoned-action and planned-behavior tradition, links the attitudes an ad forms to intentions and ultimately behavior (Ajzen 1991a), supplying the causal chain that the funnel and the processing models presuppose. And attention economics treats the consumer’s processing capacity as the genuinely scarce resource (Greenwald and Leavitt 1984): a message competes not against rival arguments but against everything else contending for finite attention, which is why competitive interference degrades recall and why attention metrics anchor modern diagnostics. Finally, the behavioral-economics strand enters advertising through salience and framing: decision weights tilt toward attributes that stand out in the context (Bordalo, Gennaioli, and Shleifer 2013), and logically equivalent gain- versus loss-framed appeals move choice differently because outcomes are judged against a reference point rather than in absolute terms (A. Tversky and Kahneman 1981; Kahneman and Tversky 1979). Framing is thus the behavioral-economics formalization of the valence lever that Equation 13.1 locates at the yielding stage.




13.2 The Theoretical Approach

The behavioral models describe a single mind; the theoretical approach asks what happens when consumers, advertisers, and intermediaries are strategic. The exemplar here is the economics of privacy and targeting. W. J. Choi, Jerath, and Sarvary (2023) build an analytical model with three classes of actor—consumers, an advertiser, and an ad network—in which advertising is genuinely valuable (it conveys product information that guides the purchase journey) but also costly to the consumer along two margins: a distaste for online tracking and ad wear-out from repetition. Tracking lets the advertiser infer a consumer’s journey stage and target accordingly, so the consumer’s opt-in decision trades the benefit of more relevant information against the cost of wear-out.

The model’s value is that it generates non-obvious comparative statics that no purely behavioral account would predict. Consumers opt in to tracking when ad effectiveness is intermediate or when their sensitivity to wear-out is low; and—counterintuitively— opting in can reduce the number of repeat ads a consumer receives when effectiveness is intermediate, because targeting substitutes relevance for repetition. Most strikingly, higher ad effectiveness, though good for the advertiser per exposure, can lower the ad network’s profit by reducing the number of repeated ads it can sell. These results carry directly into policy: by deriving why a rational consumer would or would not consent to tracking, the model gives regulators contemplating consent requirements a structural account of who opts in and what it does to surplus on all sides of the market. The general lesson is that targeting and repetition are equilibrium objects—choosing them well requires modeling the consumer’s reaction, not just the firm’s.



13.3 The Econometric Approach

The behavioral and theoretical lenses generate mechanisms; the econometric lens asks which of them survive contact with real, non-experimental data. Its defining problem is endogeneity. Firms do not assign advertising at random—they spend because they forecast demand, target their best markets and best-timed weeks, and cut spending when they expect to sell poorly anyway. Let yity_{it} be a sales outcome for unit ii in period tt and aita_{it} advertising. The naïve regression

yit=βait+𝐱it⊤𝛄+εit(13.3)
y_{it} = \beta\, a_{it} + \mathbf{x}_{it}^{\top}\boldsymbol{\gamma} + \varepsilon_{it}
 \qquad(13.3)

recovers the causal advertising effect β\beta only if 𝔼[εitait]=0\mathbb{E}[\varepsilon_{it}\,a_{it}]=0. That condition almost never holds: any demand shock the firm anticipates and responds to (a holiday, a competitor’s exit, favorable weather) enters εit\varepsilon_{it} and is correlated with aita_{it}, biasing β̂\hat\beta. Because firms target favorable conditions, the bias is typically positive, so naïve estimates overstate effectiveness—and the bias can be large relative to the true effect.

The benchmark that disciplines this literature is the randomized experiment, and where experiments exist they are sobering. Lewis and Rao (2015) and Gordon et al. (2017) demonstrate that advertising effects are so small relative to the variance of sales that observational methods routinely fail to recover them—producing estimates that may be too large or too small by orders of magnitude—and that even large field experiments require enormous samples to detect plausible effects. The correct conceptual target, following Gordon, Jerath, et al. (2019), is the incremental effect: the lift in behavior above the baseline the consumer would have exhibited absent the ad. When randomization is infeasible, the practical remedy is to construct a credible baseline—for instance, panel data across geographic markets that lets one estimate each market’s no-advertising counterfactual and read the advertising effect as the deviation from it. Table 13.2 summarizes the principal strategies and what breaks each.




Table 13.2: Identification strategies for advertising effects, with the assumption each relies on and the violation that defeats it.










	Strategy
	Identifying assumption
	What breaks it





	Naïve regression (Equation 13.3)
	Advertising uncorrelated with demand shocks
	Targeting/timing of spend (almost always violated)



	Randomized experiment
	Exposure assigned at random
	Infeasibility, scale, non-compliance, spillovers



	Panel / fixed effects + geo baseline
	Unobservables constant within unit; cross-market counterfactual valid
	Time-varying shocks correlated with spend



	Instrumental variables
	Instrument moves ads but not demand directly
	Weak or invalid (non-excludable) instruments



	Quasi-experiment / regulatory shock
	Treatment timing as-good-as-random
	Confounding co-events (e.g., algorithm changes)



	Border / discontinuity designs
	Outcomes continuous across an ad-market boundary
	Sorting or other discontinuities at the border











13.3.1 A Simulation of the Endogeneity Problem

The bias in Equation 13.3 is concrete enough to reproduce. The following simulation constructs markets in which a manager sets advertising as an increasing function of a demand shock she observes but the analyst does not. The naïve regression then recovers a coefficient far above the true effect, while a specification that conditions on the shock recovers the truth—illustrating why a credible baseline is the whole game.


set.seed(10)

n_markets <- 2000
true_beta <- 0.5                       # the causal advertising effect we want back

# Demand shock the MANAGER sees but the ANALYST does not (the confounder)
demand_shock <- rnorm(n_markets, 0, 1)

# Manager targets favorable markets: spend rises with the anticipated shock
advertising <- 2 + 1.2 * demand_shock + rnorm(n_markets, 0, 0.5)

# Sales depend on advertising (true_beta) AND the same hidden shock
sales <- 5 + true_beta * advertising + 2.0 * demand_shock + rnorm(n_markets, 0, 1)

naive   <- coef(lm(sales ~ advertising))["advertising"]
adjusted <- coef(lm(sales ~ advertising + demand_shock))["advertising"]

cat("True effect          :", true_beta, "\n")
#> True effect          : 0.5
cat("Naive estimate       :", round(naive, 3), "  (biased upward)\n")
#> Naive estimate       : 1.915   (biased upward)
cat("Baseline-adjusted     :", round(adjusted, 3), "  (recovers the truth)\n")
#> Baseline-adjusted     : 0.484   (recovers the truth)




The naïve estimate is biased upward by exactly the mechanism Gordon et al. (2017) warn about: the manager’s targeting loads the omitted shock onto the advertising coefficient. Only when the analyst controls the demand baseline—the empirical analogue of a randomized control group or a cross-market counterfactual—does the estimate return to the truth.



13.3.2 Estimating Advertising Effects and Elasticities

Once identification is taken seriously, the estimated magnitudes shrink. B. T. Shapiro, Hitsch, and Tuchman (2021) estimate the distribution of TV advertising elasticities and returns across a large set of product categories and find elasticities below prior benchmarks, a large share of estimates statistically insignificant or negative, and—on the return side—over 80% of brands facing negative marginal returns, with only about a third earning a positive return from their observed schedule. The pattern is robust to functional form and is not an artifact of low power or measurement error, echoing the prior-distribution evidence in B. Shapiro, Hitsch, and Tuchman (2018) that a substantial share of consumer-packaged-goods elasticities are insignificant or negative. The collected experimental and quasi-experimental program— B. Shapiro (2016), Blake and Coey (2014), Lewis, Rao, and Reiley (2011), Guitart and Stremersch (2021)—reinforces the same conclusion: credibly identified advertising effects are small, heterogeneous, and frequently unprofitable at the margin.

These small short-run elasticities are consistent with the behavioral prediction of Vakratsas and Ambler (1999) that elasticities decline over the life cycle, and they motivate the search for effects on outcomes other than immediate own-brand sales—word of mouth, website traffic, firm value—where advertising’s influence may be larger or more reliably detected.



13.3.3 Carryover and the Optimal Data Interval

Every elasticity in the previous section presumes an answer to a prior question: over what horizon does advertising act? Advertising’s effect is not contemporaneous. An exposure today raises sales today and—through memory, deferred purchase, and word of mouth—raises them tomorrow, next week, and progressively less thereafter. The canonical representation of this decay is the geometric distributed lag, in which a single immediate coefficient β\beta governs the impact of current advertising ata_t and a single carryover parameter λ∈[0,1)\lambda \in [0,1) geometrically discounts all past exposures,

st=μ+β∑k=0∞λkat−k+εt.(13.4)
s_t = \mu + \beta \sum_{k=0}^{\infty} \lambda^{k} a_{t-k} + \varepsilon_t .
 \qquad(13.4)

The infinite sum in Equation 13.4 is not directly estimable, but the Koyck transformation—subtracting λst−1\lambda s_{t-1} from sts_t—collapses it into a finite autoregressive form,

st=μ(1−λ)+λst−1+βat+εt−λεt−1⏟MA(1) error.(13.5)
s_t = \mu(1-\lambda) + \lambda\, s_{t-1} + \beta\, a_t + \underbrace{\varepsilon_t - \lambda \varepsilon_{t-1}}_{\text{MA(1) error}} .
 \qquad(13.5)

3 is the workhorse of advertising dynamics: a regression of sales on its own lag and current advertising recovers the carryover λ\lambda as the coefficient on st−1s_{t-1} and the immediate effect β\beta as the coefficient on ata_t, and the long-run multiplier—the total cumulative effect of a permanent one-unit increase in advertising—is β/(1−λ)\beta/(1-\lambda). The price of the transformation is the moving-average error it induces, which makes ordinary least squares biased in finite samples and is the reason instrumental-variables or maximum-likelihood corrections appear throughout this literature.

A subtler and more consequential problem precedes estimation, however: at what data interval should 3 be fit? Scanner systems deliver sales and advertising at intervals from seconds to months, and the carryover estimate is not invariant to the choice. Gerard J. Tellis and Franses (2006) confront the conventional wisdom directly. It had been “long known in marketing and econometrics that temporally aggregated data biases estimates of the duration of advertising’s effect” (Clarke 1976; Leone 1995), and the received remedy, seeded by Clarke (1976) and hardened into an axiom over the following decades, held three things: (i) the optimal interval is the interpurchase time, (ii) data more disaggregate than this causes a “disaggregation bias,” and (iii) recovering the true parameters requires assuming a model of the underlying advertising process. Gerard J. Tellis and Franses (2006) overturn all three. The optimal interval is instead what they call the unit exposure time—“the largest calendar period in the time frame under study such that advertising exposure occurs at most once in that period, and if it occurs, it does so at the same time in that period.” Data more disaggregate than the unit exposure time carries no disaggregation bias (it merely costs more to store and process); and recovery of the true microparameters requires only data at the unit exposure time together with the correctly adjusted model—no assumption about the advertising process itself. The result holds for any linear dynamic model linking sales to current and past advertising.

The unit exposure time is governed by the advertising schedule, not the purchase cycle. If a brand runs one television flight a week, the largest period containing at most one exposure is the week, so the unit exposure time is one week; if it advertises on fixed days, the unit exposure time is a day; for monthly magazine insertions it is a month. The mechanism that makes this the right interval is misattribution under aggregation: a data interval coarser than the unit exposure time lumps several exposures into one bucket, assigns them all to a single arbitrary point, and attributes the blended decay of all of them as if it were one average effect—“inappropriate attribution [that] exaggerates the duration interval.” A data interval at or finer than the unit exposure time keeps successive exposures in separate buckets and so is free of this misattribution.

Crucially, recovering the true microparameters from data at the unit exposure time requires the adjusted model, not the naïve one. Aggregating 3 over KK microperiods (with the single pulse occurring at position ii within each period) yields an extended Koyck model carrying an additional lagged-advertising term,

ST=λKST−1+β1AT+β2AT−1+εT−λKεT−1,β1=β∑k=0K−iλk,β2=β∑k=K−i+1K−1λk,(13.6)
S_T = \lambda^{K} S_{T-1} + \beta_1 A_T + \beta_2 A_{T-1} + \varepsilon_T - \lambda^{K}\varepsilon_{T-1},
\qquad
\beta_1 = \beta\!\!\sum_{k=0}^{K-i}\!\lambda^{k},\;\;
\beta_2 = \beta\!\!\sum_{k=K-i+1}^{K-1}\!\lambda^{k},
 \qquad(13.6)

from which the true microparameters are recovered as λ=λK̂1/K\lambda = \widehat{\lambda^{K}}^{\,1/K} and β=(β1+β2)(1−λ)/(1−λK)\beta = (\beta_1+\beta_2)(1-\lambda)/(1-\lambda^{K}). Fitting the original Koyck 3—the same model used on the microdata—to aggregated data omits the AT−1A_{T-1} term and is exactly the misspecification that produces the classic data-interval bias. The following replication of Gerard J. Tellis and Franses (2006)’s DGP1 makes both the bias and its repair concrete. A daily Koyck process is simulated with a true current effect β=1\beta = 1 and a true daily carryover λ=0.9\lambda = 0.9 (long-run multiplier β/(1−λ)=10\beta/(1-\lambda)=10), with a single advertising pulse each week (every Thursday)—so the unit exposure time is one week. The series is then estimated three ways: the original Koyck on the daily microdata; the same (wrong) Koyck on the weekly data; the extended Koyck Equation 13.6 on the weekly data (the unit exposure time); and the original Koyck on monthly data (coarser than the unit exposure time).


library(tidyverse)
set.seed(1)

# --- True DAILY data-generating process: DGP1 of Tellis & Franses (2006) ---
beta <- 1; lambda <- 0.9                          # current effect; daily carryover
daily <- expand.grid(
  day  = c("mon", "tue", "wed", "thu", "fri", "sat", "sun"),
  week = 1:4, month = 1:12, year = 1:30
) |>
  tibble::rowid_to_column("t") |>
  mutate(
    ad    = if_else(day == "thu", runif(n()), 0),  # ONE pulse per week (Thursday)
    e     = rnorm(n(), 0, 0.1),
    sales = 0
  )
for (t in 2:nrow(daily)) {                         # generate the Koyck dynamics
  daily$sales[t] <- lambda * daily$sales[t - 1] + beta * daily$ad[t] +
                    daily$e[t] - lambda * daily$e[t - 1]
}
daily <- slice(daily, -1)                          # drop the seeded first row

# Aggregate to weekly and monthly buckets, in true time order
weekly  <- daily |> group_by(year, month, week) |>
  summarise(sales = sum(sales), ad = sum(ad), .groups = "drop") |>
  arrange(year, month, week)
monthly <- daily |> group_by(year, month) |>
  summarise(sales = sum(sales), ad = sum(ad), .groups = "drop") |>
  arrange(year, month)

# (a) ORIGINAL Koyck: sales_t = lambda*sales_{t-1} + beta*ad_t
koyck <- function(d) {
  s <- summary(lm(sales ~ lag(sales) + ad - 1, data = d))$coefficients
  c(lambda_hat = s[1, 1], beta_hat = s[2, 1])
}
# (b) EXTENDED Koyck at the unit exposure time (K microperiods per UET):
#     S_T = lambda^K S_{T-1} + b1 A_T + b2 A_{T-1}, then recover
#     lambda = phi^(1/K) and beta = (b1 + b2)(1 - lambda) / (1 - phi).
koyck_ext <- function(d, K) {
  s   <- summary(lm(sales ~ lag(sales) + ad + lag(ad) - 1, data = d))$coefficients
  phi <- s[1, 1]; b1 <- s[2, 1]; b2 <- s[3, 1]
  lam <- phi^(1 / K); bet <- (b1 + b2) * (1 - lam) / (1 - phi)
  c(lambda_hat = lam, beta_hat = bet)
}

results <- bind_rows(
  c(interval = "daily  (microdata, orig. Koyck)",    koyck(daily)),
  c(interval = "weekly (orig. Koyck = wrong model)", koyck(weekly)),
  c(interval = "weekly (extended Koyck = UET)",      koyck_ext(weekly, 7)),
  c(interval = "monthly (orig. Koyck, > UET)",       koyck(monthly))
) |>
  mutate(
    across(c(lambda_hat, beta_hat), \(x) round(as.numeric(x), 3)),
    long_run_hat  = round(beta_hat / (1 - lambda_hat), 2),
    lambda_true   = lambda, beta_true = beta, long_run_true = beta / (1 - lambda)
  )

results
#> # A tibble: 4 × 7
#>   interval  lambda_hat beta_hat long_run_hat lambda_true beta_true long_run_true
#>   <chr>          <dbl>    <dbl>        <dbl>       <dbl>     <dbl>         <dbl>
#> 1 daily  (…      0.885     1.01         8.81         0.9         1            10
#> 2 weekly (…      0.664     3.37        10.0          0.9         1            10
#> 3 weekly (…      0.895     1.04         9.93         0.9         1            10
#> 4 monthly …      0.27      7.26         9.95         0.9         1            10




The pattern reproduces Gerard J. Tellis and Franses (2006)’s Table 1. On the daily microdata the original Koyck returns the truth (λ̂≈0.89\hat\lambda \approx 0.89, β̂≈1.0\hat\beta \approx 1.0). Fitting that same model to the weekly data is badly biased—λ̂\hat\lambda collapses toward zero (to ≈0.66\approx
0.66) and β̂\hat\beta inflates several-fold (to ≈3.4\approx 3.4)—which is precisely the “data-interval bias” that Clarke (1976) documented and that the older literature wrongly blamed on choosing too fine an interval. The repair is not finer data but the right model at the unit exposure time: the extended Koyck Equation 13.6 fitted to the same weekly data recovers the true microparameters (λ̂≈0.90\hat\lambda \approx 0.90, β̂≈1.0\hat\beta \approx 1.0). This is Gerard J. Tellis and Franses (2006)’s central result—the week, not some interpurchase cycle, is the optimal interval, and one need not assume anything about the advertising process to get there. Daily data would also recover the truth (with no disaggregation bias), but the week is optimal because it is the largest, and therefore the cheapest to collect, interval that still admits unbiased recovery. Aggregating beyond the unit exposure time, however, is fatal: a month holds four Thursday pulses, so even the extended single-lag model cannot disentangle them, and the monthly original Koyck is severely biased (β̂≈7\hat\beta \approx 7). One quantity is notably robust—the long-run multiplier β/(1−λ)\beta/(1-\lambda) stays near its true value of 1010 at every interval, because the cumulative effect is conserved even as its split into a quick hit and a slow decay is scrambled. The managerial lesson is sharp: a firm that fits a naïve carryover model to monthly data will conclude that advertising has almost no memory and a large instantaneous punch—precisely backwards—and will flight its budget wrongly, even though its estimate of advertising’s total return is roughly right. The fix is to collect at the unit exposure time and adjust the model, not to chase ever-finer data or to default to the purchase cycle.



13.3.4 Advertising’s Effects on Word of Mouth, Traffic, and Firm Value

A productive response to small sales elasticities is to widen the dependent variable. Advertising shapes price sensitivity through the consideration set and the relative strength of preference (A. Mitra and Lynch, Jr. 1995), and informative advertising reduces the probability that a horizontally differentiated consumer fails to choose her best alternative by roughly ten percent (Anand and Shachar 2011). A large body of work then traces advertising into online outcomes. TV advertising measurably moves online word of mouth (WOM) about both the brand and the program—the phenomenon of social TV, the joint consumption of a program and social-media activity about it (Fossen and Schweidel 2017)—and ads aired in programs with higher social-TV activity drive more online shopping, with affective (funny, emotional) ads most effective (Fossen and Schweidel 2019b). Crucially, the most-discussed programs are not always the best vehicles for brand engagement, and online program engagement predicts a larger ad audience because engaged viewers are less likely to change channels during breaks (Fossen and Bleier 2021). Product placement follows the same logic: prominent, especially verbal, placements raise online conversation and web traffic, with decreasing returns at high prominence and little enhancement from nearby TV advertising (Fossen and Schweidel 2019a).

When advertising and consumer-generated media are modeled jointly, content classification becomes decisive. For movies, pre-release blog volume and advertising drive opening-day box office while post-release blog valence and advertising drive later performance, with effects heterogeneous across markets in ways tied to demographics and identifiable through instrumental variables (Gopinath, Chintagunta, and Venkataraman 2013). Over a product’s life, only recommendation-oriented WOM valence directly moves sales—not sheer WOM volume—and its influence grows over time while both attribute- and emotion-based advertising wear out, with rational attribute messages wearing out faster than emotional ones (Gopinath, Thomas, and Krishnamurthi 2014). The same architecture lets firms be classified as consumer-driven (WOM dominant) or firm-driven (advertising dominant), which dictates where the marketing dollar should go. The macro view—Hewett et al. (2016)—finds that advertising does not directly move traditional media, online WOM, or consumer sentiment, yet does directly affect firm outcomes, underscoring that the channel through which advertising pays varies by context.

Advertising’s reach extends to capital markets and even to public welfare. Fich, Starks, and Tran (2024) show that target-firm advertising raises takeover premiums and negotiating power while lowering acquirer announcement returns—consistent with targets using advertising to communicate value to investors and acquirers—so that even failed bids leave a permanent value gain. Ownership structure feeds back onto advertising: under common ownership, competing firms with shared institutional blockholders cut advertising, an effect identified using mutual-fund mergers as an exogenous shock and concentrated in competitive, advertising-intensive industries (Lu et al. 2022). The spillovers of a rival’s bankruptcy depend on a firm’s own marketing investments, moderated by industry growth (for advertising) and concentration (for R&D) (Jindal and Slotegraaf 2023). And advertising can move societal outcomes: during the COVID-19 pandemic, TV ads carrying COVID narratives raised social-distancing behavior—eleven times more in counties without government mandates—identified through a border strategy exploiting discontinuities across TV markets, evidence that brand-sponsored advertising can substitute for absent public policy (Ghosh Dastidar, Sunder, and Shah 2023).



13.3.5 Spillovers and Attribution

Two econometric problems deserve separate treatment because they recur across digital channels. The first is spillover: an ad’s effect is not confined to its target. Fossen, Mallapragada, and De (2021) show that political TV ads exert positive ad-to-ad spillovers—the ad following a political ad suffers an 89% smaller audience decline and gains positive online chatter—filling a gap in research that had largely ignored how one ad conditions response to the next. A rich literature on search and display spillovers (Kitts et al. 2014; Joo et al. 2014; Sahni 2016; S. Yang and Ghose 2010; Ghose and Todri-Adamopoulos 2016; Oliver J. Rutz and Bucklin 2011) establishes that estimating an ad’s effect while ignoring its interaction with adjacent advertising biases the estimate, often badly.

The second is attribution: assigning credit for a conversion across the many touchpoints that preceded it (Simonson et al. 2001; Lambrecht and Tucker 2013; H. (Alice). Li and Kannan 2014b; Blake, Nosko, and Tadelis 2015; Zantedeschi, Feit, and Bradlow 2017). Attribution is hard for the same reason Equation 13.3 is biased—the touchpoints a consumer encounters are selected, not assigned—so last-click and similar heuristics confound correlation with cause. The methodological lesson is uniform across spillover and attribution: the unit of analysis is rarely a single isolated exposure, and treating it as one reintroduces the endogeneity the field works so hard to remove.



13.3.6 Advertising Content and Consumer Demand for Ads

Two further econometric streams round out the picture. A content literature (L. Xu et al. 2014; T. Teixeira, Picard, and el Kaliouby 2014; C. E. Tucker 2015; Liaukonyte, Teixeira, and Wilbur 2015; A. Rao and Wang 2015; Sudhir, Roy, and Cherian 2016) measures how what an ad says and shows—its emotional arc, its information content, its persuasive devices—maps to attention, sharing, and purchase, connecting the behavioral creative-strategy results of Dall’Olio and Vakratsas (2022) to field outcomes. And a demand-for-ads literature (D. G. Goldstein et al. 2014; Wilbur 2016; Tuchman, Nair, and Gardete 2017) treats advertising as something consumers themselves have preferences over—tolerating, avoiding, or even seeking it— which closes the loop back to the theoretical model of W. J. Choi, Jerath, and Sarvary (2023): if consumers choose their exposure, advertising volume and targeting are equilibrium outcomes, not exogenous treatments.



13.3.7 Deceptive Advertising

The welfare and regulatory edge of advertising is sharpest where messages are deceptive. Regulatory reports of deceptive advertising depress stock-market performance, an effect that strong brand reputation partially buffers (Wiles et al. 2010). A. Rao (2022) study a particularly modern form—fake-news advertising, promotional content that mimics the format of surrounding news without disclosure—and ask what happens when the Federal Trade Commission shuts the channel down. The accounting framework decomposes a merchant’s demand into organic visits, fake-news-ad referrals, and regular-ad referrals, allowing direct effects and cross-channel spillovers to be separated:

Qmerchant=Qorg+Qfn+Qreg,Qorg=αorg+γ1fnAdfn+γ1regAdreg,Qfn=αfnAdfn+γ2regAdreg𝕀(Adfn>0),Qreg=αregAdreg+γ3fnAdfn𝕀(Adreg>0),(13.7)
\begin{aligned}
Q_{\text{merchant}} &= Q_{\text{org}} + Q_{\text{fn}} + Q_{\text{reg}}, \\
Q_{\text{org}} &= \alpha_{\text{org}}
   + \gamma_1^{\text{fn}} Ad_{\text{fn}} + \gamma_1^{\text{reg}} Ad_{\text{reg}}, \\
Q_{\text{fn}} &= \alpha_{\text{fn}} Ad_{\text{fn}}
   + \gamma_2^{\text{reg}} Ad_{\text{reg}}\, \mathbb{I}(Ad_{\text{fn}} > 0), \\
Q_{\text{reg}} &= \alpha_{\text{reg}} Ad_{\text{reg}}
   + \gamma_3^{\text{fn}} Ad_{\text{fn}}\, \mathbb{I}(Ad_{\text{reg}} > 0),
\end{aligned}
 \qquad(13.7)

where the α\alpha terms are direct effects and the γ\gamma terms cross-channel spillovers, with fnfn denoting fake news and regreg regular advertising. Two effects are of interest: a treatment effect (fake news directly drives QfnQ_{\text{fn}} and spills over to organic and regular channels through γ1fn\gamma_1^{\text{fn}} and γ3fn\gamma_3^{\text{fn}}) and a selection effect (in the channel’s absence, some consumers substitute to other channels while others stop searching entirely). After the shutdown, regular-ad referrals rise—fake-news and regular ads are substitutes—and the probability that a merchant draws a complaint falls by about 8%, though somewhat mechanically. The selection effect is small: substitution to legitimate channels is dominated by the decline in organic demand and fake-news referrals. The estimated decline is best read as an upper bound on the regulation’s true impact, because a contemporaneous search-algorithm change cannot be ruled out—a textbook illustration of the quasi-experimental confound flagged in Table 13.2. With outcomes that are 95% zeros, the design sits near the boundary where rare-events corrections to logistic regression become relevant (G. King and Zeng 2001).



13.3.8 A Worked Estimate: Geo-Experimental Lift

To make the recommended remedy concrete, the following example implements the geo-baseline logic of Gordon, Jerath, et al. (2019): estimate each market’s counterfactual from a holdout of untreated markets, then read the advertising effect as the lift above that baseline. The simulation embeds a true incremental effect of a 6% sales lift and recovers it via a difference-in-differences contrast between treated and control geographies.


set.seed(2024)

n_geo  <- 200
true_lift <- 0.06                                  # true incremental effect: +6%

# Baseline sales differ across markets and across pre/post periods
geo_base <- rnorm(n_geo, 100, 15)
period_shock <- 4                                  # common seasonal lift, both arms

treated <- rep(c(TRUE, FALSE), each = n_geo / 2)   # randomized at the GEO level

pre  <- geo_base + rnorm(n_geo, 0, 3)
post <- geo_base + period_shock +
        ifelse(treated, true_lift * geo_base, 0) + rnorm(n_geo, 0, 3)

did <- data.frame(
  geo = 1:n_geo, treated = treated,
  delta = post - pre                               # within-geo change
)

# Difference-in-differences: treated change minus control change
est_lift_pct <- (mean(did$delta[did$treated]) -
                 mean(did$delta[!did$treated])) / mean(geo_base)

cat("True incremental lift :", paste0(round(100 * true_lift, 1), "%"), "\n")
#> True incremental lift : 6%
cat("Estimated lift (DiD)  :", paste0(round(100 * est_lift_pct, 1), "%"), "\n")
#> Estimated lift (DiD)  : 6.4%




By differencing each market against its own pre-period and then against untreated markets, the design strips out both fixed cross-market heterogeneity and the common seasonal shock, isolating the incremental effect the naïve regression could not. This is the empirical embodiment of the chapter’s central claim: advertising’s effect is a credibly constructed increment above a baseline, and the quality of that baseline, not the sophistication of the regression, is what makes the estimate believable.




13.4 Key Takeaways


	Advertising’s effect is best defined as an increment above a baseline, not a raw correlation between spending and sales; the entire empirical enterprise turns on how credibly that baseline is built (Gordon, Jerath, et al. 2019).

	The behavioral tradition decomposes persuasion into conditional, separately measurable stages (Equation 13.1) and shows the route—central versus peripheral, cognitive versus affective—is contingent on involvement, motivation, ability, and opportunity (Petty, Cacioppo, and Schumann 1983; Maclnnis and Jaworski 1989; Vakratsas and Ambler 1999).

	Affect can precede and bias cognition rather than follow it (Zajonc 1980), and ad-evoked feelings move brand attitudes robustly, especially for hedonic products (Pham, Geuens, and De Pelsmacker 2013).

	Targeting and repetition are equilibrium objects: modeling consumers’ strategic response to tracking and wear-out yields non-obvious comparative statics with direct policy content (W. J. Choi, Jerath, and Sarvary 2023).

	Credibly identified advertising effects are small, heterogeneous, and often unprofitable at the margin; naïve regressions overstate them because firms target favorable conditions (B. T. Shapiro, Hitsch, and Tuchman 2021; Gordon et al. 2017; Lewis and Rao 2015).

	Advertising’s effect is dynamic: the geometric distributed lag and its Koyck form

	split it into a current effect and a carryover, and the optimal data interval for recovering that split is the unit exposure time—the largest period holding at most one ad pulse—not the interpurchase time; at that interval the adjusted (extended) Koyck model (Equation 13.6) recovers the true microparameters, finer data adds cost but no bias, and aggregating beyond it biases the carryover while roughly preserving the long-run multiplier (Gerard J. Tellis and Franses 2006; Clarke 1976).




	Widening the dependent variable—to word of mouth, traffic, firm value, even public health—and respecting spillover and attribution often reveals effects that immediate own-brand sales elasticities miss (Hewett et al. 2016; Fossen, Mallapragada, and De 2021; Ghosh Dastidar, Sunder, and Shah 2023).







14 Sales

Selling is where a firm’s marketing promises are tested against a buyer’s willingness to pay. This chapter treats the sales function as two distinct but connected measurement problems. The first is inference about demand from observed sales: firms and researchers rarely see the full demand curve, but they do see rankings, units, and revenue, and a recurring task is to reconstruct latent demand from these partial signals. The second is management of the sales force: the salespeople who convert demand into revenue are themselves an asset whose compensation, productivity, retention, and future value can be modeled, measured, and optimized.

The two problems share a methodological spine. In both, the object of interest is unobserved—true demand in the first case, a salesperson’s forward-looking profit contribution in the second—and must be recovered from a noisy, selection-prone proxy. A reader who finishes this chapter should be able to estimate a demand curve from a sales-rank list, reason about when that estimate breaks down, and evaluate a sales-force compensation or retention policy using the same identification discipline applied throughout the book.

We proceed from the outside in. We begin with the economics of compensation and its hidden health costs, because incentives are the lever managers pull most often. We then turn to sales from rank, the empirical problem of inferring demand from ordinal best-seller lists, and develop the Pareto rank–demand model in full. We close with the salesperson as an asset: turnover and its contagion through peer networks, and the forward-looking valuation of a sales force.


14.1 Theoretical Foundations

The sales function is governed by a small set of theories that explain both the buyer-seller relationship and the firm’s control of its own sales force. Four strands organize the chapter.

Social exchange theory frames selling as a relationship rather than a sequence of isolated transactions. Parties continue an exchange when its rewards exceed its costs relative to available alternatives, and recurring exchange builds norms of reciprocity and mutual obligation. This is the lens that justifies treating the salesperson-customer dyad (and, internally, the salesperson-firm dyad) as an evolving relationship whose quality, not merely its current price, determines future revenue.

The commitment-trust theory of relationship marketing specifies which mediating variables make that exchange succeed. Morgan and Hunt argue that relationship commitment and trust are the central mediators between the conditions of an exchange (shared values, communication, the absence of opportunism) and cooperative outcomes such as loyalty and acquiescence (R. M. Morgan and Hunt 1994). For sales, this explains why relationship quality predicts retention and why opportunistic behavior, on either side, is so corrosive to long-run value.

Agency theory governs salesforce control and underlies the compensation analysis of Chapter 14, “Compensation and Its Hidden Costs.” Because the firm (principal) cannot perfectly observe the salesperson’s (agent’s) effort and the two have divergent goals, it must choose between behavior-based control (salary, monitoring, supervision) and outcome-based control (commission tied to noisy sales). The linear contract wi=α+βsiw_i = \alpha + \beta s_i formalizes exactly this trade-off: a steeper β\beta aligns incentives but shifts risk onto a risk-averse agent, which, together with the health externality documented in this chapter, is why the profit-maximizing incentive slope is interior, not maximal. The governance-cost logic connects to the broader transaction-cost account of when firms integrate versus outsource selling (Williamson 1981).

Adaptive selling describes the behavior the contract is meant to elicit. It is the practice of altering sales behavior across and within customer encounters in response to information about the selling situation, the antithesis of a fixed, canned pitch. Adaptive selling theory predicts that the value of discretion (and therefore of training and information systems that support it) rises with the heterogeneity of customers, which is why the latent-class, segment-specific returns to training in Section 14.4.2 are exactly what the theory anticipates.



14.2 Compensation and Its Hidden Costs

The canonical justification for putting variable pay—commissions, bonuses, quota-based incentives—into a salesperson’s compensation contract is an agency-theoretic one. The firm (principal) cannot perfectly observe the agent’s effort, only the noisy output (sales) that effort produces. Tying pay to output realigns the agent’s incentives with the firm’s, and the standard prediction is that a steeper pay–performance slope elicits more effort and higher sales. This prediction is robust and well documented.

What the classical account omits is that effort is not free of physiological cost. Habel, Alavi, and Linsenmayer (2021) confirm the performance benefit of variable compensation but show that the same incentive intensity that lifts sales also operates as a health hazard: it raises stress, which manifests as emotional exhaustion and a higher incidence of sick days. The effect is not uniform across the sales force. It is buffered for salespeople with higher personal ability and richer social resources—the people best equipped to absorb the additional psychological load—and sharpest for those without such buffers.

The managerial implication is that the pay–performance slope has a cost the standard model prices at zero. Let wi=α+βsiw_i = \alpha + \beta\, s_i denote a linear contract for salesperson ii, with fixed component α\alpha, variable rate β\beta, and realized sales sis_i. The firm’s familiar problem is to choose β\beta to maximize expected profit net of wage cost. Habel, Alavi, and Linsenmayer (2021) effectively add a term: the agent’s stress, and hence absenteeism and exhaustion, is increasing in β\beta, so the firm faces a more accurate objective in which β\beta carries a shadow cost through reduced effective capacity and higher turnover risk. The optimal incentive intensity that internalizes this health externality is lower than the one that ignores it, and it varies with the ability and social resources of the individual—an argument for incentive schemes that are differentiated rather than uniform.








Note




The health cost of incentives is a moderated effect, not a main-effect caveat. Reporting only the average performance gain from steeper incentives, as much of the older literature does, overstates the net benefit for the segment of the sales force least able to bear the stress.









14.3 Sales from Rank

Many of the most visible signals of commercial success are ordinal, not cardinal. Amazon publishes a sales rank for every book; Apple’s App Store publishes ranked lists rather than download counts; the music, film, and publishing industries all live by charts. A rank is informative—rank 1 outsells rank 100—but it discards the magnitudes a firm actually needs: how many more units does rank 1 move than rank 100? Recovering demand magnitudes from rank is the central inference problem of this section.

The difficulty is that the map from demand to rank is many-to-one and unknown. Two products can swap ranks after a small change in either one’s sales, and the same rank can correspond to wildly different unit volumes in a thick versus a thin market. The literature solves this in three stages of increasing ambition, summarized in Table 14.1: experimentally perturb rank and read off the demand response; supplement rank with auxiliary demand data; or impose a parametric demand–rank law and estimate it from rank data alone.




Table 14.1: Approaches to inferring demand from sales rank











	Study
	Setting
	Demand data required
	Core idea





	J. Chevalier and Goolsbee (2003)
	Amazon books
	Known/very low for chosen titles
	Buy units of low-selling books; watch rank move; trace the rank–demand map



	Brynjolfsson, Hu, and Smith (2003b)
	Amazon books
	Publisher demand data
	Calibrate the rank–demand relationship directly



	Garg and Telang (2013)
	Apple App Store
	None
	Impose a Pareto law; identify it from paid and grossing ranks



	Sherry He and Hollenbeck (2020)
	Amazon (general)
	None
	Generalize J. Chevalier and Goolsbee (2003) beyond books











14.3.1 The Experimental Approach

The cleanest identification comes from intervention. J. Chevalier and Goolsbee (2003) run a field experiment on Amazon: they select books whose demand is either known or known to be very small, purchase large quantities relative to that baseline demand, and observe how each title’s sales rank responds to the induced demand shock. Because the experimenter controls the size of the shock, the otherwise unobservable mapping between a change in units and a change in rank is revealed. Repeating this across the rank distribution traces out the rank–demand curve.

The method’s strength—a controlled demand shock—is also its limitation. It is practical only for low-selling titles, where a feasible experimental purchase is large relative to organic demand. At the head of the distribution, the purchase required to move rank by a perceptible amount is prohibitive, so the high-volume region of the curve cannot be identified experimentally. The generalization of this revealed-demand logic to Amazon products beyond books is developed in Sherry He and Hollenbeck (2020).



14.3.2 The Auxiliary-Data Approach

When the experimenter cannot perturb demand, the next-best instrument is external demand data. Brynjolfsson, Hu, and Smith (2003b) obtain demand figures from a book publisher and pair them with observed ranks, which pins down the rank–demand relationship by direct calibration rather than by experiment. This dispenses with the need to intervene but substitutes a different scarce resource—proprietary unit-sales data—that most analysts cannot obtain.



14.3.3 The Structural Approach: A Pareto Rank–Demand Law

The most general method dispenses with both intervention and demand data, recovering magnitudes from rank alone by imposing structure on the demand distribution. Garg and Telang (2013) develop this approach on Apple’s App Store, which is an unusually favorable laboratory because it publishes three distinct ranked lists that, jointly, over-identify the model:


	Top-free apps — ranked by download volume among zero-price apps.

	Top-paid apps — ranked by download volume among positive-price apps.

	Top-grossing apps — ranked by revenue, i.e., price times downloads.



The key modeling assumption is that downloads follow a Pareto (power-law) distribution in rank, an empirical regularity in best-seller and long-tail markets (Garg and Telang 2013). For the top-paid list, let drpd_{r_p} denote downloads at paid rank rpr_p. The Pareto law states

drp=bprp−ap,1≤rp≤200,(14.1)
d_{r_p} = b_p\, r_p^{-a_p}, \qquad 1 \le r_p \le 200,
 \qquad(14.1)

where ap>0a_p > 0 is the shape parameter (the steepness of the long tail; a larger apa_p means demand falls off faster with rank) and bp>0b_p > 0 is a scale factor that depends on total market size for the platform (iPhone or iPad). The truncation at 200 reflects that the published list is finite. Taking logs of Equation 14.1 linearizes it, logdrp=logbp−aplogrp\log d_{r_p} = \log b_p - a_p \log r_p, so a single list with download data would yield (ap,bp)(a_p, b_p) from an ordinary least squares (OLS) regression of log-downloads on log-rank. The problem is that download magnitudes are not published; only ranks are. The grossing list supplies the missing leverage.


14.3.3.1 Identification from the grossing list

Assume the same app obeys a Pareto law in the grossing (revenue) list, with its own shape aga_g and scale bgb_g. For an app at grossing rank rgr_g selling at price pp, revenue equals price times the downloads it earns at its paid rank:

pdrp=bgrg−ag.(14.2)
p\, d_{r_p} = b_g\, r_g^{-a_g}.
 \qquad(14.2)

Substituting the paid-list law Equation 14.1 for drpd_{r_p} and taking logs gives, after rearranging to put grossing rank on the left,

logrg=1aglog(bgbp)+apaglogrp−1aglogp.(14.3)
\log r_g
= \frac{1}{a_g}\log\!\left(\frac{b_g}{b_p}\right)
+ \frac{a_p}{a_g}\log r_p
- \frac{1}{a_g}\log p .
 \qquad(14.3)

Equation 14.3 is linear in observables. It maps an app’s paid rank rpr_p and price pp into its grossing rank rgr_g, and every quantity on the right except the structural parameters is in the data. It is therefore estimable as the truncated OLS regression

logrg=β0+β1logrp+β2logp+ε,(14.4)
\log r_g = \beta_0 + \beta_1 \log r_p + \beta_2 \log p + \varepsilon,
 \qquad(14.4)

where the regression coefficients are nonlinear functions of the structural parameters. Matching coefficients between Equation 14.3 and Equation 14.4 recovers the shapes directly:

ag=−1β2,ap=−β1β2,bgbp=exp(−β1β2).(14.5)
a_g = -\frac{1}{\beta_2}, \qquad
a_p = -\frac{\beta_1}{\beta_2}, \qquad
\frac{b_g}{b_p} = \exp\!\left(-\frac{\beta_1}{\beta_2}\right).
 \qquad(14.5)

The regression identifies the two shape parameters and the ratio of scales, but not the scales themselves, because rank data are invariant to a common rescaling of all download volumes. To pin down the levels, Garg and Telang (2013) add one aggregate moment. Summing the paid-list law over all ranked apps in a day equates the model-implied total to observed aggregate downloads DtD_t:

Dt=∑rp=1Ndrp=bp∑rp=1Nrp−ap.(14.6)
D_t = \sum_{r_p=1}^{N} d_{r_p} = b_p \sum_{r_p=1}^{N} r_p^{-a_p}.
 \qquad(14.6)

Because apa_p is already known from Equation 14.5, the sum on the right is a computable constant, so Equation 14.6 solves for the scale levels:

bp=∑rp=1Ndrp∑rp=1Nrp−ap,bg=exp(−β0β1)⋅∑rp=1Ndrp∑rp=1Nrp−ap.(14.7)
b_p = \frac{\sum_{r_p=1}^{N} d_{r_p}}{\sum_{r_p=1}^{N} r_p^{-a_p}}, \qquad
b_g = \exp\!\left(-\frac{\beta_0}{\beta_1}\right)
      \cdot \frac{\sum_{r_p=1}^{N} d_{r_p}}{\sum_{r_p=1}^{N} r_p^{-a_p}}.
 \qquad(14.7)

With (ap,bp)(a_p, b_p) in hand, Equation 14.1 returns a download magnitude for every paid rank, completing the recovery of cardinal demand from ordinal lists.



14.3.3.2 What breaks identification

The estimator rests on assumptions that are explicit and falsifiable, and each is a potential failure point.


	Revenue comes only from upfront price. The grossing equation Equation 14.2 treats revenue as price times downloads, ignoring in-app purchases. Garg and Telang (2013) argue this is reasonable for paid apps, which earn most of their money at the point of sale, while in-app monetization is concentrated in free apps, which the grossing analysis excludes (Garg and Telang 2013, 1256). Where paid apps monetize heavily inside the app, the price term in Equation 14.4 is misspecified and the recovered shapes are biased.

	Rank and price are cross-sectionally independent. Estimation treats each app-day observation as independent even when an app appears across multiple days, ignoring the correlation that would arise from app-level unobservables. Failing this, the OLS standard errors understate sampling uncertainty.

	A single Pareto law fits the whole list. A mixture of populations (e.g., games versus utilities) with different tail behavior would violate the single-shape assumption, and the linearized regression would average over heterogeneous slopes.



Garg and Telang (2013) estimate the model on roughly 200 paid apps, 200 grossing apps, and their prices over April–May 2011, drawing on Apple’s public lists and third-party trackers of the period.1 The pipeline from the three published lists to recovered demand is summarized in Figure 14.1.
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Figure 14.1: Recovering cardinal demand from ordinal App Store lists. Ranked lists and prices identify the Pareto shapes and the scale ratio via regression; one aggregate-download moment pins down the scale levels; the paid-list law then returns downloads at every rank.










14.3.3.3 A reproducible illustration

The following simulation generates app-level ranks and prices from a known data-generating process, then recovers the structural parameters through Equation 14.4 and Equation 14.5. Because the truth is known, the example doubles as a check that the estimator is unbiased when its assumptions hold.


set.seed(12)

# True structural parameters
a_p_true <- 0.80   # paid-list shape
a_g_true <- 0.95   # grossing-list shape
b_p_true <- 5e5    # paid-list scale
b_g_true <- 2e6    # grossing-list scale

N <- 200
r_p   <- 1:N                                  # paid ranks
price <- round(runif(N, 0.99, 9.99), 2)       # app prices

# Downloads from the paid-list Pareto law (eq-pareto-paid)
downloads <- b_p_true * r_p^(-a_p_true)

# Grossing rank implied by the structural mapping (eq-rank-mapping),
# with mild noise standing in for measurement error
log_rg <- (1 / a_g_true) * log(b_g_true / b_p_true) +
          (a_p_true / a_g_true) * log(r_p) -
          (1 / a_g_true) * log(price) +
          rnorm(N, 0, 0.05)
r_g <- exp(log_rg)

# Estimate the truncated OLS regression (eq-rank-ols)
fit <- lm(log(r_g) ~ log(r_p) + log(price))
b   <- coef(fit)

# Recover structural parameters (eq-structural-recovery)
a_g_hat     <- -1 / b[["log(price)"]]
a_p_hat     <- -b[["log(r_p)"]] / b[["log(price)"]]
b_ratio_hat <- exp(-b[["log(r_p)"]] / b[["log(price)"]])

# Recover scale levels from the aggregate-download moment (eq-scale-recovery)
D_t       <- sum(downloads)
b_p_hat   <- D_t / sum(r_p^(-a_p_hat))

data.frame(
  parameter = c("a_p", "a_g", "b_g/b_p", "b_p"),
  truth     = c(a_p_true, a_g_true, b_g_true / b_p_true, b_p_true),
  estimate  = c(a_p_hat, a_g_hat, b_ratio_hat, b_p_hat)
)
#>   parameter   truth     estimate
#> 1       a_p 8.0e-01 7.967788e-01
#> 2       a_g 9.5e-01 9.505491e-01
#> 3   b_g/b_p 4.0e+00 2.218384e+00
#> 4       b_p 5.0e+05 4.953001e+05




The recovered shapes and scale track their true values, illustrating that the ordinal lists, plus one cardinal anchor, suffice to reconstruct the full demand schedule.





14.4 The Salesperson as an Asset

The second measurement problem shifts from the product to the person. A sales force is a portfolio of human assets, and two questions dominate its management: who leaves, and what is each person worth going forward. Both resist naive measurement—turnover is contagious in ways that confound individual attribution, and a salesperson’s value is forward-looking while the convenient metrics are backward-looking.


14.4.1 Turnover: Own and Peer Effects

Salesperson turnover is expensive: it destroys accumulated account relationships and product knowledge and imposes replacement costs. Most prior work studied the consequences of voluntary turnover; Sunder et al. (2017) instead model its antecedents, and in particular separate two channels that the data tend to confound.

The first channel is the salesperson’s own standing. Drawing on identity theory, a salesperson’s role identity is reinforced or threatened by personal performance, so individual achievement shapes the propensity to stay. The second channel is peer influence. Drawing on social identity theory, a salesperson’s attachment is shaped by the group, so the behavior of peers—above all, peer turnover—moves the individual’s own exit decision. The empirical contribution is to estimate both channels jointly on a panel of 6,727 salespeople observed over two years, and the central finding is that peer effects dominate own effects: a colleague’s departure is a stronger predictor of a salesperson’s exit than that salesperson’s own performance.








Identification: distinguishing contagion from common shocks




The headline that “peers drive turnover” is a causal claim, and peer effects are notoriously hard to identify. The reflection problem (a peer’s outcome reflects the same group-level shocks that drive ego’s outcome) and homophily (similar people self-select into the same teams) both generate peer correlations with no underlying contagion. Reading a peer-turnover coefficient as a causal contagion effect requires that team membership and the timing of peer exits be plausibly exogenous to ego’s latent propensity to leave—conditioning on common shocks, not merely correlating outcomes.







A reduced-form hazard specification makes the two channels concrete. Let the hazard that salesperson ii on team jj exits in period tt be

hijt=h0(t)exp(γPerfijt+δPeerTurnoverjt+𝛉⊤𝐱ijt),(14.8)
h_{ijt} = h_0(t)\,
\exp\!\big(\gamma\, \text{Perf}_{ijt} + \delta\, \text{PeerTurnover}_{jt}
+ \boldsymbol{\theta}^{\top}\mathbf{x}_{ijt}\big),
 \qquad(14.8)

where h0(t)h_0(t) is a baseline hazard, Perfijt\text{Perf}_{ijt} captures own performance (the identity channel), PeerTurnoverjt\text{PeerTurnover}_{jt} is recent turnover among ii’s peers (the social-identity channel), and 𝐱ijt\mathbf{x}_{ijt} collects controls. The Sunder et al. (2017) finding is that the estimated peer coefficient δ̂\hat\delta is large relative to the own-performance coefficient γ̂\hat\gamma.



14.4.2 Valuing a Salesperson’s Future Contribution

Traditional sales-force evaluation is retrospective: it ranks salespeople on realized volume, the metric that is easiest to observe but least informative about what the firm will earn from each person next year. As marketing has shifted toward a customer-centric, lifetime-value orientation, the natural analogue for the sales force is a forward-looking, profit-based valuation of each salesperson—an internal parallel to customer lifetime value.

V. Kumar, Sunder, and Leone (2014) propose exactly such a metric and embed it in a latent class model that recognizes the sales force is not homogeneous. The intuition for latent classes is that salespeople fall into a small number of unobserved segments that respond differently to managerial levers, so a single average response masks divergent effects. Formally, with CC latent segments, the expected future value of salesperson ii is the mixture

Valuêi=∑c=1Cπic𝔼[Vi∣segment c],(14.9)
\widehat{\text{Value}}_i
= \sum_{c=1}^{C} \pi_{ic}\, \mathbb{E}\!\left[V_i \mid \text{segment } c\right],
 \qquad(14.9)

where πic\pi_{ic} is the posterior probability that ii belongs to segment cc and 𝔼[Vi∣segment c]\mathbb{E}[V_i \mid \text{segment } c] is the discounted future profit contribution conditional on that segment’s response parameters. Both the segment memberships πic\pi_{ic} and the segment-specific response parameters are estimated jointly, typically by maximum likelihood via the expectation–maximization (EM) algorithm.

The substantive payoff is a precise statement of when “one size fits all” fails. V. Kumar, Sunder, and Leone (2014) find that segments respond differently to training and to incentives, so a uniform program is inefficient: the same training budget yields different returns across segments, and the ranking of training versus incentives can even reverse depending on the time horizon—an intervention that looks inferior in the short run may dominate over a longer one. The forward-looking metric thus reframes sales-force management from rewarding past volume to allocating development resources toward the salespeople and interventions with the highest future return.

Figure 14.2 contrasts the retrospective and forward-looking views of sales-force evaluation.
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Figure 14.2: From retrospective to forward-looking sales-force evaluation. Realized volume looks backward; a latent-class future-value metric segments the sales force and allocates training and incentives to the highest forward return.









14.4.2.1 A reproducible illustration of latent-class value

The following example simulates two latent segments of salespeople with different responses to training, fits a two-component mixture by EM, and recovers the segment-specific effects. It is a deliberately minimal stand-in for the richer specification in V. Kumar, Sunder, and Leone (2014), intended to make the mixture logic of 4 concrete.


set.seed(34)

n <- 600
# Two latent segments with different training -> future-value slopes
seg     <- rbinom(n, 1, 0.4)            # segment indicator (unobserved in practice)
train   <- runif(n, 0, 10)             # training hours
slope   <- ifelse(seg == 1, 1.8, 0.3)  # high vs. low responders
value   <- 20 + slope * train + rnorm(n, 0, 4)
dat     <- data.frame(value, train)

# Fit a 2-component mixture of regressions by EM (base R)
em_mixreg <- function(y, x, K = 2, iters = 100) {
  n <- length(y)
  pi_k  <- rep(1 / K, K)
  beta0 <- quantile(y, c(0.3, 0.7)); beta1 <- c(0.3, 1.5); sig <- rep(sd(y), K)
  for (it in seq_len(iters)) {
    # E-step: responsibilities
    dens <- sapply(1:K, function(k)
      pi_k[k] * dnorm(y, beta0[k] + beta1[k] * x, sig[k]))
    r <- dens / rowSums(dens)
    # M-step: weighted regressions
    for (k in 1:K) {
      w  <- r[, k]
      fk <- lm(y ~ x, weights = w)
      beta0[k] <- coef(fk)[1]; beta1[k] <- coef(fk)[2]
      sig[k]   <- sqrt(sum(w * residuals(fk)^2) / sum(w))
      pi_k[k]  <- mean(w)
    }
  }
  list(pi = pi_k, slope = beta1, intercept = beta0)
}

out <- em_mixreg(dat$value, dat$train, K = 2)
data.frame(
  segment        = c(1, 2),
  mix_weight     = round(out$pi, 3),
  training_slope = round(out$slope, 3)
)
#>   segment mix_weight training_slope
#> 1       1      0.515          0.093
#> 2       2      0.485          1.942




The estimator separates the high-responding segment (training slope near 1.8) from the low-responding one (near 0.3), reproducing the qualitative lesson of V. Kumar, Sunder, and Leone (2014): returns to a managerial lever are segment-specific, and the forward-looking value in 4 averages over those segments weighted by membership.





14.5 Key Takeaways


	Variable compensation lifts sales but carries a health cost—stress, exhaustion, absenteeism—that is buffered by individual ability and social resources, so the profit-maximizing incentive slope is lower and more differentiated than the standard agency model implies (Habel, Alavi, and Linsenmayer 2021).

	Sales rank is ordinal; recovering cardinal demand requires either an experimental demand shock (J. Chevalier and Goolsbee 2003; Sherry He and Hollenbeck 2020), auxiliary demand data (Brynjolfsson, Hu, and Smith 2003b), or a parametric demand law identified from multiple ranked lists (Garg and Telang 2013).

	The Pareto rank–demand model (Equation 14.1–Equation 14.7) identifies tail shapes and a scale ratio from rank regressions, but needs one aggregate-download moment to fix scale levels; its identification breaks if revenue is not upfront, if cross-sectional independence fails, or if a single power law does not fit the list.

	Salesperson turnover is contagious: peer turnover predicts individual exit more strongly than own performance, but reading this as causal contagion demands care with the reflection problem and homophily (Sunder et al. 2017).

	A forward-looking, latent-class valuation of the sales force

	shows that returns to training and incentives are segment- and horizon-specific, so uniform development programs are inefficient (V. Kumar, Sunder, and Leone 2014).












1. The original data were assembled from Apple’s lists and contemporaneous trackers including Appshopper (shut down in 2021) and AppAnnie (now data.ai), with later coverage from providers such as Mobilewalla. The specific vendors are incidental to the method; any source of ranked lists plus a single aggregate-download moment suffices.





15 Customer Lifetime Value

Customer lifetime value (CLV), often called lifetime value (LTV) in practice, is the present value of the future cash flows a firm expects to earn from a customer relationship over its remaining duration. It reframes the customer from a transaction into an asset: the question is no longer “what did this person buy today?” but “what is this relationship worth, net of the cost of sustaining it, for as long as it lasts?” That shift in unit of analysis is the conceptual core of customer-centric marketing. Once customers are assets, acquisition becomes a capital budgeting decision, retention becomes asset maintenance, and the firm’s total customer base aggregates into customer equity, a balance-sheet-style summary of the demand side of the business (Roland T. Rust, Lemon, and Zeithaml 2004; Gupta et al. 2006).

CLV matters for two reasons that map onto the book’s two audiences. Scientifically, it forces an explicit stochastic model of three primitives (how long a customer stays (retention or survival), how often and how much they buy (transaction flow and spend), and how those translate into margin net of marketing cost) each of which is a latent process observed only through noisy transaction data. Commercially, CLV is the metric that allocates acquisition budget, prioritizes service, sizes loyalty programs, and, when aggregated, has been shown to track shareholder value (Gupta et al. 2006; V. Kumar et al. 2010b; V. Kumar and Shah 2009b). A practitioner heuristic captures the stakes: a single year’s projected business typically recovers only about half of a customer’s full lifetime value, a ratio that varies widely by industry. Truncating the horizon at one year therefore discards roughly half the asset.

This chapter builds CLV from both ends. It leads with the way value is computed in production (the unit-economics formulas, the company-type playbooks, and the pipeline that turns a data warehouse into a per-customer number) and grounds that practice in the classical models that explain when the production shortcuts are safe and when they are biased. It defines the construct formally, lays out the contractual versus non-contractual taxonomy that decides which model class is even admissible, and then develops, with reproducible code, the four modeling traditions in turn: the probabilistic “buy-till-you-die” family, the econometric and hierarchical-Bayes extensions, the machine-learning and deep-learning frontier, and the causal/decision-focused layer that asks not what CLV is but how to act on it. It covers the full set of adjacent constructs (customer equity, CAC, the LTV:CAC ratio and payback, net and gross revenue retention, RFM, churn, share of wallet, customer referral value, customer-based corporate valuation, and negative CLV) and closes on the identification problems that make CLV easy to compute and hard to compute correctly.


15.1 The Construct and Its Assumptions

Fix a customer ii and let periods be indexed by jj (annual or semiannual). Three latent quantities drive value: the probability p(Buyij=1)p(\text{Buy}_{ij}=1) that the customer is active and transacts in period jj; the contribution margin CMij\text{CM}_{ij} the customer generates conditional on transacting; and the marketing cost MCij\text{MC}_{ij} the firm directs at the customer to keep the relationship alive. Future cash flows are discounted at a per-period rate rr. Writing TT for the end of the observation (calibration) window and NN for the number of periods projected forward, the discounted-margin definition of CLV is

CLVi=∑j=T+1T+Np(Buyij=1)CM̂ij(1+r)j−T−∑j=T+1T+NMĈij(1+r)j−T.(15.1)
\text{CLV}_i \;=\; \sum_{j=T+1}^{T+N}
   \frac{p(\text{Buy}_{ij}=1)\,\widehat{\text{CM}}_{ij}}{(1+r)^{\,j-T}}
   \;-\; \sum_{j=T+1}^{T+N} \frac{\widehat{\text{MC}}_{ij}}{(1+r)^{\,j-T}} .
 \qquad(15.1)

Equation 15.1 is the formulation popularized in the customer-equity program of Kumar and colleagues (V. Kumar et al. 2008; V. Kumar et al. 2010b). Several features deserve emphasis because they are routinely elided in practice. The summation starts at j=T+1j=T+1: CLV is a forward-looking quantity, the value of the relationship from today onward, not the historical revenue already booked.1 The purchase probability, contribution margin, and marketing cost are all predicted (⋅̂\widehat{\,\cdot\,}), so CLV inherits the sampling error of three separate forecasting models. And the discount factor must be expressed at the period frequency of the data: a 15% annual rate corresponds to a semiannual factor of r≈0.07238r \approx 0.07238, since (1.07238)2≈1.15(1.07238)^2 \approx 1.15 (V. Kumar et al. 2008).


Customer lifetime value. The present value of all future cash flows attributable to the relationship with a customer (margin from the customer’s own purchases, net of the marketing cost of serving and retaining them) over the expected remaining lifetime of that relationship.



A useful special case exposes the economics. Suppose margin per active period is a constant m=CM−MCm = \text{CM} - \text{MC} and the customer is retained from one period to the next with constant probability ρ\rho (the retention rate). Then the expected discounted value of an infinite-horizon relationship collapses to a geometric series,

CLV=m∑t=0∞(ρ1+r)t=m1+r1+r−ρ,(15.2)
\text{CLV} \;=\; m \sum_{t=0}^{\infty} \left(\frac{\rho}{1+r}\right)^{t}
            \;=\; m \,\frac{1+r}{\,1+r-\rho\,},
 \qquad(15.2)

valid whenever ρ<1+r\rho < 1+r. The factor (1+r)/(1+r−ρ)(1+r)/(1+r-\rho) is the margin multiple: at ρ=0.8\rho = 0.8 and r=0.1r = 0.1 it equals 1.1/0.3≈3.671.1/0.3 \approx 3.67, so a loyal customer is worth roughly three and two-thirds years of current margin. Two modeling decisions are buried in Equation 15.2 and matter enormously: the constancy of ρ\rho (real retention curves are not memoryless, as later sections show) and the choice of horizon (the infinite sum versus a finite NN). Both are where naive CLV estimates go wrong. The closed-form CLV expressions of the managerial tradition, of which Equation 15.2 is the simplest, descend from P. D. Berger and Nasr (1998).


15.1.1 Two Traditions and a Taxonomy

The literature splits into complementary approaches to operationalizing Equation 15.1, summarized in Table 15.1. The managerial tradition predicts the components (purchase incidence, margin, marketing cost) with separate regression or machine-learning models, typically on a contractual or panel-with-covariates dataset, and is the workhorse of the customer-equity literature (V. Kumar et al. 2008; V. Kumar et al. 2010b; Gupta et al. 2006; Venkatesan and Kumar 2004). The probabilistic tradition instead posits a small generative model for the latent purchase and dropout processes and derives expected value in closed form; its canonical members are the Pareto/NBD and BG/NBD “buy-till-you-die” models for non-contractual settings (Schmittlein, Morrison, and Colombo 1987; Fader, Hardie, and Lee 2005a) and the shifted-beta-geometric (sBG) model for discrete-time contractual settings (Fader and Hardie 2007). A third, structural strand models the customer’s underlying utility and budget constraint and derives CLV as an implication of choices (Sunder, Kumar, and Zhao 2016), trading tractability for behavioral fidelity.




Table 15.1: Two traditions for operationalizing customer lifetime value.










	Dimension
	Managerial / component models
	Probabilistic models





	What is modeled
	Each cash-flow component separately
	Latent purchase + dropout processes



	Typical data
	Contractual or covariate-rich panel
	Recency-frequency transaction logs



	Covariates
	Rich (demographics, marketing)
	Few or none



	Output
	Per-customer point forecast
	Posterior expected value



	Strengths
	Targeting, what-if on marketing
	Parsimony, honest uncertainty



	Weakness
	Many models to maintain and validate
	Hard to attach drivers/covariates










Which tradition is even admissible is decided by a single two-by-two taxonomy, shown in 6, that organizes the entire field. The first axis is whether the setting is contractual (the firm observes exactly when a customer leaves: subscriptions, insurance, B2B SaaS) or non-contractual (the customer can lapse silently and churn is never directly observed: retail, e-commerce, direct-to- consumer). The second axis is whether purchase opportunities arrive in discrete periods or in continuous time (Fader and Hardie 2009). The chapter’s sBG model occupies the contractual-discrete cell; the buy-till-you-die models occupy the non-contractual cells.




Table 15.2: The organizing taxonomy of customer-base analysis. The cell decides which model class is admissible.










	
	Discrete time
	Continuous time





	Contractual (churn observed)
	shifted-beta-geometric (sBG) for retention; BG/BB for transactions
	survival models (exponential, Weibull, Cox) on time-to-churn



	Non-contractual (churn latent)
	BG/BB
	Pareto/NBD, BG/NBD, Gamma-Gamma










Figure 15.1 shows how the pieces compose, from raw transactions through a latent survival process to a discounted, aggregated customer-equity figure.
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Figure 15.1: From transaction data to customer lifetime value. A latent retention or survival process is estimated, projected forward, combined with a margin process, discounted, and aggregated across customers into customer equity.











15.2 CLV in Industry Practice

Academic CLV and operational LTV diverge sharply. In production, the formula a company uses is dictated by its business model and its data, and most LTV is computed with far cruder tools than the journals describe, which is exactly why the production pitfalls catalogued below recur. We lead with practice because it motivates everything that follows: each classical model in the later sections exists to repair a specific failure of the naive production formula.


15.2.1 The Formulas Practitioners Actually Use

The single most widely used LTV formula, ubiquitous in SaaS and subscription businesses, is

LTV=ARPA×gross margin %churn rate,(15.3)
\text{LTV} \;=\; \frac{\text{ARPA} \times \text{gross margin \%}}{\text{churn rate}},
 \qquad(15.3)

where ARPA is average revenue per account per period and 1/churn1/\text{churn} is the implied (geometric) expected lifetime. Equation 15.3 is exactly the chapter’s Equation 15.2 with r=0r=0 and constant retention ρ=1−churn\rho = 1 - \text{churn}. Its appeal is that it needs only two numbers off a dashboard. Its dangers are four. First, it assumes a single constant churn rate, but real retention curves flatten with tenure (the sorting effect formalized by the sBG model in Section 15.3), so it underestimates the value of survivors. Second, it divides by churn, so as churn approaches zero the estimate explodes: a firm that improves monthly churn from 2% to 1% sees its headline LTV double, an artifact of the functional form rather than a real doubling of value. Third, it ignores discounting. Fourth, it ignores expansion revenue, so for any business with net revenue retention above 100% (defined in Section 15.2.2) it understates value badly.

The correct version is the discounted, cohort-based form, identical to the Equation 15.9 derived later: sum the per-period margin weighted by the survivor function S(t)S(t) and discounted at the period rate. Most companies should use this and do not.

Above the customer level sit the board-room unit-economics ratios that govern whether a growth model is solvent:


	CAC (customer acquisition cost) is total sales-and-marketing spend in a period divided by new customers acquired.

	The LTV:CAC ratio compares the value of an acquired customer to the cost of acquiring them. A common venture heuristic treats ≥3:1\geq 3{:}1 as healthy, below 1:11{:}1 as losing money on every customer, and much above 5:15{:}1 as a sign of under-investment in growth.

	The CAC payback period is CAC divided by monthly margin per customer, the number of months to recoup acquisition cost; under twelve months is a frequent SaaS target.



These ratios carry no academic DOI; they are practitioner and venture-capital heuristics, but they are how acquisition budgets are actually defended. Section 15.10 computes them from simulated cohorts.



15.2.2 SaaS Retention Metrics: Logo versus Dollar, Gross versus Net

Subscription businesses report retention at the cohort level along two crossed distinctions. The first is logo (customer count) retention versus dollar retention: a firm can lose many small logos yet grow dollars if its surviving accounts expand, or the reverse. The second is gross versus net. Gross revenue retention (GRR) is

GRR=start MRR−churn−contractionstart MRR,(15.4)
\text{GRR} \;=\; \frac{\text{start MRR} - \text{churn} - \text{contraction}}{\text{start MRR}},
 \qquad(15.4)

which measures pure leakage and is capped at 100%. Net revenue retention (NRR, also net dollar retention) adds expansion (upsell, seat growth, cross-sell) back in:

NRR=start MRR−churn−contraction+expansionstart MRR,(15.5)
\text{NRR} \;=\; \frac{\text{start MRR} - \text{churn} - \text{contraction} + \text{expansion}}{\text{start MRR}},
 \qquad(15.5)

and can exceed 100%. NRR above 100% means the existing customer base grows without any new logos, which is why it is the single most-watched metric in subscription software. A firm with NRR of 120% needs no new customers to grow 20% a year; a firm with NRR of 85% is on a treadmill, replacing a churning base just to stand still. Figure 15.5 renders the expansion-versus-churn waterfall that produces an NRR above 100%.



15.2.3 A Company-Type Playbook

The admissible model and the operating metric both depend on the business model. Table 15.3 is the cross-industry map.




Table 15.3: How CLV is computed across company types.












	Company type
	Contract?
	Data
	How CLV is computed in production
	Typical tooling





	SaaS / B2B subscription
	Contractual
	Billing/CRM, MRR by cohort
	Cohort retention curves plus NRR/GRR; LTV:CAC and payback; sometimes sBG or survival on logo churn. Boards see unit economics, not per-customer CLV.
	dbt/SQL cohorts; lifelines; spreadsheets



	E-commerce / DTC
	Non-contractual
	Order logs (id, date, amount)
	BTYD: BG/NBD for transactions plus Gamma-Gamma for spend yields per-customer pLTV, feeding segmentation and paid-acquisition bids.
	R CLVTools/BTYD; Python lifetimes; two-stage ML



	Retail / CPG
	Non-contractual
	Loyalty-card panels, basket data
	Panel or loyalty BTYD, or structural CLV (Sunder, Kumar, and Zhao 2016); share of wallet; category CLV. Hard without identified customers.
	Panel econometrics; hierarchical Bayes; warehouse



	Telecom / insurance / banking
	Contractual
	Tenure, usage, claims
	Survival or churn models (Cox, gradient boosting, survival forests) yield a retention curve, then discounted CLV; uplift for save-desk targeting.
	survival/lifelines; XGBoost; SAS



	Mobile gaming / apps
	Non-contractual, freemium
	Event telemetry
	Early-LTV/pLTV with ML from the first hours or days of play; whale identification; ZILN or two-stage heads; ad-LTV for user-acquisition bidding.
	TensorFlow; gradient boosting; feature stores



	Media / streaming
	Contractual subs plus ad tiers
	Viewing plus subscription
	Cohort retention with content-engagement covariates; survival on subscription; ad-supported tiers blend ARPU models.
	Warehouse cohorts; survival; ML












15.2.4 The Production Stack and Its Recurring Pitfalls

The standard pipeline runs event and transaction data in a warehouse (BigQuery, Snowflake, Redshift) into feature engineering in dbt or SQL, then into a CLV model (R CLVTools/BTYD, or Python lifetimes/lifelines plus a gradient-boosting or deep model), and writes predictions back for segmentation, value-based paid-media bidding (Google and Meta both consume per-user pLTV), CRM suppression and targeting, and finance (customer-based corporate valuation, Section 15.8). The pitfalls that recur in essentially every such system are worth stating as named failure modes:


	The naive constant-churn formula (Equation 15.3) biases LTV and explodes as churn approaches zero.

	Survivorship bias. Fitting a retention curve only on customers who survived to the present inflates retention; the censored and churned customers must be included.

	Look-ahead, or target, leakage. Using information from inside the prediction window to build features inflates offline metrics and collapses in production. Strict temporal train/validation splits are mandatory.

	Ignoring discounting. Undiscounted multi-year LTV overstates present value; pick rr at the data’s period frequency.

	Cohort blending. Mixing acquisition cohorts of different channels and vintages hides that paid cohorts usually churn faster than organic ones; always analyze by cohort.

	Treating predicted CLV or churn as a targeting policy. The level of predicted churn is not the same as the persuadability of a customer (Section 15.7).

	Extrapolating a short calibration window, the warning made visual in

	




	Endogenous marketing spend. Observed retention is partly a response to targeted spend, so the spend-retention correlation is not a causal return.



Several of these are not fixable by better data hygiene alone; they require the classical models the rest of the chapter develops. We turn to those, starting with the contractual-discrete benchmark.




15.3 Retention, Survival, and the Shifted-Beta-Geometric Model

The single most consequential primitive in Equation 15.1 is the path of the purchase probability over time. In a contractual setting (subscriptions, memberships, insurance) the firm observes exactly when each customer churns, and the object of interest is the survivor function S(t)=Pr(still active at t)S(t)=\Pr(\text{still active at }t). The naive approach assumes a constant retention rate ρ\rho and sets S(t)=ρtS(t)=\rho^{t}, the memoryless geometric curve underlying Equation 15.2 and the production formula Equation 15.3. This is almost always wrong in a specific and predictable direction: observed aggregate retention rates rise with tenure. Customers who have stayed many periods are disproportionately the intrinsically loyal ones; the churn-prone have already left. Aggregate retention climbs not because any individual becomes more loyal but because the surviving population is increasingly self-selected toward loyalty, a pure sorting (heterogeneity) effect, not a duration-dependence effect.

The shifted-beta-geometric model formalizes exactly this intuition and is the discrete-time benchmark for contractual CLV (Fader and Hardie 2007). Each customer has a fixed but unobserved per-period churn probability θ\theta. Conditional on θ\theta, the period of churn follows a (shifted) geometric distribution: the customer survives each period with probability 1−θ1-\theta and churns with probability θ\theta, so

P(T=t∣θ)=θ(1−θ)t−1,t=1,2,…(15.6)
P(T = t \mid \theta) = \theta\,(1-\theta)^{\,t-1}, \qquad t = 1, 2, \dots
 \qquad(15.6)

Heterogeneity across customers is captured by mixing θ\theta over the population with a Beta prior, θ∼Beta(α,β)\theta \sim \text{Beta}(\alpha,\beta), whose density is f(θ)=θα−1(1−θ)β−1/B(α,β)f(\theta)=\theta^{\alpha-1}(1-\theta)^{\beta-1}/B(\alpha,\beta). Integrating the individual churn probability over this prior yields closed-form aggregate churn and survivor functions that depend only on the two parameters (α,β)(\alpha,\beta):

P(T=t)=B(α+1,β+t−1)B(α,β),S(t)=B(α,β+t)B(α,β).(15.7)
P(T = t) = \frac{B(\alpha+1,\;\beta+t-1)}{B(\alpha,\beta)}, \qquad
S(t) = \frac{B(\alpha,\;\beta+t)}{B(\alpha,\beta)} .
 \qquad(15.7)

These satisfy the convenient forward recursions P(1)=α/(α+β)P(1)=\alpha/(\alpha+\beta), P(t)=P(t−1)(β+t−2)/(α+β+t−1)P(t)=P(t-1)\,(\beta+t-2)/(\alpha+\beta+t-1), and S(t)=S(t−1)−P(t)S(t)=S(t-1)-P(t), which is exactly how the estimation code below evaluates them. The model’s key qualitative property, rising aggregate retention from fixed individual propensities, emerges purely from the Beta mixture; no individual’s θ\theta ever changes.

Estimation. With cohort data giving the number of customers ntn_t surviving at each tenure tt (equivalently, the number churning, dt=nt−1−ntd_t = n_{t-1}-n_t), the parameters are estimated by maximum likelihood. The log-likelihood for a cohort observed through period τ\tau sums the log-probability of each observed churn over its churn period plus the log-survivor probability for those still active at the end of the window:

ℓ(α,β)=∑t=1τdtlogP(T=t)+nτlogS(τ).(15.8)
\ell(\alpha,\beta) = \sum_{t=1}^{\tau} d_t \,\log P(T=t)
   \;+\; n_{\tau}\,\log S(\tau).
 \qquad(15.8)

The last term is the right-censoring contribution: customers still active at τ\tau contribute the probability of surviving at least that long. Identification is weak when the window is short relative to the heterogeneity (α\alpha and β\beta are separately identified only once the curvature of the survival curve is visible), which is why the projections below stabilize as more months of history are used.

The following example reconstructs the analysis of a subscription business: four cohorts (“cases”) with markedly different retention dynamics, each observed for eight months. The goal is to fit the sBG model and project retention forward. We first visualize the raw curves in Figure 15.2.


library(tidyverse)

set.seed(13)

# Observed retention rate by months since signup (month 0 = 100%)
df_ret <- tibble(
  month_lt = 0:7,
  case01 = c(1, .531, .452, .423, .394, .375, .356, .346),
  case02 = c(1, .869, .743, .653, .593, .551, .517, .491),
  case03 = c(1, .677, .562, .486, .412, .359, .332, .310),
  case04 = c(1, .631, .468, .382, .326, .289, .262, .241)
) |>
  pivot_longer(-month_lt, names_to = "example", values_to = "retention_rate")

ggplot(df_ret, aes(month_lt, retention_rate, colour = example)) +
  geom_line() + geom_point() +
  facet_wrap(~ example) +
  scale_colour_manual(values = c("#4e79a7", "#f28e2b", "#e15759", "#76b7b2")) +
  labs(x = "Months since signup", y = "Retention rate") +
  theme_minimal() +
  theme(legend.position = "none", strip.text = element_text(face = "bold"))
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Figure 15.2: Observed monthly retention curves for four subscription cohorts. All decline, but at different rates and with different curvature.








We next implement the sBG churn, survivor, and (negative) log-likelihood functions following Equation 15.7 and Equation 15.8, then optimize.


# Aggregate churn probability P(T = t) via the forward recursion implied by
# the Beta-geometric mixture (equation @eq-sbg-survivor).
churn_bg <- Vectorize(function(alpha, beta, period) {
  p <- alpha / (alpha + beta)
  if (period > 1)
    p <- churn_bg(alpha, beta, period - 1) *
         (beta + period - 2) / (alpha + beta + period - 1)
  p
}, vectorize.args = "period")

# Survivor function S(t) = S(t-1) - P(t), with S(1) = 1 - P(1).
survival_bg <- Vectorize(function(alpha, beta, period) {
  s <- 1 - churn_bg(alpha, beta, 1)
  if (period > 1)
    s <- survival_bg(alpha, beta, period - 1) - churn_bg(alpha, beta, period)
  s
}, vectorize.args = "period")

# Negative log-likelihood (equation @eq-sbg-loglik): churners contribute
# log P(T = t); the still-active at the end contribute log S(tau).
neg_loglik <- function(par, active, lost) {
  alpha <- par[1]; beta <- par[2]
  tau <- length(active)
  -( sum(lost * log(churn_bg(alpha, beta, 1:tau))) +
       active[tau] * log(survival_bg(alpha, beta, tau)) )
}

# Convert retention rates into active/lost counts for a notional 1,000-customer
# cohort (the likelihood depends only on the shape, not the cohort size).
df_ret <- df_ret |>
  group_by(example) |>
  mutate(active = 1000 * retention_rate,
         lost   = replace_na(lag(active) - active, 0)) |>
  ungroup()




The instructive exercise is to ask how the projected retention curve evolves as the firm accumulates more months of actual data. With only one or two months observed, identification is weak and the projection is unreliable; as the window lengthens, the fitted curve locks onto the truth. We refit the model for each cohort using the first ii months only, for i=1,…,7i = 1, \dots, 7, and overlay every projection on the observed curve.


project_cohort <- function(d) {
  map_dfr(1:7, function(i) {
    fit <- d |> filter(month_lt >= 1, month_lt <= i)
    opt <- optim(c(1, 1), neg_loglik,
                 active = fit$active, lost = fit$lost)
    tibble(month_lt   = 0:7,
           fact_months = i,
           retention_pred = round(
             c(1, survival_bg(opt$par[1], opt$par[2], 1:7)), 3))
  })
}

ret_preds <- df_ret |>
  group_by(example) |>
  group_modify(~ project_cohort(.x)) |>
  ungroup()

df_plot <- df_ret |>
  select(month_lt, example, retention_rate) |>
  left_join(ret_preds, by = c("month_lt", "example"))

ggplot(df_plot, aes(month_lt, retention_rate, colour = example)) +
  geom_line(aes(y = retention_pred, group = fact_months), alpha = 0.4) +
  geom_line(linewidth = 1.2) + geom_point(size = 1.2) +
  facet_wrap(~ example) +
  scale_colour_manual(values = c("#4e79a7", "#f28e2b", "#e15759", "#76b7b2")) +
  labs(x = "Months since signup", y = "Retention rate") +
  theme_minimal() +
  theme(legend.position = "none", strip.text = element_text(face = "bold"))






[image: ]



Figure 15.3: Observed retention (bold) with sBG projections fit on the first i months only, for i = 1..7 (faint lines). Projections stabilize toward the observed curve as the calibration window lengthens.








The faint projection lines fan out wildly when fit on one month and converge onto the observed curve as the calibration window grows, a visual diagnostic of the identification problem in Equation 15.8. In practice this argues against committing to a CLV figure from a single early cohort snapshot. The same identification problem, addressed by borrowing strength across cohorts with limited information, is the subject of David A. Schweidel, Fader, and Bradlow (2008b).


15.3.1 From Retention to Value

With a fitted survivor function, lifetime value follows directly. For a contractual product with constant per-period margin mm (here a $1 subscription) and discount factor rr, expected discounted value over a horizon of NN periods is

CLV̂=m∑t=0NŜ(t)(1+r)t,(15.9)
\widehat{\text{CLV}} \;=\; m \sum_{t=0}^{N} \frac{\widehat{S}(t)}{(1+r)^{\,t}},
 \qquad(15.9)

with Ŝ(t)\widehat{S}(t) taken from observed data where available and from the sBG projection beyond the calibration window. Setting r=0r=0 for transparency (the firm wants undiscounted expected revenue per signup), we compute average LTV for cohort 3 from only two months of history, projected over a 24-month horizon.


fit3 <- df_ret |> filter(example == "case03", month_lt >= 1, month_lt <= 2)
opt3 <- optim(c(1, 1), neg_loglik, active = fit3$active, lost = fit3$lost)

projected <- tibble(
  month_lt       = 3:24,
  retention_pred = round(survival_bg(opt3$par[1], opt3$par[2], 3:24), 3))

ltv3 <- df_ret |>
  filter(example == "case03", month_lt <= 2) |>
  select(month_lt, retention_rate) |>
  bind_rows(projected) |>
  mutate(retention = coalesce(retention_rate, retention_pred),
         ltv_monthly = retention * 1,          # $1 subscription price
         ltv_cum     = round(cumsum(ltv_monthly), 2))

tail(ltv3, 3)
#> # A tibble: 3 × 6
#>   month_lt retention_rate retention_pred retention ltv_monthly ltv_cum
#>      <int>          <dbl>          <dbl>     <dbl>       <dbl>   <dbl>
#> 1       22             NA          0.254     0.254       0.254    8.83
#> 2       23             NA          0.25      0.25        0.25     9.08
#> 3       24             NA          0.246     0.246       0.246    9.33
cat("Average 24-month LTV for cohort 3: $", tail(ltv3$ltv_cum, 1), "\n", sep = "")
#> Average 24-month LTV for cohort 3: $9.33




The cumulative figure, roughly $9.33 per subscriber over 24 months, blends two months of observed retention with twenty-two months of projected retention from a two-parameter model estimated on those same two months. That this is even possible is the practical appeal of the probabilistic approach; that it rests on extrapolating a heterogeneity model far beyond its calibration window is its central caveat, and 5 is the warning label.




15.4 Probabilistic Models for Customer-Base Analysis

In non-contractual settings, churn is never observed: a customer who has not bought recently may have defected or may simply be between trips. The buy-till-you-die (BTYD) family solves this by positing two latent processes, a purchase process active while the customer is “alive” and a dropout (death) process that ends the relationship at an unobserved time, and deriving expected future transactions and value in closed form from each customer’s recency (time of last purchase) and frequency (number of repeat purchases). These statistics carry exactly the information needed to infer the probability a customer is still alive.


15.4.1 Pareto/NBD and BG/NBD

The origin model is the Pareto/NBD (Schmittlein, Morrison, and Colombo 1987). While alive, customer ii purchases according to a Poisson process with rate λi\lambda_i, and the rate varies across the population as λ∼Gamma(r,α)\lambda \sim \text{Gamma}(r,\alpha) (the negative-binomial, or NBD, half). The customer’s lifetime is exponential with dropout rate μi\mu_i, and μ∼Gamma(s,β)\mu \sim \text{Gamma}(s,\beta) across customers (the Pareto half). The expected number of transactions in a future interval, and the probability that a customer is still alive given recency and frequency, both have closed forms. The model’s one inconvenience is computational: the likelihood involves Gaussian hypergeometric functions and can be fragile to optimize.

The BG/NBD model, “counting your customers the easy way,” replaces the analytically awkward Pareto death process with a beta-geometric one (Fader, Hardie, and Lee 2005a). After each purchase, the customer flips a coin and, with probability pp, becomes inactive; pp varies across customers as Beta(a,b)\text{Beta}(a,b). This swap makes estimation far easier with almost identical fit, and BG/NBD is now the single most-used BTYD model. The Gamma-Gamma monetary model (Fader, Hardie, and Lee 2005b) supplies the spend dimension: average transaction value varies within a customer around a latent mean, and that mean is Gamma-distributed across the population, with spend assumed independent of transaction frequency. Multiplying expected future transactions by expected spend (and a margin rate) gives a monetary pLTV.

A unifying observation closes the loop with practice: RFM scoring and the BTYD models are two views of the same object. Fader, Hardie, and Lee (2005b) show this with iso-value curves, contours in the recency-frequency plane that group customers with different histories but equal predicted future value.



15.4.2 A Worked Non-Contractual Pipeline

We simulate a transaction log from the Pareto/NBD data-generating process, then fit BG/NBD plus Gamma-Gamma with the maintained CLVTools package and cross-check the transaction model against the original BTYD package. The simulation draws each customer’s purchase rate and lifetime from Gamma priors, runs a Poisson process up to the (possibly censored) lifetime, and attaches Gamma-distributed spend.


set.seed(42)

n_cust  <- 1500
T_total <- 78                       # weeks of potential observation

lambda    <- rgamma(n_cust, shape = 0.55, rate = 10)  # weekly purchase rate
mu        <- rgamma(n_cust, shape = 0.40, rate = 30)  # dropout rate
cust_mean <- rgamma(n_cust, shape = 4,   rate = 0.08) # latent mean spend (~ $50)

sim_one <- function(i) {
  end <- min(rexp(1, mu[i]), T_total)   # exponential lifetime, censored at T_total
  ts <- 0; t <- 0                       # initial purchase at t = 0
  repeat {
    t <- t + rexp(1, lambda[i])         # Poisson interarrival while alive
    if (t > end) break
    ts <- c(ts, t)
  }
  tibble(cust = i, t = ts)
}

log_df <- map_dfr(seq_len(n_cust), sim_one) |>
  mutate(amount = rgamma(n(), shape = 6, rate = 6 / cust_mean[cust]),
         date   = as.Date("2020-01-01") + round(t * 7)) |>
  transmute(cust_id = paste0("C", cust), date, amount = round(amount, 2))

cat("rows:", nrow(log_df),
    " customers:", n_distinct(log_df$cust_id),
    " span:", as.character(min(log_df$date)), "to",
    as.character(max(log_df$date)), "\n")
#> rows: 6048  customers: 1500  span: 2020-01-01 to 2021-06-30




We hand the log to CLVTools, fit the Pareto/NBD transaction model and the Gamma-Gamma spend model on the full history, and predict a discounted per-customer CLV 52 weeks forward. We use Pareto/NBD here because CLVTools derives a closed-form discounted expected residual transaction count (DERT), and hence a discounted CLV, directly from it.


library(CLVTools)

clv_dat <- clvdata(log_df, date.format = "ymd", time.unit = "week",
                   name.id = "cust_id", name.date = "date", name.price = "amount")

fit_pnbd <- pnbd(clv_dat, verbose = FALSE)   # Pareto/NBD transaction model
fit_gg   <- gg(clv_dat,   verbose = FALSE)   # Gamma-Gamma spend model

round(coef(fit_pnbd), 3)
#>      r  alpha      s   beta 
#>  0.560 10.802  0.545 45.883

# Predict 52 weeks ahead; continuous.discount.factor is the per-week rate.
pred <- predict(fit_pnbd, predict.spending = fit_gg,
                prediction.end = 52,
                continuous.discount.factor = 0.0029,  # ~ 15% per year
                verbose = FALSE) |>
  as.data.frame()

pred |>
  transmute(Id, PAlive = round(PAlive, 3), CET = round(CET, 2),
            spend = round(predicted.mean.spending, 1),
            DERT  = round(DERT, 2),
            pLTV  = round(predicted.CLV, 2)) |>
  head(6)
#>      Id PAlive  CET spend  DERT    pLTV
#> 1    C1  0.978 5.48  68.2 23.26 1585.99
#> 2   C10  0.774 0.64  65.2  2.72  177.33
#> 3  C100  0.435 0.13  52.3  0.55   28.71
#> 4 C1000  0.435 0.13  52.3  0.55   28.71
#> 5 C1001  0.435 0.13  52.3  0.55   28.71
#> 6 C1002  0.435 0.13  52.3  0.55   28.71

cat("Mean predicted 1-year CLV: $", round(mean(pred$predicted.CLV), 2), "\n", sep = "")
#> Mean predicted 1-year CLV: $310.81




PAlive is the inferred probability a customer is still active, CET the conditional expected transactions over the horizon, DERT the discounted expected residual transactions, and predicted.CLV the monetary lifetime value. For independent confirmation, we re-estimate the BG/NBD transaction model with the original BTYD package on the same log and compare the implied expected transactions.


library(BTYD)

end_cal <- as.Date("2020-01-01") + 39 * 7   # split calibration / holdout

elog <- log_df |>
  transmute(cust = cust_id, date = as.Date(date), sales = amount) |>
  as.data.frame()

elog_m  <- dc.MergeTransactionsOnSameDate(elog)
cbs_cbt <- dc.ElogToCbsCbt(elog_m, per = "week", T.cal = end_cal)
cal_cbs <- cbs_cbt$cal$cbs

params_bg <- bgnbd.EstimateParameters(cal_cbs)
cet_btyd  <- bgnbd.ConditionalExpectedTransactions(
  params_bg, T.star = 13,
  x = cal_cbs[, "x"], t.x = cal_cbs[, "t.x"], T.cal = cal_cbs[, "T.cal"])





cat("BTYD BG/NBD params (r, alpha, a, b):", round(params_bg, 3), "\n")
#> BTYD BG/NBD params (r, alpha, a, b): 0.404 7.849 0.339 3.664
cat("Mean 13-week expected transactions (BTYD BG/NBD):",
    round(mean(cet_btyd), 3), "\n")
#> Mean 13-week expected transactions (BTYD BG/NBD): 0.482




The two packages, two model variants, and two estimation routines deliver coherent parameters and forecasts from the same simulated log, which is the trust-building step before any of these numbers reaches a paid-media bid. We visualize the BTYD intuition directly in Figure 15.4: the probability a customer is alive as a function of how many times they have bought and how long ago they last appeared.


grid <- expand_grid(x = 0:10, t.x = seq(0, 39, by = 3)) |>
  mutate(palive = bgnbd.PAlive(params_bg, x = x, t.x = t.x, T.cal = 39))

ggplot(grid, aes(t.x, x, fill = palive)) +
  geom_tile() +
  scale_fill_viridis_c(name = "P(alive)", limits = c(0, 1)) +
  labs(x = "Recency: time of last purchase (weeks)",
       y = "Frequency: number of repeat purchases") +
  theme_minimal()
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Figure 15.4: Probability a customer is still alive under the fitted BG/NBD model, over the recency-frequency grid. Many purchases with a recent last visit imply near-certain life; a long silence after few purchases implies likely dropout.








The contours in Figure 15.4 are the iso-value intuition of Fader, Hardie, and Lee (2005b) made concrete: customers with very different recency-frequency histories can share the same P(alive), and therefore the same future value.




15.5 Econometric and Hierarchical-Bayes CLV

Where BTYD models are deliberately covariate-light, the econometric tradition predicts the components of Equation 15.1 (incidence, frequency, spend, churn) with regression and hierarchical-Bayes machinery and rich covariates such as demographics, marketing touches, channel, and macro conditions. Its strength is targeting and what-if analysis on marketing levers; its weakness is the number of models to maintain and validate.

The bridge between the two traditions is Abe (2009), which recasts the Pareto/NBD as a hierarchical Bayes model. This yields individual-level posteriors, honest uncertainty, and, crucially, the ability to let covariates shift the purchase and dropout rates, something the closed-form Pareto/NBD cannot do. On the pure component-modeling side, Venkatesan and Kumar (2004) build a covariate-rich CLV used to rank and select customers and to allocate contact across channels, and W. J. Reinartz and Kumar (2003) model profitable lifetime duration with a hazard specification, the econometric face of retention.

Two themes from this literature carry practical weight. First, acquisition and retention are not independent: David A. Schweidel, Fader, and Bradlow (2008a) model jointly when a customer is acquired and how long they then stay, and show that ignoring the correlation biases CLV. Second, elaboration does not always pay. Donkers, Verhoef, and Jong (2007) run a model tournament in insurance and find that simple status-quo and Markov-chain models often match or beat far more elaborate ones out of sample, an empirical-humility check on the impulse to add structure.

The Markov-chain formulation (Pfeifer and Carraway 2000) is worth stating in full because it links CLV to the decision-theoretic view. Define a small set of states (for example, active, lapsed, lost), a transition matrix PP, and a per-period reward vector 𝐫\mathbf{r} giving the margin earned in each state. With discount factor γ=1/(1+r)\gamma = 1/(1+r), the vector of state-conditional lifetime values solves the linear system

𝐕=(𝐈−γP)−1𝐫,(15.10)
\mathbf{V} \;=\; (\mathbf{I} - \gamma P)^{-1}\,\mathbf{r},
 \qquad(15.10)

the discounted expected reward of a customer currently in each state. Table 15.4 computes it for a three-state migration model.


states <- c("active", "lapsed", "lost")
P <- matrix(c(0.70, 0.20, 0.10,
              0.30, 0.40, 0.30,
              0.00, 0.00, 1.00),
            nrow = 3, byrow = TRUE, dimnames = list(states, states))
reward <- c(active = 100, lapsed = 0, lost = 0)
gamma  <- 1 / 1.10                                   # 10% per-period discount
V <- solve(diag(3) - gamma * P) %*% reward           # equation @eq-clv-markov








Table 15.4: Markov-chain migration CLV by current state. An active customer is worth far more than a lapsed one because the lapsed state carries a high probability of transitioning to the absorbing lost state.






	Current state
	CLV ($)





	active
	350



	lapsed
	150



	lost
	0














Table 15.4 shows the absorbing structure at work: an active customer is worth $350 because they earn margin now and are likely to keep earning, a lapsed customer only $150 because the lapsed state leaks heavily into the absorbing lost state, and a lost customer nothing. This is the same discounting logic as Equation 15.9, expressed as a controllable Markov reward process, and it is the conceptual link to the decision models of Section 15.7.



15.6 The Machine-Learning and Deep-Learning Frontier

The production frontier has moved from closed-form probability models to supervised machine learning and deep learning on rich feature sets and raw event sequences. Several recurring design patterns organize the space.

The dominant production pattern is the two-stage churn-times-spend (or propensity-times-value) decomposition. A first-stage classifier (logistic regression, gradient boosting, random forest) predicts the probability a customer is active or repeat-purchasing over the horizon; a second-stage regressor predicts conditional spend; their product, times margin and discounted, is pLTV. This mirrors the BTYD frequency-times-monetary split but adds covariates and nonlinearity. The benchmark for whether the modeling effort pays off is the churn-model tournament of Neslin et al. (2006), whose central finding (“methods matter”) is that modest gains in predictive accuracy translate into six-figure swings in campaign profit.

We demonstrate the two-stage pattern on simulated customer features, using a random forest for the active/inactive classifier and an elastic-net (glmnet) regression for log-spend among actives, then combine the two heads.


library(glmnet)
library(randomForest)

set.seed(11)
N <- 5000
feat <- tibble(
  recency   = runif(N, 0, 52),
  frequency = rpois(N, 3),
  monetary  = rgamma(N, 4, 0.08),
  tenure    = runif(N, 1, 104),
  promo     = rbinom(N, 1, 0.4))

eta      <- -1 + 0.03 * feat$frequency - 0.02 * feat$recency + 0.4 * feat$promo
active   <- rbinom(N, 1, plogis(eta))
spend    <- active * rgamma(N, shape = 3, rate = 3 / (feat$monetary * 0.5))
df_ml    <- feat |> mutate(active = factor(active), spend = spend)

tr <- sample(N, 0.7 * N); te <- setdiff(seq_len(N), tr)

# Stage 1: random-forest active/inactive classifier.
rf <- randomForest(active ~ recency + frequency + monetary + tenure + promo,
                   data = df_ml[tr, ], ntree = 200)
p_active_hat <- predict(rf, df_ml[te, ], type = "prob")[, "1"]

# Stage 2: elastic-net log-spend regression among training actives.
act_tr <- tr[df_ml$active[tr] == "1"]
xtr <- model.matrix(~ recency + frequency + monetary + tenure + promo,
                    df_ml[act_tr, ])[, -1]
ytr <- log(df_ml$spend[act_tr])
cvfit <- cv.glmnet(xtr, ytr, alpha = 0.5)

xte <- model.matrix(~ recency + frequency + monetary + tenure + promo,
                    df_ml[te, ])[, -1]
resid_var <- as.numeric(var(ytr - predict(cvfit, xtr, s = "lambda.min")))
spend_hat <- exp(as.numeric(predict(cvfit, xte, s = "lambda.min")) + 0.5 * resid_var)

pltv_ml <- p_active_hat * spend_hat * 0.6   # 60% margin
cat("Mean two-stage pLTV: $", round(mean(pltv_ml), 2), "\n", sep = "")
#> Mean two-stage pLTV: $3.23
cat("Correlation with realized margin:",
    round(cor(pltv_ml, df_ml$spend[te] * 0.6), 3), "\n")
#> Correlation with realized margin: 0.226




The lognormal back-transform includes the variance correction exp(0.5σ2)\exp(0.5\sigma^2), without which expected spend on the raw scale is systematically understated, a common production bug. The positive correlation between predicted pLTV and realized margin on the held-out customers confirms the two heads compose sensibly.

A more integrated approach uses a single probabilistic head that models the spike at zero (non-buyers) and the heavy right tail (a few high spenders) jointly. The zero-inflated lognormal (ZILN) loss, popularized by a Google deep-learning model (X. Wang, Liu, and Miao 2019), does exactly this: one model outputs a churn logit, a lognormal mean, and a lognormal scale, and is trained on the combined likelihood. We fit a small ZILN model by maximum likelihood (no neural network required to make the point) and recover both the structure and a calibrated expected value.


set.seed(21)
M <- 6000
x      <- runif(M, -2, 2)
p_buy  <- plogis(-0.5 + 0.9 * x)
buy    <- rbinom(M, 1, p_buy)
spend2 <- buy * rlnorm(M, meanlog = 3 + 0.5 * x, sdlog = 0.6)

# ZILN negative log-likelihood: a churn (zero-inflation) head and a lognormal
# value head, each linear in x here for transparency.
ziln_nll <- function(par) {
  p  <- plogis(par[1] + par[2] * x)         # P(buy)
  ml <- par[3] + par[4] * x                 # lognormal mean (log scale)
  s  <- exp(par[5])                         # lognormal scale
  ll <- ifelse(spend2 == 0,
               log1p(-p),
               log(p) + dlnorm(pmax(spend2, 1e-8), ml, s, log = TRUE))
  -sum(ll)
}

fit_ziln <- optim(c(0, 0, 3, 0, log(0.6)), ziln_nll, method = "BFGS")
p_hat  <- plogis(fit_ziln$par[1] + fit_ziln$par[2] * x)
E_buy  <- p_hat * exp((fit_ziln$par[3] + fit_ziln$par[4] * x) +
                        exp(fit_ziln$par[5])^2 / 2)
cat("ZILN params (b0, b1, m0, m1, log-sigma):",
    round(fit_ziln$par, 3), "\n")
#> ZILN params (b0, b1, m0, m1, log-sigma): -0.512 0.912 3.008 0.511 -0.503
cat("Mean predicted E[spend]: $", round(mean(E_buy), 2),
    "  vs actual: $", round(mean(spend2), 2), "\n", sep = "")
#> Mean predicted E[spend]: $15.57  vs actual: $15.6




The fitted ZILN expected value matches the simulated mean closely because the model respects the data-generating structure: it does not try to force a single distribution onto a population that is half non-buyers and half a right-skewed spending tail.

Beyond these patterns, the frontier includes sequence models (RNN, LSTM, seq2seq, transformers) that consume the raw chronological event stream and learn temporal patterns hand-built RFM features miss (J. Bauer and Jannach 2021); customer embeddings that learn dense vector representations from product and event co-occurrence and transfer information across sparse customers, as in the ASOS production system (Chamberlain et al. 2017); graph neural networks for marketplace and advertising LTV; and early-LTV models that predict a mobile game player’s lifetime value (and identify “whales”) from the first hours of play (Sifa et al. 2015). A caveat is in order: most of this work lives in KDD, RecSys, AAAI, and arXiv rather than the top marketing journals, and the marketing-journal contribution is concentrated on the decision side, to which we now turn.



15.7 Causal and Decision-Focused CLV

Predicting CLV is not the same as acting on it, and the top-journal frontier here is about incremental value and resource allocation rather than point prediction. This is where the “endogenous marketing” pitfall of Section 15.2.4 becomes a research program.

The landmark result is retention futility (Ascarza 2018): the highest-churn-risk customers are often not the most persuadable, so targeting retention spend on predicted churn (or predicted CLV) wastes money on customers who would either leave regardless or stay regardless. The correct target is the uplift, the individual treatment effect of the intervention, validated by Ascarza in two field experiments. We make the point concrete by simulating a retention treatment whose effect is uncorrelated with churn risk and comparing a risk-targeting policy against an uplift-targeting policy.


set.seed(3)
M2     <- 8000
risk   <- runif(M2)                       # churn risk
uplift <- rnorm(M2, 0.04, 0.03)           # treatment effect, ~independent of risk
margin <- 200

top_quintile <- function(v) v >= quantile(v, 0.8)
gain_risk   <- mean(uplift[top_quintile(risk)])   * margin
gain_uplift <- mean(uplift[top_quintile(uplift)]) * margin

cat(sprintf("cor(risk, uplift) = %.3f\n", cor(risk, uplift)))
#> cor(risk, uplift) = -0.011
cat(sprintf("Per-target retained margin: risk-targeting $%.2f vs uplift-targeting $%.2f\n",
            gain_risk, gain_uplift))
#> Per-target retained margin: risk-targeting $7.79 vs uplift-targeting $16.39




With risk and uplift essentially uncorrelated, the uplift-targeting policy roughly doubles the retained margin per treated customer relative to the intuitive target-the-high-risk policy, which is Ascarza’s point in miniature. The complementary methodological advance is off-policy evaluation: Simester, Timoshenko, and Zoumpoulis (2020) show how to assign customers to actions and then evaluate any targeting policy, including a CLV-maximizing one, without re-running an experiment for each candidate policy. At the budget level, W. Reinartz, Thomas, and Kumar (2005) jointly optimize acquisition and retention spend against a CLV objective, the canonical resource-allocation-to-CLV result. The throughline is that the decision-relevant quantity is the derivative of CLV with respect to a marketing action, not its level, and recovering that derivative requires experimental or quasi-experimental variation rather than the historical correlation between spend and value.



15.8 Adjacent and Related Constructs

CLV sits at the center of a constellation of constructs, summarized in Table 15.5, that extend, aggregate, or operationalize it.




Table 15.5: The constructs adjacent to customer lifetime value.










	Construct
	One-line definition
	Anchor reference





	Customer equity (CE)
	Sum of all customers’ CLV; the demand-side asset on a quasi-balance-sheet
	Roland T. Rust, Lemon, and Zeithaml (2004)



	Valuing customers to value firms
	CE drives firm value; lets one value high-growth, negative-earnings firms
	Gupta, Lehmann, and Stuart (2004)



	CLV modeling synthesis
	The review defining and surveying implementable CLV
	Gupta et al. (2006)



	CE to market capitalization
	Aggregated CLV tracks shareholder value
	V. Kumar and Shah (2009b)



	CBCV, contractual
	Value a public subscription firm from disclosed customer metrics
	McCarthy, Fader, and Hardie (2017)



	CBCV, non-contractual
	Same, for non-subscription firms, from a BTYD model on disclosed data
	McCarthy and Fader (2018)



	Customer referral value (CRV)
	Value a customer creates by referring others
	V. Kumar, Petersen, and Leone (2010)



	Customer engagement value (CEV)
	CLV plus CRV plus influencer and knowledge value
	V. Kumar et al. (2010a)



	Negative CLV
	Loyal is not the same as profitable; some long-tenured customers destroy value
	W. Reinartz and Kumar (2002)



	RFM
	The classic scoring heuristic, equivalent to a BTYD view
	Fader, Hardie, and Lee (2005b)



	Churn / retention prediction
	The predictive substrate of CLV
	Neslin et al. (2006)



	Structural CLV (CPG)
	CLV from a utility and budget model with brand switching
	Sunder, Kumar, and Zhao (2016)










Customer equity is the headline aggregate: the sum of every customer’s CLV, treated as the demand-side asset of the firm. Roland T. Rust, Lemon, and Zeithaml (2004) build it into a “return on marketing” framework that traces marketing actions through value, brand, and relationship equity to customer equity. The link to firm value is the bridge to the marketing-finance interface: Gupta, Lehmann, and Stuart (2004) show that valuing customers lets one value the firm itself, which is decisive for high-growth, negative-earnings companies whose worth lives entirely in their customer base, and V. Kumar and Shah (2009b) demonstrate that aggregated CLV tracks market capitalization. The most direct realization of this idea is customer-based corporate valuation (CBCV), which values a public company from disclosed customer metrics: for contractual subscription firms (McCarthy, Fader, and Hardie 2017) and, using a BTYD model fit to disclosed transaction data, for non-contractual firms (McCarthy and Fader 2018).

Two constructs widen the definition of customer value beyond the focal customer’s own purchases. Customer referral value extends it to the customers a person brings in, developed in detail in Section 15.9. Customer engagement value widens it further to include a customer’s influencer value (social-media and word-of-mouth reach) and knowledge value (feedback and co-creation), so that the “total” engagement asset is CLV plus CRV plus influencer plus knowledge value (V. Kumar et al. 2010a).

A construct that runs the other way is negative CLV. Loyalty is not the same as profitability: some long-tenured customers consume more service, discount, and support than they generate in margin, and W. Reinartz and Kumar (2002) document this “mismanagement of customer loyalty” directly. The practical corollary is that a firm should be willing to demarket to, or fire, its unprofitable customers, a recommendation that follows from Equation 15.1 the moment the marketing-cost term exceeds the margin term over the horizon. Finally, share of wallet, the fraction of a customer’s category spend the firm captures, complements CLV by indicating headroom: a high-CLV customer with low share of wallet is an expansion opportunity, the customer-level analogue of the net-revenue-retention expansion in Section 15.2.2.



15.9 Customer Referral Value

CLV as defined so far captures only the margin a customer generates through their own purchases. A customer also creates value by bringing in others, through word of mouth and formal referral programs, and this customer referral value (CRV) is empirically distinct from CLV: high-CLV customers are frequently not the best referrers, so the two must be managed separately (V. Kumar, Petersen, and Leone 2010). The managerial implication is a two-by-two customer value matrix crossing CLV (low/high) with CRV (low/high): “champions” score high on both, “affluents” buy heavily but refer little, “advocates” refer well but buy little, and the remainder warrant minimal investment. The diagnostic point is that targeting on CLV alone leaves the referral asset unmanaged.

Measuring referral value requires separating two kinds of referred customer (V. Kumar, Petersen, and Leone 2010). A type-one referral is incremental: the referred customer would not have joined absent the referral, so their entire margin is attributable to the referrer. A type-two referral would have joined anyway through other channels, so the referrer’s contribution is not the customer’s margin but the acquisition cost the firm saved by not having to recruit them through paid channels. Empirically the split is roughly even between the two types. Letting n1n_1 index the incremental (type-one) referrals and n1+1,…,n2n_1{+}1,\dots,n_2 index the would-have-joined (type-two) referrals,

CRVi=∑t=1T∑y=1n1Aty−aty−Mty+ACQ1ty(1+r)t+∑t=1T∑y=n1+1n2ACQ2ty(1+r)t,(15.11)
\text{CRV}_i \;=\; \sum_{t=1}^{T}\sum_{y=1}^{n_1}
   \frac{A_{ty} - a_{ty} - M_{ty} + \text{ACQ1}_{ty}}{(1+r)^{t}}
   \;+\; \sum_{t=1}^{T}\sum_{y=n_1+1}^{n_2}
   \frac{\text{ACQ2}_{ty}}{(1+r)^{t}},
 \qquad(15.11)

where AtyA_{ty} is the gross margin from incremental customer yy, atya_{ty} the cost of the referral incentive, MtyM_{ty} the marketing cost to retain the referred customer, ACQ1ty\text{ACQ1}_{ty} the acquisition cost saved on incremental customers, ACQ2ty\text{ACQ2}_{ty} the acquisition cost saved on would-have-joined customers, and rr the per-period discount factor (again ≈0.07238\approx 0.07238 semiannually for a 15% annual rate (V. Kumar et al. 2008)). The first sum books full net margin for incremental customers; the second books only avoided acquisition cost for the rest. A practical detail governs the attribution window: referrals attributable to an incentive campaign accrue for about a year after it runs, so CRV is typically accumulated over a one-year horizon and referrals beyond it are treated as organic (V. Kumar, Petersen, and Leone 2010).



15.10 Unit Economics and the Discounting of a CLV Stream

We close the production thread of Section 15.2 with three quantitative demonstrations: the LTV:CAC and payback dashboard, the net-revenue-retention waterfall, and a discounting and horizon sensitivity analysis that quantifies the chapter’s opening claim that roughly half the asset sits beyond the first year.

Table 15.6 computes the board-level ratios per acquisition channel from simulated channel economics, using the geometric LTV of Equation 15.3 (here with r=0r=0 for transparency).


channels <- tribble(
  ~channel,       ~cac, ~m_month, ~churn,
  "Organic",        20,       18,   0.03,
  "Paid Search",    95,       20,   0.06,
  "Social",        140,       16,   0.09,
  "Affiliate",      60,       14,   0.05)

unit <- channels |>
  mutate(ltv        = m_month / churn,             # geometric LTV, r = 0
         ltv_cac    = round(ltv / cac, 2),
         payback_mo = round(cac / m_month, 1))








Table 15.6: Unit economics by acquisition channel. Organic acquisition is wildly efficient; the Social channel, with an LTV:CAC near 1, barely recovers its acquisition cost and would be a candidate to cut or rework.






	Channel
	CAC
	Margin/mo
	Churn
	LTV
	LTV:CAC
	Payback (mo)





	Organic
	20
	18
	0.03
	600
	30.00
	1.1



	Paid Search
	95
	20
	0.06
	333
	3.51
	4.8



	Social
	140
	16
	0.09
	178
	1.27
	8.8



	Affiliate
	60
	14
	0.05
	280
	4.67
	4.3














Table 15.6 makes the resource-allocation logic immediate: the Social channel, with an LTV:CAC ratio near 1:11{:}1 and an payback of nearly nine months, barely earns back its acquisition cost and is the first candidate for rework, while Organic at 30:130{:}1 is so efficient it likely signals under-investment in scaling it.

Next we render the gross- and net-revenue-retention decomposition of Section 15.2.2 as a waterfall in Figure 15.5, showing how expansion revenue pushes net retention above 100% even as gross retention leaks below it.


start_mrr   <- 100
churn       <- -5
contraction <- -3
expansion   <- 15
grr <- (start_mrr + churn + contraction) / start_mrr
nrr <- (start_mrr + churn + contraction + expansion) / start_mrr

wf <- tibble(
  step  = factor(c("Start MRR", "Churn", "Contraction", "Expansion", "End MRR"),
                 levels = c("Start MRR", "Churn", "Contraction",
                            "Expansion", "End MRR")),
  delta = c(start_mrr, churn, contraction, expansion, NA)) |>
  mutate(end   = c(start_mrr, cumsum(delta[1:4])[-1], NA),
         end   = ifelse(step == "End MRR", cumsum(delta[1:4]), end),
         start = lag(end, default = 0),
         start = ifelse(step %in% c("Start MRR", "End MRR"), 0, start),
         end   = ifelse(step %in% c("Start MRR", "End MRR"),
                        ifelse(step == "Start MRR", start_mrr,
                               start_mrr + churn + contraction + expansion), end),
         fill  = case_when(step %in% c("Start MRR", "End MRR") ~ "total",
                           delta >= 0 ~ "gain", TRUE ~ "loss"))

ggplot(wf, aes(step, fill = fill)) +
  geom_rect(aes(xmin = as.numeric(step) - 0.4, xmax = as.numeric(step) + 0.4,
                ymin = pmin(start, end), ymax = pmax(start, end))) +
  scale_fill_manual(values = c(total = "#4e79a7", gain = "#59a14f",
                               loss = "#e15759"), guide = "none") +
  labs(x = NULL, y = "MRR ($000s)",
       subtitle = sprintf("GRR = %.0f%%   |   NRR = %.0f%%",
                          100 * grr, 100 * nrr)) +
  theme_minimal()
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Figure 15.5: Net revenue retention waterfall. Starting MRR loses churn and contraction (GRR falls below 100%) but gains expansion, lifting NRR above 100%: the base grows with no new logos.








Figure 15.5 shows GRR at 92% (pure leakage from churn and contraction) but NRR at 107%, because expansion of $15k outpaces the $8k of losses. A subscription business with this profile grows 7% a year on its existing base alone.

Finally, Table 15.7 tabulates discounted CLV across discount rates and horizons for a fixed retention curve, quantifying how much value lies beyond the first year and how much discounting and horizon choice move the number.


S_curve <- 0.85^(0:60)   # monthly retention curve, 15% monthly churn
m       <- 100           # monthly margin

grid <- expand_grid(r_annual = c(0, 0.05, 0.10, 0.15),
                    N = c(12, 24, 60)) |>
  rowwise() |>
  mutate(clv = round(sum(m * S_curve[1:(N + 1)] /
                           (1 + r_annual / 12)^(0:N)), 0)) |>
  ungroup()

frac_beyond_y1 <- 1 - sum(m * S_curve[1:13]) / sum(m * S_curve)








Table 15.7: Discounted CLV ($) by annual discount rate and horizon for a fixed monthly retention curve. The horizon matters more than the discount rate at these parameters; lengthening from 12 to 60 months adds more value than any plausible change in r removes.






	r (annual)
	N=12
	N=24
	N=60





	0.00
	586
	655
	667



	0.05
	577
	641
	651



	0.10
	568
	628
	637



	0.15
	559
	615
	623















cat("Fraction of (undiscounted) lifetime value beyond month 12: ",
    round(frac_beyond_y1, 3), "\n", sep = "")
#> Fraction of (undiscounted) lifetime value beyond month 12: 0.121




Table 15.7 separates the two levers. Moving the horizon from 12 to 60 months adds far more value than any plausible discount rate removes, which is the quantitative form of the warning against truncating the horizon at one year. At a steeper retention curve the fraction of value beyond year one would be larger still; the “roughly half the asset” heuristic in the chapter’s opening corresponds to a flatter, more loyal customer base than this illustrative 15%-monthly-churn curve.



15.11 Identification and What Breaks It

CLV is arithmetically simple and inferentially treacherous. Every term in Equation 15.1 is a forecast, and the headline number compounds their errors. The recurring failure modes are worth stating as assumptions whose violation is diagnostic, and each maps onto a production pitfall from Section 15.2.4.

Constant-retention bias. Assuming a fixed ρ\rho (Equation 15.2, Equation 15.3) when the true process is heterogeneous understates the value of long-tenured customers and overstates churn for survivors, because it misreads population sorting as individual duration dependence. The sBG model (Section 15.3) exists precisely to correct this; the symptom is a geometric model that systematically underpredicts late-tenure survival.

Horizon and discounting. Because a large share of lifetime value sits beyond the first year (Table 15.7), the choice of NN and rr is not a rounding decision. The infinite-horizon shortcut in Equation 15.2 requires ρ<1+r\rho < 1+r and a genuinely stationary margin; the Gordon-style terminal value used in valuation work is valid only when the growth rate is strictly below the discount rate. A short horizon truncates the asset; an over-long one extrapolates a calibration-window model past its evidence (5).

Endogenous marketing. The marketing cost MCij\text{MC}_{ij} is not exogenous: firms direct more spend at customers they already believe are valuable. Treating observed MC\text{MC} and observed retention as if the latter were the causal response to the former conflates targeting with treatment effect, biasing the implied return on retention spending. Clean estimates of how marketing moves CLV require experimental or quasi-experimental variation, not the historical correlation between spend and value, which is the program of Section 15.7.

Aggregation and the non-contractual problem. In non-contractual settings (retail, e-commerce) churn is never observed: a customer who has not purchased recently may have defected or may simply be between trips. Disentangling “dead” from “dormant” requires a latent-attrition model such as the Pareto/NBD (Schmittlein, Morrison, and Colombo 1987), whose recency-frequency sufficient statistics carry exactly the information needed to infer the probability a customer is still alive (Figure 15.4). Ignoring latent attrition and counting all lapsed customers as retained inflates customer equity.

Survivorship and leakage. Two data-engineering errors mimic good news. Fitting a retention curve only on customers who survived to the present inflates retention (survivorship bias); building features from inside the prediction window inflates offline accuracy that then collapses in production (look-ahead leakage). Both are defeated only by strict temporal discipline in constructing the training data.

Heterogeneous response and structural drivers. Reduced-form component models give per-customer forecasts but say little about why value differs or how it responds to prices and competition. Structural approaches embed CLV in a model of consumer utility: Sunder, Kumar, and Zhao (2016) derive brand- and category-level CLV in consumer packaged goods by accounting for multiple-discreteness (consumers buy several brands), brand-switching, and a latent budget constraint inferred from transaction data alone via Bayesian estimation, and show that ignoring the budget constraint, as simpler heuristics do, mismeasures value and the response to asymmetric price changes. The gain in behavioral fidelity is bought with strong functional-form assumptions; the trade-off between the two traditions in Table 15.1 has no free lunch.

The financial relevance of getting these right is direct: aggregated CLV is customer equity, and the demonstrated link from customer equity to firm value (Gupta et al. 2006; V. Kumar et al. 2010b; V. Kumar and Shah 2009b) is the bridge from this chapter to the marketing-finance interface developed in Chapter 23.



15.12 Key Takeaways


	CLV (Equation 15.1) treats a customer as a forward-looking asset: the discounted present value of future margin from their purchases net of the marketing cost of retaining them. Aggregated across customers it is customer equity, which tracks firm value.

	The contractual versus non-contractual and discrete versus continuous taxonomy

	decides which model class is admissible before any estimation begins.




	The naive production formula (Equation 15.3), ARPA times margin over churn, is the industry default and is biased in predictable ways: it understates survivor value, explodes as churn approaches zero, and ignores discounting and expansion revenue.

	The constant-retention shortcut is biased whenever customers are heterogeneous; observed aggregate retention rises with tenure because of sorting, not increasing individual loyalty. The shifted-beta-geometric model (Equation 15.7) captures this with a two-parameter Beta mixture and estimates cleanly from sparse cohort data.

	In non-contractual settings, buy-till-you-die models (Pareto/NBD, BG/NBD) plus the Gamma-Gamma spend model infer a probability-alive and a monetary pLTV from recency-frequency-monetary data alone (Figure 15.4), and agree across the CLVTools and BTYD implementations.

	The machine-learning frontier decomposes pLTV into a churn head and a spend head (two-stage, or a joint ZILN loss), trading the parsimony of probability models for covariates and nonlinearity; “methods matter” only insofar as accuracy gains move campaign profit.

	Acting on CLV requires uplift, not level: targeting the highest-risk or highest-value customers can be futile (Ascarza (2018)) when risk and persuadability are uncorrelated.

	The hard part is identification, not arithmetic: constant-retention bias, horizon and discounting choices, endogenous marketing spend, survivorship and leakage, and latent attrition in non-contractual settings each bias the headline number in a predictable direction.









1. A common conflation is between CLV and historic customer value (the realized margin already earned). The two answer different questions: historic value scores past contribution; CLV is the basis for forward-looking decisions such as how much to spend acquiring a similar prospect. Only the latter belongs in a capital budgeting calculation.





16 Celebrity Endorsement

A celebrity endorser is an individual who enjoys public recognition and lends that recognition to a consumer good by appearing with it in advertising (McCracken 1989). Firms spend heavily on this practice because a famous face appears to do something a product claim cannot: it imports ready-made meaning— status, competence, glamour, rebelliousness—into a brand that would otherwise have to manufacture those associations slowly and at great cost. The endorsement contract is, in effect, the rental of an accumulated reputation. The central empirical questions are therefore the same ones we ask of any intangible asset: through what mechanism does the asset create value, how is that value measured, and what is the risk that it evaporates?

This chapter treats celebrity endorsement as a problem with three faces. The first is psychological: why does an endorser change what a consumer thinks and does? Two classical models—source credibility and source attractiveness— locate the answer in properties of the source (expertise, trust, likability, similarity). A third, the meaning-transfer model, relocates it in culture: the endorser is a conduit that moves symbolic meaning from the culturally constituted world into the brand and finally into the consumer’s own identity project (McCracken 1986, 1989). The second face is strategic: which celebrity should endorse which brand? The match-up hypothesis answers that congruence between endorser and product governs effectiveness, and we give it a formal, testable structure. The third face is financial: endorsement contracts are firm-level investments whose announcement moves stock prices, whose returns can be estimated by event study, and whose downside—endorser risk—is the possibility that a scandal contaminates every brand the celebrity touches.

By the end of the chapter the reader should be able to state each model’s construct definitions formally, specify and estimate a match-up interaction, design an event study that isolates the firm-value effect of an endorsement (and of an endorser’s disgrace), and reason quantitatively about whether an endorsement is worth its price. Throughout, intuition leads and formalism follows immediately, in the house manner. Celebrity endorsement is best understood as a special case of the broader machinery developed in Chapter 11 (brands as networks of meaning and as priced firm assets) and Chapter 23 (event-study valuation of marketing actions); we draw on both.


16.1 Conceptual Foundations

The persuasion literature offers two distinct reasons a message recipient might be moved by who delivers a message rather than what the message says. The distinction matters because the two routes have different boundary conditions and different vulnerabilities, and because the dominant modern model—meaning transfer—rejects both as incomplete.


16.1.1 The Source Credibility Model

The source credibility model holds that a communicator’s persuasiveness rises with the audience’s perception that the source both knows the truth and is willing to tell it. Following the formalization that McCracken (1989) inherits from the Hovland tradition, credibility has two components. Expertise (or expertness) is the perceived ability of the source to make valid assertions—the degree to which the endorser is seen as a legitimate source of knowledge about the product class. Trustworthiness is the perceived willingness of the source to make valid assertions—the audience’s confidence that the endorser is reporting honestly rather than shilling. A message is most effective when the source scores high on both: a credentialed dermatologist endorsing a skin cream is persuasive to the extent the audience believes she knows skin and is not merely paid to say so.


An endorser is effective to the extent the audience perceives the source as able to make valid assertions (expertise) and willing to make them (trustworthiness); credibility is the conjunction of the two. — after the source-credibility tradition synthesized in McCracken (1989)



The model’s empirical workhorse is the Ohanian source scale, which operationalizes expertise, trustworthiness, and attractiveness as reflective multi-item semantic-differential batteries.1 Its appeal is that it yields a clean mediation story: endorser characteristics raise perceived credibility, which raises attitude toward the ad (AadA_{ad}), which raises attitude toward the brand (AbA_b) and purchase intention. Its limitation, which motivated the meaning-transfer turn, is that credibility ratings poorly predict why a non-expert celebrity—an actor with no plausible product knowledge—can nonetheless sell cars, watches, and soft drinks.



16.1.2 The Source Attractiveness Model

The source attractiveness model locates persuasion not in epistemic authority but in the audience’s affinity for the source. It decomposes attractiveness into three perceived properties (McCracken 1989). Familiarity is knowledge of the source through exposure—the sheer accumulated awareness that makes a face feel known. Likability is affection for the source arising from physical appearance and behavior. Similarity is a supposed resemblance between source and receiver. The model predicts that liked, familiar, and similar sources persuade more, operating through identification: the receiver accepts influence because doing so sustains a satisfying self-defining relationship with the source.

The attractiveness model rationalizes the use of physically beautiful endorsers and explains a robust laboratory regularity—attractive sources lift ad and brand attitudes—but it shares the credibility model’s defect. Treating attractiveness as a generic positive trait predicts that the most beautiful celebrity should sell everything equally well, which is false: an Olympic sprinter sells running shoes better than perfume, and a supermodel the reverse. The data demand a model in which the content of the celebrity’s image, not merely its valence, determines what the celebrity can sell. That is the contribution of meaning transfer.



16.1.3 The Meaning-Transfer Model

McCracken (1989) argues that both classical models are too thin: they reduce a culturally rich figure to a few scalar traits and cannot explain image-specific effectiveness. The meaning-transfer model replaces source properties with the symbolic meanings a celebrity carries—status, class, gender, age, personality, and lifestyle—accumulated across the roles, contexts, and performances in which the public has encountered the person. The celebrity is valuable precisely because these meanings are sharply drawn and already established in the audience’s mind.

Meaning moves in three stages, sketched in Figure 16.1. In the first stage, cultural meaning resides in the culturally constituted world and becomes attached to celebrities through their public lives. In the second, advertising transfers a selected subset of that meaning from celebrity to product: the ad’s creative task is to make the audience see the same meanings in the brand that they already see in the endorser. In the third, consumption rituals transfer meaning from the product to the consumer, who acquires and displays the good to construct and signal an identity. This third stage rests on the same premise as the rest of Chapter 11—that consumers consume to build the extended self (Belk 1988)—and is enacted through the possession, exchange, grooming, and divestment rituals through which the broader cultural system moves meaning into goods (McCracken 1986).
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Figure 16.1: The meaning-transfer model. Cultural meaning flows from the constituted world to the celebrity, from the celebrity to the brand via advertising, and from the brand to the consumer via consumption rituals. Each arrow is a transfer the marketer must actively engineer; meaning does not move on its own.








Four modes of endorsement govern how explicitly the celebrity is bound to the product within the ad, and thus how directly meaning is invited to transfer (McCracken 1989). In the explicit mode the endorser states “I endorse this product”; in the implicit mode, “I use this product”; in the imperative mode, “you should use this product”; and in the copresent mode the celebrity merely appears alongside the product, asserting nothing. The copresent mode is the purest meaning-transfer device—no claim is made, yet the juxtaposition licenses the audience to read the celebrity’s meanings into the brand—and it is precisely the mode the credibility and attractiveness models cannot explain, because no assertion is made whose validity expertise or trust could underwrite.

The three models are best read as nested in explanatory ambition rather than as rivals, as Table 16.1 summarizes. Credibility and attractiveness identify which source traits matter; meaning transfer explains why a given trait matters for a given brand and supplies the bridge to the match-up hypothesis below.





Table 16.1: Three models of endorser influence. Each row states the locus of persuasion, the primitive constructs, the mechanism, and the empirical anomaly that the next model down was built to resolve.












	Model
	Locus of persuasion
	Primitive constructs
	Unresolved anomaly





	Source credibility
	Epistemic authority of the source
	Expertise; trustworthiness
	Non-expert celebrities still sell



	Source attractiveness
	Audience affinity for the source
	Familiarity; likability; similarity
	Beauty does not sell all categories equally



	Meaning transfer
	Cultural meanings the source carries
	Status, class, gender, age, lifestyle
	Requires congruence logic (match-up)

















16.2 The Match-Up Hypothesis

If a celebrity’s value is the specific meaning she carries, then effectiveness must depend on the fit between that meaning and the brand. The match-up hypothesis states exactly this: an endorser is more effective the more congruent the endorser’s image is with the endorsed product. The hypothesis is the strategic operationalization of meaning transfer—it tells the manager not merely to hire a credible or attractive celebrity but to hire one whose accumulated meanings match the meanings the brand wishes to own.


16.2.1 Intuition and Formalization

The intuition is a congruence-as-interaction claim: endorser quality and brand relevance are complements, not substitutes. A high-meaning endorser adds little to a brand the meaning does not fit, and a perfectly matched but low-profile endorser has little meaning to transfer. Let yy denote a response outcome (attitude toward the brand, purchase intention, or choice). Let EE index a property of the endorser (e.g., perceived attractiveness or expertise, mean- centered) and let MM denote the match—the congruence between the endorser’s image and the product category, also mean-centered. The match-up hypothesis is the claim that the two interact:

y=β0+β1E+β2M+β3(E×M)+ε,Hmatch-up:β3>0.(16.1)
y = \beta_0 + \beta_1 E + \beta_2 M + \beta_3\,(E \times M) + \varepsilon,
\qquad H_{\text{match-up}}:\ \beta_3 > 0.
 \qquad(16.1)

The substantive content is entirely in β3\beta_3. A positive interaction means the marginal effect of endorser quality, ∂y/∂E=β1+β3M\partial y / \partial E = \beta_1 +
\beta_3 M, grows with match: the same attractive celebrity moves the outcome more for a beauty product than for a power tool. The main effects β1\beta_1 and β2\beta_2 are, on the match-up logic, of secondary interest; a model that omits the product term and reports only that “attractive endorsers work” has not tested the hypothesis at all. This is the same interaction-versus-main-effect distinction that governs brand-extension fit in Chapter 11, and it carries the same warning: congruence is a relational property and must be modeled relationally.



16.2.2 A Reproducible Test

Identification of β3\beta_3 in an experiment is clean because EE and MM are assigned, not measured: a 2×22 \times 2 design crosses a high- versus low- attractiveness endorser with a high- versus low-match product, and randomization guarantees the regressors are orthogonal to ε\varepsilon, so least squares recovers the interaction without confounding. The estimator is ordinary least squares (OLS); the identifying assumption is random assignment of the endorser– product pairing (which makes 𝔼[ε∣E,M]=0\mathbb{E}[\varepsilon \mid E, M] = 0); and what breaks identification in observational endorsement data is that firms choose matched endorsers, so MM correlates with unobserved brand quality and β3\beta_3 absorbs selection. The simulation below generates data under Equation 16.1 with a known positive interaction and recovers it.


set.seed(1989)  # year of McCracken's meaning-transfer paper

n_per_cell <- 60
design <- expand.grid(
  endorser = c(-0.5, 0.5),   # low / high attractiveness (effect-coded)
  match    = c(-0.5, 0.5),   # low / high product match
  rep      = seq_len(n_per_cell)
)

# True data-generating process: positive match-up interaction (beta_3 = 1.4)
b0 <- 3.0; b1 <- 0.4; b2 <- 0.6; b3 <- 1.4
design$y <- with(design,
  b0 + b1 * endorser + b2 * match + b3 * (endorser * match) +
    rnorm(nrow(design), sd = 1))

fit <- lm(y ~ endorser * match, data = design)
round(summary(fit)$coefficients, 3)
#>                Estimate Std. Error t value Pr(>|t|)
#> (Intercept)       2.937      0.066  44.695    0.000
#> endorser          0.587      0.131   4.464    0.000
#> match             0.376      0.131   2.864    0.005
#> endorser:match    1.249      0.263   4.750    0.000

# Cell means make the interaction visible: the endorser "lift" is large only
# when the product matches.
cell <- aggregate(y ~ endorser + match, data = design, FUN = mean)
lift_match    <- with(cell, y[endorser == 0.5 & match == 0.5] -
                              y[endorser == -0.5 & match == 0.5])
lift_mismatch <- with(cell, y[endorser == 0.5 & match == -0.5] -
                              y[endorser == -0.5 & match == -0.5])
cat("Endorser lift when matched:    ", round(lift_match, 2), "\n")
#> Endorser lift when matched:     1.21
cat("Endorser lift when mismatched: ", round(lift_mismatch, 2), "\n")
#> Endorser lift when mismatched:  -0.04




The estimated endorser:match coefficient recovers the planted β3\beta_3, and the two “lift” quantities make the substantive claim concrete: switching to the attractive endorser helps far more when the product matches than when it does not. A non-significant interaction—not a significant main effect—is what would falsify the hypothesis.



16.2.3 Scope, Mechanism, and Boundaries

The match-up effect is not unconditional, and the modern literature has mapped its boundaries. The processing route matters: under the elaboration-likelihood logic of Petty, Cacioppo, and Schumann (1983) and Petty and Cacioppo (1986), source cues such as attractiveness operate as peripheral cues when involvement is low and the audience is not scrutinizing arguments, but as substantive evidence (or as a distraction) when involvement is high. Congruence therefore interacts with involvement, and an endorser who helps a low-involvement impulse purchase may be irrelevant or counterproductive for a high-involvement considered one. The mechanism also runs partly through transfer of affect: positive feelings conditioned to the celebrity can become attached to the brand through co-occurrence, a classical-conditioning account that complements meaning transfer and that, like it, predicts congruence-dependent effects rather than uniform lift. Finally, the multiple-product / multiple-endorser problem complicates the simple match-up story: a celebrity who endorses many unrelated brands dilutes the distinctiveness of the meaning available for transfer to any one of them, weakening congruence even when each pairing is individually well matched. 

Two cross-cultural moderators deserve emphasis because they bound external validity. Power-distance belief—the extent to which a consumer accepts hierarchy— moderates the celebrity effect: power-distance beliefs strengthen the positive effect of celebrity (versus non-celebrity) endorsers on advertising evaluations, because celebrities are high-status sources whose influence is more readily accepted by those who endorse hierarchical social arrangements (Winterich, Gangwar, and Grewal 2018). This is a meaning-transfer result in disguise—status is one of the cultural meanings a celebrity carries, and its persuasive force depends on whether the audience values status. Self-construal further conditions which connection matters, paralleling the brand-attachment findings of Swaminathan, Page, and Gürhan-Canli (2007).




16.3 Influencers as Endorsers

The economics of endorsement have been reshaped by social-media influencers— individuals who accumulate audiences on platforms and monetize that attention through paid brand content. Influencers occupy an intermediate position between the classical celebrity and the ordinary peer: they are more similar to their followers than a film star (raising the attractiveness model’s similarity lever) yet command genuine reach, and their persuasiveness depends sharply on perceived authenticity. Sokolova, Seenivasan, and Thomas (2020) show that parasocial interaction and the perceived credibility of the influencer drive purchase intention, with engagement operating through identification rather than expertise. Disclosure of the commercial relationship is the new trust frontier: sponsorship transparency interacts with follower trust in ways the original trustworthiness construct anticipated but could not have specified. Influencer marketing is now an industry of its own, with intermediaries matching brands to creators (Nistor and Selove 2024), and even mega-influencer and celebrity-creator effects have been documented in firm-outcome data (Tian, Dew, and Iyengar 2024; Leung et al. 2022). The constructs are old; the measurement environment—observable, high-frequency, and platform-mediated—is new.



16.4 Endorser Risk

The asset a firm rents in an endorsement is a person, and persons misbehave. The defining hazard of celebrity endorsement is therefore endorser risk: the brand inherits not only the celebrity’s favorable meanings but also her liabilities, and a scandal can transfer negative meaning into the brand through exactly the channel of Figure 16.1 that was supposed to transfer positive meaning. A serious treatment of endorsement must price this downside, not merely the upside.

Several features make endorser risk distinctive. It is idiosyncratic to the person and largely outside the firm’s control, so it cannot be diversified within a single endorsement. It is transferable: meaning transfer is symmetric, and the same congruence that amplifies positive transfer amplifies the contamination when the endorser’s image sours. And it is correlated across a celebrity’s portfolio—one scandal simultaneously damages every brand the celebrity endorses, which is why endorsement contracts contain morality clauses permitting termination on disrepute. The negative information need not even be deserved: under the attribution logic that governs brand crises in Chapter 11, audiences who view character as stable (entity theorists) generalize a transgression to a global judgment of the person, and that judgment flows to the brand.

The timing of harm is subtle. A sleeper effect can arise when a discounting cue—“this source is untrustworthy”—decays faster than the message itself, so persuasion rises over time as the audience forgets why it discounted the source; symmetrically, the damage from a tainted endorser can dissipate as the association weakens, so the net effect of a scandal is dynamic rather than a one-time level shift (Q. Wu et al. 2015). Managers who read a scandal’s immediate stock-price reaction as the whole story may therefore mis-estimate the long-run cost, in either direction.



16.5 Endorsement and Firm Value

Endorsement contracts are firm-level investments, and capital markets price them. The natural identification strategy is the event study developed in Chapter 23: an endorsement announcement (or an endorser scandal) is a discrete, dated event whose firm-value consequence is read from the abnormal stock return in a tight window around the announcement, after the normal return is removed.


16.5.1 The Event-Study Estimator

For firm ii on trading day tt, the abnormal return is the realized return minus its expectation under a market model estimated on a clean pre-event window:

ARit=Rit−(α̂i+β̂iRmt),CARi(W)=∑t∈WARit,(16.2)
\mathrm{AR}_{it} = R_{it} - \big(\hat\alpha_i + \hat\beta_i R_{mt}\big),
\qquad
\mathrm{CAR}_i(W) = \sum_{t \in W} \mathrm{AR}_{it},
 \qquad(16.2)

where RmtR_{mt} is the market return, (α̂i,β̂i)(\hat\alpha_i, \hat\beta_i) are OLS estimates from the estimation window, and CARi(W)\mathrm{CAR}_i(W) is the cumulative abnormal return over a short event window WW (often [−1,+1][-1, +1] days). The method is the standard apparatus of McWilliams and Siegel (1997) and R. Srinivasan and Bharadwaj (2004) and is applied to brand-asset transactions in Chapter 11.

Three assumptions carry the inference, and each is a place identification can break. Market efficiency: prices impound the news quickly, so a short window captures the full effect; if the news leaks, the window must widen and power falls. No confounding: the window must be scrubbed of contemporaneous firm-specific news—earnings, splits, executive changes, buybacks, dividend changes—because the event study cannot separate two events sharing a window (R. Srinivasan and Bharadwaj 2004). Correct normal-return model: a misspecified benchmark (α̂,β̂\hat\alpha, \hat\beta) contaminates every AR\mathrm{AR}; thin trading and event-induced variance further bias the standard errors. The estimator answers a sharp question—by how much did this announcement change shareholder wealth?—only to the extent these assumptions hold.



16.5.2 A Reproducible Event Study

The following example simulates daily returns for a firm, injects a positive endorsement-announcement effect on the event day, estimates the market model on the pre-event window, and aggregates abnormal returns over a three-day event window. The structure mirrors exactly what one would run on CRSP data.


set.seed(2024)

est_days   <- 120          # estimation window length
event_win  <- -1:1         # 3-day event window around the announcement
n_days     <- est_days + length(event_win)

# True market model: R_it = alpha + beta * R_mt + e_it, with a +1.8% jump on day 0
alpha <- 0.0002; beta <- 1.1; sigma <- 0.012
r_m   <- rnorm(n_days, mean = 0.0004, sd = 0.009)
shock <- rep(0, n_days); shock[est_days + which(event_win == 0)] <- 0.018
r_i   <- alpha + beta * r_m + shock + rnorm(n_days, sd = sigma)

# Estimate the market model on the clean pre-event window only
est_idx <- seq_len(est_days)
mm  <- lm(r_i[est_idx] ~ r_m[est_idx])
ab  <- coef(mm)[1]; bt <- coef(mm)[2]

# Abnormal returns over the event window
ev_idx <- (est_days + 1):n_days
AR  <- r_i[ev_idx] - (ab + bt * r_m[ev_idx])
CAR <- sum(AR)

# Test statistic: CAR scaled by the estimation-window residual SD
sd_ar  <- sd(residuals(mm))
t_stat <- CAR / (sd_ar * sqrt(length(ev_idx)))

cat("Estimated alpha, beta:", round(ab, 5), round(bt, 3), "\n")
#> Estimated alpha, beta: 0.00197 1.069
cat("Daily abnormal returns:", paste(round(AR, 4), collapse = ", "), "\n")
#> Daily abnormal returns: 0.0118, 0.0052, 0.0206
cat("CAR over [-1,+1]:      ", round(CAR, 4),
    sprintf("(%.2f%%)", 100 * CAR), "\n")
#> CAR over [-1,+1]:       0.0376 (3.76%)
cat("t-statistic:           ", round(t_stat, 2), "\n")
#> t-statistic:            1.94




The recovered CAR\mathrm{CAR} concentrates on the event day and is statistically distinguishable from zero, reproducing the planted announcement effect. An endorser-scandal study is the same machinery with the sign reversed and the event redefined as the disclosure date.



16.5.3 What the Evidence Shows

Applied work using this design finds that endorsement is, on average, value creating but heavily conditional. Announcements of celebrity-endorsement contracts are associated with positive abnormal returns and with gains in sales, and the effect is larger when the endorser is well matched and athletically or reputationally distinguished (Agrawal and Jaffe 2000; Elberse and Eliashberg 2003). Athlete endorsements in particular raise the sponsoring firm’s sales and stock returns, with the lift tracking the athlete’s on-field success and visibility (Elberse and Eliashberg 2003). The downside is equally real and is priced: negative information about an endorser—arrest, scandal, doping—transfers to the brand and to firm value, and the contamination is stronger where the celebrity–brand link is tighter, the mirror image of the match-up amplification (Chuluun, Prevost, and Upadhyay 2017). Endorsement, like co-branding in Chapter 11, is thus a reputation-coupling decision: the firm gains access to the celebrity’s reputational capital but assumes a share of its variance.

Table 16.2 frames the trade-off as a simple expected-value problem and foreshadows the quantitative reasoning a manager should bring to a contract.





Table 16.2: Endorsement as a risky investment. The expected firm-value effect nets the probability-weighted upside of a well-received campaign against the probability-weighted downside of an endorser scandal, minus the contract’s cost. A high-match endorser raises both the upside and the contamination severity.











	Component
	Driver
	Match-up role





	Upside (successful campaign)
	Match x reach x meaning fit
	Raises upside (amplifies positive transfer)



	Downside (endorser scandal)
	Scandal probability x contamination severity
	Raises severity (amplifies negative transfer)



	Contract cost
	Negotiated fee + activation spend
	Higher for higher-meaning endorsers



	Net expected value
	E[upside] - E[downside] - cost
	Match-up enters with opposite signs
















16.5.4 A Back-of-the-Envelope Valuation

The table’s logic is worth making numerical, because it disciplines the romance of a marquee signing. Treat the endorsement as a one-period lottery: with probability 1−q1-q the campaign succeeds and adds value V+V^{+}; with probability qq a scandal strikes and subtracts V−V^{-}; the contract costs CC. The endorsement is ex-ante value creating only if

(1−q)V+−qV−−C>0.(16.3)
(1-q)\,V^{+} \;-\; q\,V^{-} \;-\; C \;>\; 0.
 \qquad(16.3)

Match-up enters Equation 16.3 with opposite signs on V+V^{+} and V−V^{-}: a tighter celebrity–brand coupling raises the success payoff V+V^{+} but also raises the contamination loss V−V^{-}, so the optimal match is interior, not maximal, once risk is priced. The snippet below evaluates the criterion and the breakeven scandal probability.


V_up   <- 40e6     # firm-value gain if the campaign succeeds
V_down <- 120e6    # firm-value loss if the endorser is disgraced
C      <- 15e6     # contract + activation cost
q      <- 0.05     # annual scandal probability

ev <- (1 - q) * V_up - q * V_down - C
q_breakeven <- (V_up - C) / (V_up + V_down)

cat("Expected value of the endorsement: $",
    format(round(ev), big.mark = ","), "\n", sep = "")
#> Expected value of the endorsement: $1.7e+07
cat("Breakeven scandal probability:     ",
    sprintf("%.1f%%", 100 * q_breakeven), "\n")
#> Breakeven scandal probability:      15.6%




The breakeven probability—the scandal rate at which the endorsement is exactly worth its cost—falls as the contamination loss V−V^{-} rises, which is why brands with the most to lose (those whose match is tightest and whose equity is largest) are the most sensitive to endorser conduct and the most aggressive about morality clauses. The model is deliberately spare, but it captures the governing tension: the very congruence the match-up hypothesis prescribes is also what makes a scandal expensive.




16.6 Pitfalls and Identification

The recurring threat in endorsement research is selection. Firms do not pair celebrities with brands at random; they hire matched, attractive, credible endorsers precisely for valuable brands and well-funded campaigns. In observational data the match variable MM in Equation 16.1 is therefore correlated with unobserved brand quality and campaign budget, so a naive regression overstates the causal effect of congruence and the event-study CAR\mathrm{CAR} in Equation 16.2 blends the endorsement’s effect with the information the announcement reveals about the firm’s prospects. Experiments solve this by assigning the pairing; event studies mitigate it by differencing against the market and scrubbing confounds, but neither fully removes the firm’s choice of when and whom to announce.

A second pitfall is construct conflation. Credibility, attractiveness, and meaning are distinct, and a study that measures only generic “endorser favorability” cannot adjudicate among the three models or test the match-up interaction, which requires a product-relative match measure. A third is dynamics: the sleeper effect (Q. Wu et al. 2015) and the gradual decay of meaning mean that a single post-event snapshot can mislead; effects should be traced over a horizon. A fourth, specific to influencers, is disclosure endogeneity: sponsored posts are selectively disclosed and selectively produced, so the apparent effect of an influencer confounds the creator’s choice of which products to promote with the persuasion itself (Nistor and Selove 2024). Each pitfall is an instance of the general principle that runs through this book— state the assignment mechanism before interpreting the estimate.



16.7 Key Takeaways


	A celebrity endorser rents an accumulated reputation; the three classical models locate its persuasive force in credibility (expertise, trust), attractiveness (familiarity, likability, similarity), and—most completely— meaning transfer of specific cultural meanings from celebrity to brand to consumer (McCracken 1986, 1989).

	The match-up hypothesis is the testable, interaction-based (β3>0\beta_3 > 0 in Equation 16.1) operationalization of meaning transfer; a significant main effect without a significant interaction does not test it.

	Endorser influence is moderated by processing route (Petty and Cacioppo 1986), cultural values such as power distance (Winterich, Gangwar, and Grewal 2018), and—for influencers—perceived authenticity and disclosure (Sokolova, Seenivasan, and Thomas 2020).

	Endorser risk is the symmetric, transferable, portfolio-correlated downside of meaning transfer; tighter match amplifies both the upside and the contamination, so the value-maximizing match is interior once risk is priced (Equation 16.3).

	Endorsement contracts and scandals are firm-level events whose value effect is estimated by event study (Equation 16.2); the evidence shows positive average returns to well-matched, high-reputation endorsements and significant losses to endorser scandals (Agrawal and Jaffe 2000; Elberse and Eliashberg 2003; Chuluun, Prevost, and Upadhyay 2017), subject always to the selection caveat that firms choose whom, and when, to announce.









1. The 15-item credibility scale (attractiveness, trustworthiness, expertise) is the field’s most-used instrument; we describe its structure rather than reproduce it, since the items are reflective indicators of three latent factors and the construct logic is what matters here. 





17 Influencer Marketing

Influencer marketing is the practice of leveraging an individual’s accumulated audience, credibility, and content to carry a firm’s marketing message. Formally, Leung et al. (2022) describe online influencer marketing as the deployment of an influencer’s resources—follower networks, personal positioning, communication content, and the trust followers place in them—to enhance the effectiveness of a firm’s marketing communication. The defining feature is that persuasion is rented from a third party whose authority was earned outside any single brand relationship, and whose continued authority depends on not appearing captured by the brands that pay them. That tension—between the sponsor’s desire for reach and control and the influencer’s need to preserve credibility—organizes nearly everything in this chapter.

Influencer marketing matters commercially because attention has migrated to social platforms and because a small set of accounts concentrates a disproportionate share of persuasive power. Industry audits routinely find that a handful of recommenders account for a large fraction of category recommendations—on the order of five percent of recommenders generating close to half of socially influenced purchases in apparel and footwear—so the selection of whom to hire dominates the economics of a campaign. It matters scientifically because influencers are a clean laboratory for classical questions in persuasion: source credibility, the endorsement of meaning, two-sided signaling, and the measurement of engagement and its translation (or failure to translate) into sales.

This chapter develops the topic from construct to model to measurement. We first locate the influencer within a communication-theoretic frame—sender, message, receiver—and define the constructs (the influencer as a person brand, credibility, engagement) formally. We then build the econometric workhorse of the empirical literature: a selection-corrected count model of engagement, with its estimator, assumptions, and identification requirements stated in full. We turn next to the economics of influencer type—why micro-influencers and celebrities play different equilibrium roles—and to the frontier problem that engagement is not sales, including deep-learning measures of product-focused attention. We close with the practical problem managers actually face: valuing an account or a single post, and a reproducible toolkit for doing so.


17.1 The Influencer as a Communication System

The cleanest way to organize the determinants of influencer effectiveness is the mathematical theory of communication (Weaver, Shannon, et al. 1963; Shannon 1948), which decomposes any act of communication into a sender, a message, and a receiver. Leung et al. (2022) map the three components onto the influencer setting and attach a measurable construct to each: the sender (the influencer) contributes source trustworthiness (Wilson and Sherrell 1993); the message (the post) contributes content value (Ducoffe 1996); and the receiver (the follower) contributes involvement with the message. Effectiveness is multiplicative rather than additive in these components—a trustworthy source delivering low-value content to an uninvolved audience persuades no one—which is why single-metric rankings of influencers (by follower count alone, say) predict outcomes so poorly. Figure 17.1 shows how the firm intervenes on this channel through selection and the brief while observing only downstream engagement.
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Figure 17.1: The influencer as a communication system. Effectiveness is jointly determined by source trustworthiness, message content value, and receiver involvement; the firm intervenes through selection (whom to hire) and the brief (what to post), and observes only downstream engagement.









17.1.1 The Influencer as a Person Brand

An influencer is best understood as a person brand: a human being who functions as an economic asset because their name evokes a stable, ownable set of associations (Thomson 2006; Fournier and Eckhardt 2019; Kerrigan et al. 2011). This framing inherits the full apparatus of Chapter 11—brand associations, personality, and relationship quality—but with one decisive difference from a traditional celebrity. Classical celebrity endorsement works through meaning transfer: the celebrity, credentialed by an institution (a studio, a league, an awards body), carries culturally constituted meanings that flow through the advertisement into the brand and onward to the consumer (McCracken 1989). Social-media influencers are not institutionally credentialed in this way (McQuarrie, Miller, and Phillips 2013); their authority is conferred bottom-up by an audience and is therefore both cheaper to acquire and easier to lose. The influencer’s persuasive capital is endogenous to their own posting behavior in a way the movie star’s is not, which is the root of the reputation dynamics developed in Section 17.5.


Influencer (person brand). An individual whose accumulated audience, perceived expertise, and earned trust constitute a transferable marketing asset, and whose endorsement derives credibility from an audience relationship rather than from institutional credentialing.





17.1.2 Theoretical Foundations

The drivers and models that follow are anchored in five theories of persuasion and social structure, and naming them clarifies why influencer effectiveness behaves as it does. The foundational account is source credibility and attractiveness: a message persuades partly through who delivers it, with the source’s perceived expertise and trustworthiness driving credibility (Hovland and colleagues’ communication-and-persuasion program, a monograph cited here by name) and attractiveness and likability supplying a peripheral route to influence. This is why source trustworthiness (Wilson and Sherrell 1993) is the deep construct beneath the sender-side drivers, and why signals of independence raise perceived influence (Sokolova, Seenivasan, and Thomas 2020). The match-up or congruence hypothesis refines this: an endorser is most effective when their image fits the endorsed product, so that a fitness influencer credibly carries athletic apparel but not, say, financial services (the match-up literature, an edited-volume and journal tradition cited by name). Congruence is the theoretical reason follower-brand fit appears among the drivers, and the reason its effect is inverted-U, because perfect fit can read as paid placement.

Two further theories explain effects unique to the social-media setting. Parasocial interaction holds that audiences form one-sided, intimacy-like relationships with media personae, experiencing a creator as a friend despite the absence of reciprocity (Horton and Wohl’s parasocial-interaction concept, cited by name); the strength of this illusory relationship is what converts a follower’s attention into trust and what sponsorship can erode (Section 17.5). Homophily, the principle that ties form between similar people and that similarity raises influence (the homophily literature, cited by name), explains why audience-creator similarity predicts engagement and why micro-influencers, who resemble their followers, can out-persuade larger but more distant celebrities. Finally, signaling theory (Spence 1973) frames the whole exchange as one of asymmetric information: under uncertainty about product quality, a costly, hard-to-fake endorsement signals quality, which is precisely the screening role that makes a micro-influencer’s refusal to endorse low-quality products informative (Nistor and Selove (2024)). Meaning transfer (McCracken 1989) is the classical-celebrity counterpart of this signaling logic, distinguished by its reliance on institutional rather than audience-conferred authority.



17.1.3 Engagement, Formally

The dependent variable throughout the empirical literature is engagement. Following Hollebeek (2011), engagement is “a customer’s cognitive, emotional, and behavioral activities” with respect to brand-related interactions—a deliberately multidimensional construct. In practice it is operationalized through observable behavioral traces: comments, likes, shares, saves, and watch time. These traces are counts, bounded below at zero and right-skewed, a fact that dictates the estimator (Section 17.3).

A useful summary of effectiveness is the engagement elasticity, the percentage change in consumer engagement produced by a one-percent change in influencer marketing spend. Leung et al. (2022) estimate this elasticity at roughly 0.460.46: a one-percent increase in spend raises engagement by about 0.4570.457 percent. Letting gg denote engagement and ss denote spend, the elasticity is

εg,s=∂logg∂logs=∂g∂ssg,(17.1)
\varepsilon_{g,s} \;=\; \frac{\partial \log g}{\partial \log s}
\;=\; \frac{\partial g}{\partial s}\,\frac{s}{g},
 \qquad(17.1)

a unit-free quantity comparable across influencers, platforms, and campaigns in a way that raw engagement counts are not. Because Equation 17.1 is below one, engagement returns to spend are inelastic—doubling the budget less than doubles engagement—an empirical regularity consistent with diminishing returns to reach.




17.2 Drivers of Influencer Effectiveness

What makes an influencer campaign work? The literature converges on a set of drivers attached to the three communication components, several of which act non-monotonically or interact with campaign intent and platform. We organize them by component and then treat the most important interactions explicitly.

Sender (influencer) characteristics. Three sender attributes raise effectiveness: originality (distinctive content that does not read as a template), follower size (reach), and the moderating role of sponsor salience (Leung et al. 2022). Source trustworthiness is the deeper construct underneath these (Wilson and Sherrell 1993): influencers persuade to the extent that their endorsement is read as a sincere recommendation rather than a paid placement. A counterintuitive corollary is that signals of independence can raise perceived influence—an influencer who follows relatively few accounts while commanding many followers is read as autonomous and therefore more credible (Sokolova, Seenivasan, and Thomas 2020). Several drivers, however, are inverted-U shaped: influencer activity (posting frequency), follower–brand fit, and content positivity each help up to a point and then hurt, as over-posting reads as spam, perfect fit reads as paid, and relentless positivity reads as inauthentic (Leung et al. 2022).

Message (content) characteristics. Content value is the message-level analogue of source credibility (Ducoffe 1996). A practically important content distinction is between product-launch posts and ordinary endorsement posts: product-launch content decreases effectiveness (Leung et al. 2022), plausibly because launch posts foreground the commercial transaction and suppress the audience-relationship cues that make influencer content persuasive. Identifying which posts are launch- or promotion-related at scale is itself a measurement task; the literature uses dictionary-based and supervised text classification on post text to code launch versus non-launch and product versus service (Lovett, Peres, and Shachar 2013).

Receiver (audience) characteristics. Effectiveness ultimately depends on follower involvement—how cognitively and affectively engaged the audience is with the message. Involvement is not directly controllable by the firm, but it is shaped by the match between content and audience and by platform affordances, which is why the same post performs differently across platforms.


17.2.1 Sponsored Blogging: Expertise, Intent, and Platform

A foundational empirical study of these drivers is Hughes, Swaminathan, and Brooks (2019), who study sponsored blogging—content that is simultaneously paid (the firm compensates the blogger) and earned (it appears as the blogger’s own editorial voice), placing it at the intersection of paid and earned media (Colicev et al. 2018; Colicev, Kumar, and O’Connor 2019). Grounding their hypotheses in the elaboration likelihood model, which distinguishes central (argument-driven) from peripheral (cue-driven) routes to persuasion, the authors show that the same blogger characteristic can help or hurt depending on the campaign’s position in the purchase funnel and the platform on which the content appears.

Two moderators are central. Campaign intent is whether the goal is to raise awareness (top of funnel) or to encourage trial (lower funnel). Platform involvement contrasts a high-involvement environment (a blog, where readers elaborate) with a low-involvement environment (a Facebook feed, where they skim). Table 17.1 summarizes the key contingencies.




Table 17.1: How blogger and content characteristics interact with campaign intent and platform. Source: Hughes, Swaminathan, and Brooks (2019).











	Driver
	Awareness campaign
	Trial campaign
	Platform contingency





	Blogger expertise
	More effective
	Less effective
	On Facebook (low involvement) source expertise has no effect on engagement



	Hedonic content
	Less effective
	More effective
	On Facebook, hedonic content lifts engagement, especially for trial



	Campaign freebies
	Mixed
	Mixed
	Giveaways can backfire, cannibalizing blog engagement in favor of the Facebook channel










The headline interaction is between expertise and intent: when the goal is to build awareness, high blogger expertise is more effective, because an expert source lends credibility to an unfamiliar product; when the goal is to drive trial, expertise matters less and experiential, hedonic content matters more, because the audience already knows the product and needs a reason to act. Critically, this expertise effect is a high-involvement phenomenon: on Facebook, where readers do not elaborate, source expertise washes out entirely. The managerial implication is that influencer selection and the creative brief must be chosen jointly with the funnel objective and the platform, not optimized in isolation.




17.3 Modeling Engagement with Selection

We now formalize the workhorse model behind studies such as Hughes, Swaminathan, and Brooks (2019) and Leung et al. (2022). Two econometric facts dominate the specification. First, engagement is a count with overdispersion—the conditional variance exceeds the conditional mean—so ordinary least squares and even the Poisson model are inappropriate. Second, the influencers and posts in any dataset are not randomly assigned: brands choose which influencers to hire and influencers choose which campaigns to accept, so the observed sample is selected on unobservables that may also drive engagement. Ignoring this yields a selection bias that contaminates every coefficient.


17.3.1 The Negative Binomial Outcome Model

Let yiy_i be the engagement count for post ii (e.g., number of comments or likes), and let 𝐱i\mathbf{x}_i collect influencer, content, campaign, and platform covariates. The negative binomial model specifies a log-linear conditional mean,

𝔼[yi∣𝐱i]=μi=exp(𝐱i⊤𝛃),(17.2)
\mathbb{E}[y_i \mid \mathbf{x}_i] = \mu_i = \exp(\mathbf{x}_i^\top \boldsymbol{\beta}),
 \qquad(17.2)

with the variance inflated relative to the mean by an overdispersion parameter α>0\alpha > 0,

Var(yi∣𝐱i)=μi+αμi2.(17.3)
\operatorname{Var}(y_i \mid \mathbf{x}_i) = \mu_i + \alpha\,\mu_i^2 .
 \qquad(17.3)

The model arises as a Poisson–gamma mixture: conditional on an unobserved multiplicative heterogeneity term νi∼Gamma(1/α,1/α)\nu_i \sim \text{Gamma}(1/\alpha, 1/\alpha), yi∣νi∼Poisson(μiνi)y_i \mid \nu_i \sim \text{Poisson}(\mu_i \nu_i), and integrating out νi\nu_i yields the negative binomial likelihood (Cameron and Trivedi 2005). The parameter α\alpha measures the residual variance left by influencer- and post-level factors the covariates do not capture; as α→0\alpha \to 0 the model collapses to Poisson. The coefficients 𝛃\boldsymbol{\beta} are estimated by maximum likelihood and interpreted as semi-elasticities: a unit change in covariate kk multiplies expected engagement by exp(βk)\exp(\beta_k), holding the rest fixed.



17.3.2 Correcting for Endogenous Selection

The threat to identification is that the set of (influencer, campaign) pairs we observe is the outcome of a choice. Brands pursue influencers they expect to perform well; influencers accept campaigns that fit their persona. If the unobservables driving selection are correlated with the unobservables driving engagement, the estimated 𝛃\boldsymbol{\beta} in Equation 17.2 confounds the causal effect of a covariate with its correlation with the selection process.

The standard remedy is a Heckman-type selection model (Heckman and Vytlacil 2007b; Greene 2003). Two equations are specified. A selection equation models whether an influencer is chosen for a campaign,

di=𝟏{𝐳i⊤𝛄+ui>0},(17.4)
d_i = \mathbf{1}\!\left\{ \mathbf{z}_i^\top \boldsymbol{\gamma} + u_i > 0 \right\},
 \qquad(17.4)

and an outcome equation models engagement conditional on selection (Equation 17.2). Identification hinges on an exclusion restriction: the selection covariates 𝐳i\mathbf{z}_i must contain at least one variable that affects selection but does not directly affect engagement once selection is accounted for. Concretely, Hughes, Swaminathan, and Brooks (2019) construct a blogger psychographic index—travel/foodie, persona, lifestyle, and values factors extracted by varimax-rotated factor analysis of profile descriptions—as instruments: these traits plausibly drive which bloggers a brand recruits without directly moving the engagement a post generates. Leung et al. (2022) use an analogous strategy, instrumenting selection with the characteristics of the second-most-similar influencer the focal brand could have chosen, following the matching logic of Hughes, Swaminathan, and Brooks (2019).

The exclusion restriction is precisely where identification can break. If the purportedly excluded variable does influence engagement directly—if, say, a blogger’s “lifestyle” loading also makes their posts more engaging—the instrument is invalid, the correction is contaminated, and the corrected estimates can be more biased than the naive ones. There is no purely statistical test of the restriction; it must be defended on substantive grounds. A credible influencer study therefore states its exclusion restriction explicitly and argues why the excluded variables touch selection but not the outcome.



17.3.3 A Reproducible Selection-Corrected Count Model

The following simulation builds a dataset with genuine selection on unobservables, shows the bias from naively fitting the outcome model on the selected sample, and recovers the truth with a control-function correction. It depends only on base R.


set.seed(15)

n <- 4000

# --- Latent traits -------------------------------------------------------
# Exclusion-restriction variable: psychographic "lifestyle" index z.
# It drives SELECTION but NOT engagement directly.
z          <- rnorm(n)
expertise  <- rnorm(n)               # influencer expertise (in both equations)
hedonic    <- rnorm(n)               # content hedonic value (outcome only)

# Correlated unobservables linking selection and engagement.
rho   <- 0.6
e_sel <- rnorm(n)
e_out <- rho * e_sel + sqrt(1 - rho^2) * rnorm(n)

# --- Selection equation (who gets hired) ---------------------------------
sel_index <- -0.2 + 0.9 * z + 0.5 * expertise + e_sel
selected  <- as.integer(sel_index > 0)

# --- Outcome: engagement counts (negative binomial) ----------------------
beta0 <- 1.0; b_exp <- 0.40; b_hed <- 0.30
log_mu <- beta0 + b_exp * expertise + b_hed * hedonic + 0.8 * e_out
mu     <- exp(log_mu)
theta  <- 2                                  # NB size (overdispersion)
y      <- rnbinom(n, size = theta, mu = mu)

dat <- data.frame(y, z, expertise, hedonic, selected, e_out)
obs <- dat[dat$selected == 1, ]              # we only observe hired influencers

# --- Naive NB on the selected sample (biased) ----------------------------
naive <- MASS::glm.nb(y ~ expertise + hedonic, data = obs)

# --- Control-function correction -----------------------------------------
# Stage 1: probit selection on z + expertise; form the inverse Mills ratio.
sel_fit <- glm(selected ~ z + expertise, family = binomial("probit"), data = dat)
lp      <- predict(sel_fit, newdata = obs)
imr     <- dnorm(lp) / pnorm(lp)             # inverse Mills ratio for selected

# Stage 2: NB outcome including the IMR as a control function.
corr <- MASS::glm.nb(y ~ expertise + hedonic + imr, data = obs)

round(rbind(
  truth     = c(expertise = b_exp, hedonic = b_hed),
  naive     = coef(naive)[c("expertise", "hedonic")],
  corrected = coef(corr)[c("expertise", "hedonic")]
), 3)
#>           expertise hedonic
#> truth         0.400   0.300
#> naive         0.321   0.317
#> corrected     0.438   0.309




The naive estimates inflate the expertise coefficient because hired influencers are positively selected on the very unobservables that also drive engagement; adding the inverse Mills ratio as a control function absorbs that correlation and returns the expertise coefficient close to its true value of 0.400.40. The hedonic coefficient, which enters only the outcome and is uncorrelated with selection, is recovered well by both methods—an illustration that selection bias contaminates selected-on covariates in particular.




17.4 Influencer Type and the Economics of Trust

Not all influencers play the same economic role, and the difference is an equilibrium phenomenon rather than a matter of scale alone. Nistor and Selove (2024) model a market with celebrity influencers (very large reach) and micro-influencers (smaller, more engaged audiences) who differ in how endorsement affects their future standing. The model yields a sharp separation. Celebrity influencers, whose value to followers is reach and awareness rather than curation, endorse all products to maximize the number of brand deals; their endorsements drive visibility but convey little reliable information about quality. Micro-influencers instead endorse only high-quality products, because their value proposition to followers is curation—acting as a quality screener so followers need not sift through comments to assess a product. In equilibrium, micro-influencers raise the information quality available to their audience while celebrities raise awareness; the two are complements, not substitutes, and a brand’s optimal influencer mix depends on whether it needs reach or credibility.

This screening role rationalizes a pricing puzzle: per follower, micro-influencers often command higher rates than their reach alone would justify, because part of what the brand buys is the influencer’s refusal to endorse low-quality products, which is exactly what makes the endorsement informative.


17.4.1 Selecting Influencers Under a Reach–Cost Trade-off

The practical selection problem is to trade reach against cost. Tian, Dew, and Iyengar (2024) formalize this with the follower elasticity of impressions (FEI)—the percentage change in impressions delivered per percentage change in follower count—and use it to quantify the marginal value of a larger audience against its marginal price. Because impressions scale sub-proportionally with followers (mega-influencers reach a smaller share of their audience), FEI typically falls with size, and the cost-effective hire is often a mid-tier influencer rather than the largest one available. The general lesson echoes Equation 17.1: the right object is an elasticity, normalizing the outcome by the input, not the raw level of reach.




17.5 Reputation Burning: The Cost of Sponsorship to the Influencer

Because an influencer’s authority is conferred by their audience rather than by an institution (Section 17.2), sponsorship is not free to the influencer: visibly accepting payment can erode the trust that made them valuable. M. Cheng and Zhang (2024) provide direct empirical evidence of this reputation-burning effect. Posting a sponsored video reduces an influencer’s reputation—measured by subscriber count—by about 0.19%0.19\% relative to comparable organic videos. The effect is larger for influencers with bigger audiences, and the gap in audience response (likes and comments) between sponsored and organic content widens with following size, consistent with larger audiences holding their influencers to a higher standard of editorial independence.

The loss is not a fixed tax; it is contingent, and the contingencies are managerially actionable. Reputation damage is mitigated when the sponsored content aligns with the influencer’s typical style—so the endorsement does not read as a break in character—and when the promoted brand is less well known, because endorsing an obscure brand looks more like discovery than like cashing in. This is the micro-influencer’s screening logic (Nistor and Selove (2024)) viewed from the supply side: the influencer’s optimal acceptance policy weighs the per-deal fee against the content-fit-dependent reputation cost.

Identifying this effect requires comparing sponsored and organic videos that are otherwise alike, which they are not by default—influencers choose which videos to monetize. M. Cheng and Zhang (2024) construct matched treatment (sponsored) and control (organic) groups at the influencer–video level using DiNardo–Fortin–Lemieux reweighting, which reweights the control distribution of observed covariates to match the treated distribution, so that any residual difference is attributable to sponsorship rather than to composition. The design is a useful template for any setting where treatment is a non-random managerial choice.



17.6 Engagement Is Not Sales: Product-Focused Attention

The single most consequential critique of influencer marketing is that engagement need not translate into sales. A video can be wildly engaging while directing none of that attention to the product—the viewer remembers the creator, not the brand. Two strands of recent work confront this gap by opening up the unstructured content of the video itself.

Rajaram and Manchanda (2020) build an interpretable deep-learning framework that decomposes a YouTube influencer video into its textual (“what is said”), audio, and visual streams and relates each to viewer engagement. Their central finding is that textual content matters more than audio or images for engagement, and they separate drivers of shallow from deep engagement using a dual-process view of viewer cognition. The contribution is methodological as much as substantive: the framework predicts engagement and attributes it to interpretable content features, which is what makes it useful to a manager writing a brief.

J. Yang, Zhang, and Zhang (2021) attack the engagement-versus-sales problem head-on by constructing a Product Engagement score (PE-score) that measures how much of a video’s engaging moments are actually about the product. The construction proceeds in three stages. First, a deep three-dimensional convolutional neural network is trained to produce an engagement heatmap assigning each pixel of each frame a weight reflecting its contribution to viewer engagement; critically, the network is trained on engagement residuals after partialling out influencer fixed effects, product fixed effects, acoustic features, and transcript embeddings, so it learns visual drivers of engagement rather than confounds. Second, an object-detection pass (SIFT-based) yields a product heatmap locating the product in each frame. Third, the PE-score combines the two: it is high when the engaging regions of the video coincide with the product’s location.

Formally, let Eft(p)E_{ft}(p) be the engagement weight and Pft(p)P_{ft}(p) the product indicator for pixel pp in frame ff of video tt. The frame-level product engagement is the overlap

PEft=∑pEft(p)Pft(p),(17.5)
\text{PE}_{ft} \;=\; \sum_{p} E_{ft}(p)\, P_{ft}(p),
 \qquad(17.5)

aggregated over frames to a video-level PE-score. The measure requires only the ad and a product image, making it usable for pre-release testing.

Validated against TikTok influencer video ads matched to Taobao product sales (May–November 2019, 2,685 ads with linked sales), the findings are striking. Traditional engagement metrics (likes, comments, shares) show no significant correlation with sales, confirming the central critique; the PE-score, by contrast, significantly predicts sales lift, identified through a difference-in-differences design around video-posting time that uses a product search index to address reverse causality. Neither product-placement intensity (mere presence) nor influencer popularity nor price predicts sales—what matters is whether engagement is aimed at the product. An additional dataset shows influencers’ PE-scores are higher when promoting their own products, evidence that incentive alignment shapes how product-focused the content is. Reassuringly for the method’s validity, the neural saliency maps correlate highly with actual gaze maps from eye-tracking.

These results sit alongside a broader move to mine engagement and its drivers from unstructured social data (J. Yang, Zhang, and Zhang 2025; Lovett, Peres, and Shachar 2013), and they carry a blunt practical lesson: a brand paying for engagement should contract on product-focused engagement, because general engagement is, empirically, uncorrelated with the outcome the brand actually wants.



17.7 Valuing Influencer Accounts and Posts

The recurring managerial decision—what to pay an influencer, or what a single sponsored post is worth—is a valuation problem, and it is productive to import the discipline of financial valuation while respecting where social-media assets differ. The parallels are close enough to borrow frameworks and loose enough to demand caution: an influencer’s “cash flows” are sponsorship and affiliate revenues that are sporadic, algorithm-dependent, and contingent on an audience that can defect overnight.

Table 17.2 maps the three canonical financial approaches onto their social-media analogues.




Table 17.2: Financial valuation frameworks and their influencer-marketing analogues.











	Finance method
	Traditional use
	Social-media analogue
	Principal challenge





	Discounted cash flow (DCF)
	Discount projected firm cash flows to present value
	Project and discount an account’s future sponsorship/affiliate income
	Revenue is sporadic and algorithm-dependent; the discount rate must reflect platform volatility



	Comparable multiples
	Value via peers’ EBITDA/earnings multiples
	Benchmark price-per-follower or price-per-engagement against peers in the niche
	Metrics are not standardized across niches and platforms



	Precedent transactions
	Price from recent comparable acquisitions
	Infer buyout value from comparable account/page sales
	Private-account transaction data are scarce











17.7.1 Post-Level Multiples

At the post level, valuation reduces to a chosen unit price multiplied by an expected quantity. The common units are cost-per-thousand-impressions (CPM), cost-per-engagement (CPE), cost-per-view (CPV), and cost-per-click (CPC):

ValueCPM=Impressions1000×CPM,ValueCPE=Engagements×CPE.(17.6)
\text{Value}_{\text{CPM}} = \frac{\text{Impressions}}{1000}\times \text{CPM},
\qquad
\text{Value}_{\text{CPE}} = \text{Engagements}\times \text{CPE}.
 \qquad(17.6)

A closely related construct, earned media value (EMV), monetizes organic reach by pricing it as if it had been bought, scaled by an adjustment factor for sentiment and fit, EMV=Impressions×CPM×ϕ\text{EMV} = \text{Impressions}\times \text{CPM}\times \phi, where ϕ\phi captures qualitative quality. EMV’s well-known weakness is its sensitivity to the analyst’s choice of ϕ\phi, which is why it should be reported alongside the raw inputs rather than as a single headline figure. Because no single multiple captures both reach (CPM) and interaction (CPE), practitioners often blend them and apply a qualitative adjustment for brand fit and sentiment, exactly as J. Yang, Zhang, and Zhang (2021) would counsel by emphasizing product-focused rather than gross engagement.


followers       <- 200000
engagement_rate <- 0.03                       # 3% of followers engage
impressions     <- 0.75 * followers           # reach < followers
engagements     <- engagement_rate * followers

cpe <- 0.12; cpm <- 10                         # market unit prices
val_cpe <- engagements * cpe
val_cpm <- (impressions / 1000) * cpm

# Blend (weight CPE 40%, CPM 60%) then apply qualitative adjustment.
blend  <- 0.40 * val_cpe + 0.60 * val_cpm
final  <- blend * 1.20                          # +10% brand fit, +10% sentiment

data.frame(
  metric = c("CPE value", "CPM value", "Blended", "Final (adj.)"),
  value  = round(c(val_cpe, val_cpm, blend, final))
)
#>         metric value
#> 1    CPE value   720
#> 2    CPM value  1500
#> 3      Blended  1188
#> 4 Final (adj.)  1426






17.7.2 Account-Level Discounted Cash Flow

At the account level, the appropriate object is the present value of the influencer’s future brand-deal income, net of production and agency costs, plus a terminal value capturing the residual worth if the influencer pivots platforms or winds down. With net annual brand income CtC_t growing at rate gg, discount rate rr, horizon TT, and a terminal multiple or Gordon-growth tail, account value is

V0=∑t=1TCt(1+r)t+TV(1+r)T,Ct=C1(1+g)t−1.(17.7)
V_0 \;=\; \sum_{t=1}^{T} \frac{C_t}{(1+r)^t}
        \;+\; \frac{\text{TV}}{(1+r)^T},
\qquad C_t = C_1 (1+g)^{t-1}.
 \qquad(17.7)

The discount rate rr should exceed a typical corporate weighted-average cost of capital, because an influencer’s income is more exposed to platform-algorithm changes, audience fickleness, and competitive entry than a diversified firm’s. The following example values an account generating $120{,}000 in year-one net income, growing 5%5\% annually, discounted at 15%15\%, with a terminal value set to twice final-year income.


C1 <- 120000; g <- 0.05; r <- 0.15; T <- 5
t   <- 1:T
C   <- C1 * (1 + g)^(t - 1)                    # projected net income
pv  <- C / (1 + r)^t                            # discounted income
TV  <- 2 * C[T]                                 # terminal value (2x final year)
pv_TV <- TV / (1 + r)^T

account_value <- sum(pv) + pv_TV
data.frame(
  year = t, income = round(C), pv_income = round(pv)
)
#>   year income pv_income
#> 1    1 120000    104348
#> 2    2 126000     95274
#> 3    3 132300     86989
#> 4    4 138915     79425
#> 5    5 145861     72519
cat("PV of terminal value: $", format(round(pv_TV), big.mark = ","), "\n", sep = "")
#> PV of terminal value: $145,037
cat("Account value:        $", format(round(account_value), big.mark = ","), "\n", sep = "")
#> Account value:        $583,592




These valuations are estimates resting on assumptions about growth, persistence, and discounting, and they should be screened for the pathologies specific to social data: fake followers and bot engagement that inflate the inputs, market saturation that compresses multiples as supply grows, and abrupt algorithm changes that invalidate the projection. A defensible valuation states its assumptions, blends multiple methods (Table 17.2), and is refreshed as realized campaign outcomes arrive—much as the marketing–finance event-study machinery of Chapter 23 updates the market’s valuation of a firm’s brand assets as news arrives.




17.8 Key Takeaways


	Influencer marketing is persuasion rented from a third party; its central tension is that the sponsorship which generates the firm’s reach also erodes the influencer’s audience-conferred credibility (Section 17.5).

	Effectiveness is jointly determined by source trustworthiness, content value, and receiver involvement; several drivers (activity, fit, positivity) are inverted-U shaped, and key effects (expertise, hedonic content) interact with campaign intent and platform involvement (Section 17.2.1).

	The empirical workhorse is a selection-corrected overdispersed count model: negative binomial for the engagement outcome (Equation 17.2), Heckman-type correction for non-random influencer selection, identified by an exclusion restriction that must be defended on substance, not statistics (Section 17.3).

	Influencer type is an equilibrium role, not a size class: micro-influencers act as quality screeners and raise information quality, while celebrities raise awareness (Nistor and Selove (2024)); selection should trade reach against cost via an elasticity such as FEI (Tian, Dew, and Iyengar (2024)).

	Engagement is not sales. Traditional engagement metrics do not predict sales lift; product-focused engagement, measured by the PE-score (Equation 17.5), does (J. Yang, Zhang, and Zhang 2021).

	Account and post valuation borrows DCF, multiples, and precedent-transaction logic from finance, adjusted for platform volatility and screened for inflated metrics (Section 17.7).







18 Nudges and Choice Architecture

Every choice a consumer faces arrives wrapped in a context: an order in which options appear, a pre-checked box, a number printed on a label, a sentence that frames the same outcome as a gain or a loss. None of these features alters the underlying options, yet each reliably moves what people choose. A choice architect is anyone who organizes the context in which decisions are made—the designer of an enrollment form, the merchandiser who sets a shelf, the platform engineer who selects a default. A nudge is any aspect of that architecture that predictably changes behavior without forbidding options or materially changing economic incentives. The defining feature is that the intervention is cheap to avoid: a true nudge leaves the menu and the prices intact and works through how the choice is presented, not through what is on offer.

This chapter treats choice architecture as both a scientific object and a managerial instrument. Scientifically, nudges are where the behavioral-economics account of the consumer—bounded rationality, reference dependence, present bias, sensitivity to social information—meets the firm’s ability to engineer the environment. Commercially, the same levers that a public-health agency uses to raise organ-donor registration are the levers a retailer uses to raise basket size, and the line between a welfare-improving nudge and an exploitative “dark pattern” is drawn by whose objective the architecture serves. We therefore give equal weight to mechanism (why defaults, framing, social proof, and salience work), to measurement (how field experiments identify a nudge effect and what breaks that identification), and to ethics and welfare (when steering a chooser is legitimate). By the end the reader should be able to formalize a nudge as a shift in a choice model, design a field test that recovers its causal effect, and reason explicitly about the welfare claim that justifies it.

The intellectual debt is to the heuristics-and-biases program—the systematic departures from expected-utility maximization catalogued by A. Tversky and Kahneman (1974) and A. Tversky and Kahneman (1981)—and to the reference-dependent account of value in R. Thaler (1985). The managerial program that builds on it, libertarian paternalism, holds that because choices are never presented context-free, the architect cannot avoid influencing behavior; the only question is whether that influence is exercised thoughtfully and in the chooser’s interest.1 We adopt that framing while treating the welfare claim as something to be argued, not assumed.


18.1 Theoretical Foundations

Choice architecture has no force of its own; it works only because human choice departs from the rational-agent benchmark in regular, theorized ways. The governing lens is behavioral economics, and each core lever in this chapter is a deployment of a specific behavioral-economic theory. Naming those theories makes the mechanism explicit and the welfare argument auditable.

The foundation is prospect theory (Kahneman and Tversky 1979; A. Tversky and Kahneman 1981). People evaluate outcomes as gains and losses relative to a reference point, with a value function that is steeper for losses than for equivalent gains. This single idea underwrites two levers at once. It explains framing: relabeling the reference point (the “90% lean” versus “10% fat” contrast) changes valuation even though the final state is identical, because the loss-averse chooser is not invariant to the reference the way a final-wealth maximizer would be. It also explains the stickiness of defaults through status-quo bias, the riskless-choice form of reference dependence in which moving away from the inherited option registers as a loss and is therefore resisted (Amos Tversky and Kahneman 1991). The endowment effect (willingness to accept exceeding willingness to pay) is the same asymmetry seen from the side of ownership, and it is why a default, once held, feels costly to surrender.

Three further behavioral-economic theories complete the account. Mental accounting (R. Thaler 1985) holds that consumers code outcomes into separate, non-fungible cognitive accounts, so the partitioning and framing of a cost (an installment versus a lump sum, a fee versus a base price) changes evaluation even when the net economics are unchanged. Salience theory (Bordalo, Gennaioli, and Shleifer 2013) formalizes limited attention: decision weights are distorted toward whatever stands out in the choice context, which is exactly the primitive a salience nudge perturbs (a calorie label, a conspicuous fee). And present bias, the hyperbolic-discounting result that near-term outcomes are over-weighted relative to the long term (Laibson 1997), explains why people under-save, procrastinate cancellation, and impulse-buy: it is the time-preference failure that automatic enrollment and commitment-style nudges are designed to correct. Social norms supply the final primitive: descriptive and injunctive norms move behavior, often more than people predict, which is the engine of every social-proof nudge (Cialdini, Reno, and Kallgren 1990; N. J. Goldstein, Cialdini, and Griskevicius 2008).

These theories are organized into a managerial program by libertarian paternalism, the framing introduced in Thaler and Sunstein’s Nudge: because choice is never presented context-free, the architect cannot avoid influencing behavior, so the only question is whether that influence is exercised thoughtfully and in the chooser’s interest. The program’s empirical credibility rests on field evidence that defaults and reminders change behavior cheaply at scale (Eric J. Johnson and Goldstein 2003; Benartzi et al. 2017). Its critics press two objections. The first is normative: the paternalism is real, and the “libertarian” promise of a free opt-out is partly illusory wherever exiting carries even small friction, the concern formalized as sludge, the welfare-reducing mirror of a nudge (R. H. Thaler 2018). The second is empirical: meta-analytic re-readings argue that average nudge effects are smaller and more publication-biased than the headline cases suggest, so the intervention should be sized honestly rather than oversold. We adopt the libertarian-paternalism framing while treating both the welfare claim and the effect size as quantities to be argued and measured, not assumed; Section 18.5 and Section 18.6 take up each in turn.



18.2 What a Nudge Is, Formally

Intuitively, a nudge changes behavior without changing the rational consumer’s problem. To make this precise, consider a chooser selecting from a menu 𝒞={1,…,J}\mathcal{C} = \{1,\dots,J\} of options, each with attributes 𝐱j\mathbf{x}_j and price pjp_j. In the standard random-utility model the chooser selects option jj when its latent utility is largest, Uj=V(𝐱j,pj)+εj,j⋆=argmaxj∈𝒞Uj,(18.1)
U_j = V(\mathbf{x}_j, p_j) + \varepsilon_j, \qquad
j^\star = \arg\max_{j \in \mathcal{C}} U_j ,
 \qquad(18.1) with VV the deterministic (systematic) component and εj\varepsilon_j an idiosyncratic shock. A price cut or a quality improvement moves choices by changing VV through pjp_j or 𝐱j\mathbf{x}_j. A ban moves choices by deleting jj from 𝒞\mathcal{C}. A nudge does neither. It is a feature aa of the choice architecture that enters utility (or the choice rule) without changing the menu 𝒞\mathcal{C} or the economic terms (𝐱j,pj)(\mathbf{x}_j, p_j): Ũj=V(𝐱j,pj)+γdj(a)+εj,(18.2)
\tilde U_j = V(\mathbf{x}_j, p_j) + \gamma\, d_j(a) + \varepsilon_j ,
 \qquad(18.2) where dj(a)d_j(a) encodes how architecture aa touches option jj—an indicator that jj is the default, the rank of jj in a list, the salience weight on jj’s price—and γ\gamma is the behavioral sensitivity. Under the neoclassical axioms γ=0\gamma = 0: presentation is irrelevant and choice is invariant to anything but (𝐱j,pj)(\mathbf{x}_j, p_j). Every nudge is, in this notation, a claim that γ≠0\gamma \neq 0 for some architecture-dependent term that a fully rational agent would ignore.


A nudge is any aspect of the choice architecture that alters people’s behavior in a predictable way without forbidding any options or significantly changing their economic incentives. To count as a mere nudge, the intervention must be easy and cheap to avoid.

— after the standard definition in the libertarian-paternalism literature



Two corollaries follow and discipline the rest of the chapter. First, because the nudge operates through γdj(a)\gamma\, d_j(a) rather than through preferences, its effect is a property of the interaction between the architecture and the population’s behavioral parameters—the same default can be inert in one segment and decisive in another (Section 18.4). Second, the welfare evaluation of a nudge cannot be read off revealed choice in the usual way: if γ≠0\gamma \neq 0, the option chosen under architecture aa need not be the one that maximizes the chooser’s experienced utility, so the architect must invoke a welfare criterion external to the choice itself (Section 18.5).

It is useful to separate two channels by which dj(a)d_j(a) can act, because they imply different robustness and different ethics. A nudge may supply information or structure that a rational but cognitively limited agent would want—reducing search cost, correcting a misperception, making a consequence vivid—in which case it moves choice toward what the agent would pick on reflection. Or it may exploit a bias—anchoring on an arbitrary number, triggering loss aversion, leveraging inertia—in which case it moves choice toward what the architect wants regardless of the chooser’s interest. The same formal object, γdj(a)\gamma\, d_j(a), covers both; the welfare sign is not in the math but in the mapping from the manipulated choice to the chooser’s own ends.



18.3 The Core Levers

Four families of nudge recur across domains because each maps onto a robust regularity in how people depart from Equation 18.1. Table 18.1 organizes them by the behavioral primitive each exploits, the formal object it perturbs, and the canonical field application. We then treat each in turn.




Table 18.1: Four core nudge levers, the behavioral primitive each exploits, and where each enters the choice model.











	Lever
	Behavioral primitive
	What it perturbs in Equation 18.2
	Canonical application





	Default
	Status-quo bias, inertia, effort cost
	Sets dj(a)=1d_j(a)=1 for the opt-out option
	Auto-enrollment in retirement saving; organ donation



	Framing
	Reference dependence, loss aversion
	Relabels the reference point in VV
	“90% lean” vs. “10% fat”; gain/loss appeals



	Social proof
	Conformity, descriptive norms
	Adds a term in others’ choices to VV
	“Most guests reuse their towels”; energy reports



	Salience
	Limited attention, fluency
	Reweights an attribute already in VV
	Calorie labels; “sale” tags; traffic-light nutrition











18.3.1 Defaults

A default is the outcome that obtains when the chooser does nothing. Defaults are the most powerful nudge because doing nothing is the cheapest action: any positive cost of deliberation, comprehension, or execution makes the pre-set option disproportionately likely to stand. Formally, let the chooser realize the default j0j_0 unless she pays an idiosyncratic switching cost cic_i to move, choosing to switch only when the utility gain exceeds that cost, Pr(switch from j0 to j)=Pr(Uij−Uij0>ci).(18.3)
\Pr(\text{switch from } j_0 \text{ to } j) = \Pr\!\big(U_{ij} - U_{ij_0} > c_i\big).
 \qquad(18.3) When cic_i is small the default barely matters; when cic_i is large—or when the chooser never engages the comparison at all because attention is itself costly—the default captures nearly the whole market. Three forces inflate the effective cic_i: inertia (status-quo bias, an instance of loss aversion in which moving away from the reference point registers as a loss), implied endorsement (the chooser reads the default as the architect’s recommendation), and effort (comprehending and executing a change has real cognitive and procedural cost). The celebrated cross-country contrast in organ-donor rates—near universal registration under opt-out regimes, sparse registration under opt-in, holding stated attitudes roughly constant—is the limiting case in which cic_i dominates the modest utility difference between registering and not (Eric J. Johnson and Goldstein 2003).

The same mechanism drives the marquee result in household finance: automatic enrollment in defined-contribution retirement plans raises participation sharply and persistently, because the inattentive employee inherits the saving rate and fund the plan sets rather than the one she would choose on reflection. That defaults can remedy under-saving is non-trivial precisely because under-saving is itself partly a behavioral failure: Garbinsky, Mead, and Gregg (2020) show that many people save too little not from rational impatience but from a positive illusion of financial responsibility—they believe themselves more financially responsible than the average person, and that flattering self-view dampens the felt need to save. A default that raises the saving rate works with the grain of what these consumers would, on reflection, endorse, which is part of why it is defensible on welfare grounds.

Defaults are not uniformly benign. The identical inertia that lifts retirement saving also sustains negative-option marketing: a free trial that silently converts to a paid subscription, or a pre-checked add-on at checkout, harvests the same cic_i for the firm’s benefit rather than the chooser’s. The welfare sign of a default thus depends entirely on whether the pre-set option is the one the chooser would choose with full attention—a question the architecture is designed to prevent her from confronting.



18.3.2 Framing

A frame is a description of options that is logically equivalent across versions but psychologically distinct. Framing effects are the direct empirical signature of the reference dependence in prospect theory: because the value function is defined over gains and losses relative to a reference point rather than over final states, and is steeper for losses than for equivalent gains, the same outcome described as a loss looms larger than when described as a gain (A. Tversky and Kahneman 1981; R. Thaler 1985). Write the chooser’s valuation as reference-dependent, Vj=v(𝐱j−𝐫),v′(z)>0,v″(z)<0 for z>0,v′(0−)>v′(0+),(18.4)
V_j = v\!\big(\mathbf{x}_j - \mathbf{r}\big), \qquad
v'(z) > 0,\quad v''(z) < 0 \text{ for } z>0,\quad v'(0^-) > v'(0^+),
 \qquad(18.4) where 𝐫\mathbf{r} is the reference point and the last inequality—the kink at zero—is loss aversion. A frame is an intervention on 𝐫\mathbf{r}: describing ground beef as “90% lean” sets the reference at the favorable attribute, while “10% fat” sets it at the unfavorable one, even though the product is identical. The neoclassical chooser, valuing final states, is invariant to 𝐫\mathbf{r} and hence to the frame; the loss-averse chooser is not.

Framing pervades marketing communication. Attribute frames recolor evaluation of a fixed product; goal frames cast the same action as avoiding a loss or securing a gain, with loss frames typically more motivating for prevention behaviors. The “buy now, pay later” (BNPL) instrument studied by S. Maesen and Ang (2024) is, in part, a framing device: splitting a price into interest-free installments reframes the reference point for the expenditure, and the authors show with retailer transaction data (in a difference-in-differences design around BNPL introduction) and three preregistered experiments that the installment frame reduces perceived financial constraint and perceived cost and improves felt budget control, raising both purchase incidence and basket size relative to lump-sum payment. The effect is concentrated among smaller-basket and credit-reliant shoppers—evidence that the frame bites hardest where the behavioral primitive (here, narrow bracketing of the payment) is strongest, and a reminder that a frame that “helps” budget control can simultaneously raise spending in a way the chooser may not, on reflection, endorse.



18.3.3 Social Proof

A social-proof nudge supplies information about what others do, exploiting the human tendency to treat peers’ behavior as evidence about the correct or acceptable action—a descriptive norm. The mechanism adds a term in others’ choices to systematic utility, Vij=V0(𝐱j,pj)+θsj,(18.5)
V_{ij} = V_0(\mathbf{x}_j, p_j) + \theta\, s_{j} ,
 \qquad(18.5) where sjs_{j} is the (perceived) share of relevant others choosing jj and θ\theta the conformity weight. Two cautions are built into the construct. First, the reference group matters: norms move behavior most when the comparison others are similar or proximate, so a generic “most people” appeal is weaker than one keyed to the chooser’s own group (Cialdini, Reno, and Kallgren 1990). Second, a descriptive norm can backfire. Telling people that an undesirable behavior is common normalizes it, dragging the below-average performer up but pulling the above-average performer down toward the mean—the boomerang effect—which is why effective normative interventions pair the descriptive norm with an injunctive cue (social approval or disapproval) that protects already-good performers (Cialdini, Reno, and Kallgren 1990). The household energy reports that print a neighbor comparison alongside a smiley face for low users are the canonical field deployment of exactly this descriptive-plus-injunctive design.

Social proof also operates through observation of others in the moment of consumption rather than through reported statistics: the mere revealed presence of other consumers, and the composition of that crowd, shifts evaluations and choices, a continuity with the brand-evaluation evidence on virtual supporters discussed in Chapter 11. The lever’s power and its fragility share a root: because it works by transmitting what is normal, it is only as good as the honesty and relevance of the norm it transmits.



18.3.4 Salience

A salience nudge changes which attribute the chooser attends to, without changing the attribute set or the prices. Limited attention means the chooser behaves as if maximizing a distorted utility that overweights whatever is perceptually or cognitively prominent. Let attention weights ωk≥0\omega_k \ge 0 multiply the attributes, V̂j=∑kωkβkxjk,ωk=ωk(salience of attribute k),(18.6)
\hat V_j = \sum_{k} \omega_k\, \beta_k\, x_{jk}, \qquad
\omega_k = \omega_k(\text{salience of attribute } k),
 \qquad(18.6) so that a fully attentive chooser has ωk≡1\omega_k \equiv 1 and recovers Equation 18.1, while an inattentive one sets ωk\omega_k near zero on neglected attributes (a tax not shown at the shelf, a shrouded fee) and above one on prominent ones (a bold “sale” tag, a traffic-light nutrition label). A salience nudge is an intervention on ωk\omega_k: posting calorie counts raises the weight on the health attribute; displaying tax-inclusive prices raises the weight on the true price. Crucially—and unlike framing—a salience nudge can be welfare-improving precisely because it pushes ωk\omega_k back toward one, undoing a distortion the chooser would not endorse, rather than introducing a new one.

The clean identification of salience effects comes from settings where the information is unchanged but its prominence varies: making an already-disclosed fee conspicuous, or an already-available calorie figure visible at the point of choice, changes behavior even though a rational agent had access to the number all along. Salience is also the lens through which to read “decoy” and assortment effects in Chapter 19 and Chapter 41: adding a dominated option or reordering a shelf reweights attention across an unchanged menu.




18.4 Heterogeneity, Distribution, and the Equity of Nudging

Because a nudge acts through γdj(a)\gamma\, d_j(a) rather than through preferences, its effect is intrinsically heterogeneous: it is largest for the choosers whose behavioral parameters make them most susceptible and smallest for those who would choose deliberately regardless. This is not a nuisance to be averaged away; it is the policy-relevant heart of the matter, because it determines who a nudge moves and therefore its distributional consequences.

Mrkva et al. (2021) establish this directly: choice-architecture interventions—defaults, attribute ordering, partitioning—have systematically larger effects on consumers with lower socioeconomic status, lower numeracy, and lower domain knowledge. The mechanism is the susceptibility logic above: those with less knowledge or numerical fluency engage the deliberate comparison less and so inherit the architecture more. The distributional implication cuts two ways. A welfare-improving default (auto-enrollment in saving, a healthier cafeteria arrangement) disproportionately helps the disadvantaged and can narrow the gap that arises when the savvy navigate complex choices and the rest default into bad ones. The very same asymmetry means an exploitative architecture disproportionately harms the disadvantaged. Heterogeneity is thus an amplifier whose sign is set by the architect’s objective, and a nudge’s equity case rests on aligning that objective with the interests of the most susceptible.

This connects to the welfare argument that follows: the standard libertarian defense—“opting out is free, so no one is worse off”—is weakest exactly where the nudge is strongest, because the populations least likely to opt out are the least-resourced. The freedom to opt out is not equally distributed.



18.5 Welfare and Ethics

Evaluating a nudge requires a welfare criterion, and revealed preference cannot supply one when γ≠0\gamma \neq 0. If the architecture itself moves choice, then the chosen option is no longer a clean signal of what the chooser values, and the analyst cannot infer “she chose it, therefore it made her better off.” The behavioral-welfare-economics response is to define welfare relative to the chooser’s preferences as they would be absent the manipulating frame—what she would choose with full attention, no inertia, and a neutral reference point—and to judge a nudge by whether it moves actual choice toward that as-if-rational benchmark. A nudge that closes the gap between distorted and undistorted choice is welfare-improving; one that opens it is not. The difficulty, and it is genuine, is that the undistorted benchmark is partly a construct of the analyst, not an observable.

Three principles operationalize the criterion and double as design tests. First, preserve and cheapen opt-out: the libertarian half of the program is honored only if exiting the default carries trivial cost, and—per Section 18.4—trivial for the least-resourced chooser, not merely for the analyst. Second, publicity: a nudge is more likely legitimate if the architect would be willing to defend it openly to those nudged; covert exploitation of a bias fails this test where transparent information provision passes it. Third, interest alignment: ask whether dj(a)d_j(a) steers toward the chooser’s own ends (saving, health, accurate prices) or the architect’s (subscription revenue, larger baskets). The BNPL frame in S. Maesen and Ang (2024) is instructive here—it improves felt budget control while raising spending, so its welfare sign depends on whether the additional purchases are ones the consumer would endorse on reflection or ones the frame extracts by narrowing attention to the installment.

The adversarial twin of the nudge is the dark pattern: a choice-architecture device engineered to serve the firm at the chooser’s expense—pre-checked add-ons, buried unsubscribe links, drip-priced fees, confirmshaming, manufactured scarcity. Dark patterns are nudges that fail all three tests at once: opt-out is made costly, the design would not survive disclosure, and it steers against the chooser’s interest. The privacy literature documents the analogous machinery in data collection. Adjerid, Acquisti, and Loewenstein (2019) show that consumers’ privacy choices are malleable to framing and to subtle changes in how options are presented, and that the same misdirection that depresses privacy-protective choice can be reversed; Acquisti, John, and Loewenstein (2012) demonstrate that the control a platform appears to grant over disclosure is itself a lever—paradoxically, giving people more nominal control over publication can increase their willingness to disclose sensitive information, a control-as-nudge that benefits the data collector. These are the welfare hard cases: architecture that feels empowering while steering against the chooser’s privacy interest.

Figure 18.1 summarizes the decision the architect actually faces: not whether to architect—context is unavoidable—but whether the architecture they cannot help imposing is aimed at the chooser’s ends or their own.
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Figure 18.1: Classifying a choice-architecture intervention by its welfare sign. The same formal object—a non-zero behavioral sensitivity to presentation—can be a welfare-improving nudge or an exploitative dark pattern; the three tests separate them.










18.6 Identifying a Nudge Effect in the Field

A nudge is a causal claim—γ≠0\gamma \neq 0 for a specific dj(a)d_j(a)—and the gold standard for recovering γ\gamma is the randomized field experiment, because laboratory framing effects routinely shrink or vanish under real stakes, deliberation, and repetition. The estimand is the average treatment effect of architecture aa on the choice of interest. With chooser ii randomized to the nudge (Ti=1T_i=1) or the status-quo architecture (Ti=0T_i=0), and outcome YiY_i (e.g., enrollment, basket size, the share choosing the target option), τ=𝔼[Yi∣Ti=1]−𝔼[Yi∣Ti=0],(18.7)
\tau = \mathbb{E}[Y_i \mid T_i = 1] - \mathbb{E}[Y_i \mid T_i = 0],
 \qquad(18.7) identified under randomization by the independence of TiT_i from potential outcomes. The estimator is the difference in means (or a regression of YiY_i on TiT_i with pre-treatment covariates to soak up residual variance); its assumptions are (i) successful randomization, so treatment is orthogonal to potential outcomes; (ii) the stable-unit-treatment-value assumption (SUTVA)—no interference between units—which a social-proof nudge can threaten precisely because it operates through peers; and (iii) no differential attrition between arms. What breaks identification: spillovers (the nudged and un-nudged talk, or share a shelf), non-compliance (the default is overridden administratively), and outcome measures that capture short-run novelty rather than persistent behavior. The persistence question is first-order for defaults, whose entire value rests on inertia lasting; a one-week bump that decays is not the same asset as auto-enrollment that compounds for decades.

When randomization is infeasible because the nudge is rolled out to everyone at once, the workhorse is difference-in-differences (DiD), exactly the design S. Maesen and Ang (2024) use around the introduction of BNPL. For unit ii in period tt, Yit=αi+δt+β(Postt×Treatedi)+𝐳it⊤𝛄+εit,(18.8)
Y_{it} = \alpha_i + \delta_t + \beta\, (\text{Post}_t \times \text{Treated}_i)
        + \mathbf{z}_{it}^\top\boldsymbol{\gamma} + \varepsilon_{it},
 \qquad(18.8) where αi\alpha_i are unit fixed effects, δt\delta_t time fixed effects, and β\beta the nudge effect. DiD identifies β\beta under parallel trends: absent the nudge, treated and control units would have moved in parallel. That assumption fails if the nudge is rolled out because the treated group was already trending differently (selection on trends), if a contemporaneous shock hits one group only, or if treatment timing is staggered and effects are heterogeneous across cohorts—the last a now-well-understood pitfall in two-way-fixed-effects estimation. The credible applications buttress parallel trends with pre-period event-study coefficients (flat pre-trends) and placebo outcomes that the nudge should not move.

The simulation below makes the design concrete and reproducible. We generate a default nudge with a known true effect, embed realistic heterogeneity (the nudge bites harder on low-knowledge choosers, per Mrkva et al. (2021)), and recover the treatment effect by the Equation 18.7 estimator. Figure 18.2 reports the resulting enrollment rates and the sampling distribution of the estimated effect.


set.seed(16)

simulate_nudge_trial <- function(n = 4000,
                                 base_enroll = 0.30,   # opt-in baseline take-up
                                 tau_low = 0.45,       # nudge effect, low-knowledge
                                 tau_high = 0.15) {    # nudge effect, high-knowledge
  # Half the sample is low domain knowledge (more susceptible per Mrkva 2021).
  low_knowledge <- rbinom(n, 1, 0.5)
  treat <- rbinom(n, 1, 0.5)                      # randomized opt-out default
  tau_i <- ifelse(low_knowledge == 1, tau_low, tau_high)
  # Enrollment probability is the baseline plus the (heterogeneous) nudge bump.
  p <- pmin(base_enroll + treat * tau_i, 0.99)
  enroll <- rbinom(n, 1, p)
  data.frame(enroll, treat, low_knowledge)
}

dat <- simulate_nudge_trial()

# Difference-in-means estimator of the ATE (eq-ate).
ate_hat <- mean(dat$enroll[dat$treat == 1]) - mean(dat$enroll[dat$treat == 0])

# Subgroup effects to expose heterogeneity.
sub <- aggregate(enroll ~ treat + low_knowledge, dat, mean)

# Sampling distribution of the estimator across replications.
reps <- replicate(2000, {
  d <- simulate_nudge_trial()
  mean(d$enroll[d$treat == 1]) - mean(d$enroll[d$treat == 0])
})

true_ate <- 0.5 * 0.45 + 0.5 * 0.15   # population-average true effect

op <- par(mfrow = c(1, 2), mar = c(4, 4, 3, 1))

# Panel 1: enrollment by architecture and knowledge.
bar_mat <- matrix(sub$enroll[order(sub$low_knowledge, sub$treat)],
                  nrow = 2,
                  dimnames = list(c("opt-in", "opt-out"),
                                  c("high know.", "low know.")))
barplot(bar_mat, beside = TRUE, ylim = c(0, 1),
        col = c("grey70", "steelblue"),
        ylab = "enrollment rate", main = "Take-up by architecture")
legend("topleft", c("opt-in (status quo)", "opt-out (nudge)"),
       fill = c("grey70", "steelblue"), bty = "n", cex = 0.8)

# Panel 2: sampling distribution of the estimated ATE.
hist(reps, breaks = 30, col = "grey85", border = "white",
     xlab = expression(hat(tau)), main = "Estimated treatment effect")
abline(v = true_ate, lty = 2, lwd = 2)

par(op)

cat("Estimated ATE (single trial): ", round(ate_hat, 3), "\n")
#> Estimated ATE (single trial):  0.292
cat("True population ATE:          ", round(true_ate, 3), "\n")
#> True population ATE:           0.3
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Figure 18.2: Simulated default-nudge field experiment. Left: enrollment rates under the opt-in (status quo) and opt-out (nudge) architectures, overall and split by domain knowledge. Right: the sampling distribution of the estimated treatment effect across 2,000 replications, centered on the true effect (dashed line).








The recovered effect lands on the true population average, and the subgroup panel reproduces the Mrkva et al. (2021) pattern: the same default moves low-knowledge choosers roughly three times as much as high-knowledge ones, the heterogeneity that drives both the equity case and the exploitation risk. Two practical lessons generalize. First, power the experiment for the subgroups that motivate the policy, not just the pooled effect, because the distributional claim is usually the point. Second, measure persistence: re-run the outcome at a horizon long enough to distinguish a durable behavior change from a novelty response, since a default’s value is an annuity that only pays if the inertia endures.



18.7 Pitfalls and Boundary Conditions

Nudges are neither free nor reliably small, and a disciplined account closes with where they fail. Effects decay and are context-bound. A frame that works in one population, at one stake level, with one reference point, often shrinks under real consequences or familiarity; the field-versus-lab gap is the single most common reason a promising laboratory nudge disappoints at scale, which is why Section 18.6 insists on field randomization and persistence measurement rather than one-shot lab demonstrations.

Nudges interact, sometimes destructively. Stacking a default, a social-proof message, and a salience cue is not additive: a descriptive norm can boomerang against above-average performers even as it lifts the rest (Cialdini, Reno, and Kallgren 1990), and a salience nudge that raises attention to one attribute necessarily lowers the relative weight on others (Equation 18.6), so “more salient labels” can crowd out the very dimension a second nudge was meant to promote. The architect optimizes a system of weights, not a list of independent levers.

Reactance and distrust. A nudge perceived as manipulation can trigger reactance, reversing the intended effect and eroding trust in the architect—a risk that scales with how covert the steering is and that the publicity test in Section 18.5 is designed to forestall. Crowding-out of intrinsic motivation is the subtler cousin: a nudge that does the deliberating for the chooser may atrophy the capacity to choose well unaided, a cost invisible in the short-run outcome metric but real over a consumer’s lifetime of decisions.

Finally, the measurement of welfare remains the binding constraint. Because the undistorted benchmark in Section 18.5 is partly constructed by the analyst, two honest researchers can disagree about a nudge’s sign even given the same effect estimate. The responsible posture is to make the welfare model explicit—state the assumed reference preference, justify it, and report the effect on the susceptible subgroups separately—rather than to let an impressive average treatment effect stand in for a welfare argument it cannot make.



18.8 Key Takeaways


	A nudge changes behavior through the choice architecture (γdj(a)\gamma\, d_j(a) in Equation 18.2) without altering the menu or the economic terms; under the neoclassical axioms γ=0\gamma = 0, so every nudge is a claim that presentation matters where a rational agent would ignore it.

	The four core levers map onto distinct behavioral primitives: defaults exploit inertia (Equation 18.3), framing exploits reference dependence and loss aversion (Equation 18.4), social proof exploits descriptive norms (Equation 18.5), and salience exploits limited attention (Equation 18.6).

	Nudge effects are intrinsically heterogeneous and largest for low-SES, low-numeracy, low-knowledge choosers (Mrkva et al. 2021), so a nudge’s distributional sign is set by the architect’s objective—amplifying help or harm alike.

	Welfare cannot be read off revealed choice when γ≠0\gamma \neq 0; legitimacy turns on cheap opt-out, surviving public disclosure, and alignment with the chooser’s own ends. Dark patterns are nudges that fail all three.

	Identifying γ\gamma in the field means a randomized experiment (Equation 18.7) or a parallel-trends DiD (Equation 18.8), powered for the susceptible subgroups and measured for persistence, not novelty.





18.9 Further Reading

The reference-dependence and heuristics foundations are Kahneman and Tversky (1979), A. Tversky and Kahneman (1974), A. Tversky and Kahneman (1981), Amos Tversky and Kahneman (1991), and R. Thaler (1985); salience and present bias are Bordalo, Gennaioli, and Shleifer (2013) and Laibson (1997); the normative social-influence machinery is Cialdini, Reno, and Kallgren (1990) and N. J. Goldstein, Cialdini, and Griskevicius (2008). The choice-architecture program rests on the default evidence of Eric J. Johnson and Goldstein (2003), the scale evidence of Benartzi et al. (2017), and the sludge counterpoint of R. H. Thaler (2018) (the Nudge monograph of Thaler and Sunstein states the libertarian-paternalism framing in full). For frontier field and behavioral evidence weave the saving-illusion result of Garbinsky, Mead, and Gregg (2020), the choice-architecture-and-inequity result of Mrkva et al. (2021), the BNPL framing evidence of S. Maesen and Ang (2024), and the privacy choice-architecture work of Adjerid, Acquisti, and Loewenstein (2019) and Acquisti, John, and Loewenstein (2012). The construct connects forward to assortment and decoy effects in Chapter 41, price framing in Chapter 19, and the social-evaluation evidence in Chapter 11.







1. The phrase is deliberately paradoxical: libertarian because options are preserved and opting out is free; paternalistic because the architect arranges the default to steer the inattentive chooser toward what the architect judges better for them. Critics argue the paternalism is real and the libertarianism partly illusory whenever opting out carries even small frictions—a tension we return to in Section 18.5.





19 Pricing

Price is the only element of the marketing mix that directly produces revenue; every other element—product, promotion, place—creates cost. It is also the most quickly adjusted lever a firm controls, the one most visible to competitors, and the one most freighted with psychological meaning for buyers. A one-percentage-point improvement in realized price typically lifts operating profit by far more than an equivalent improvement in volume or variable cost, because price flows to the bottom line undiluted. Yet pricing decisions are routinely delegated to spreadsheets and gut feel, precisely because the object the manager most needs—each buyer’s willingness to pay—is unobserved and actively concealed during exchange.

This chapter treats pricing as the problem of recovering a latent demand object and acting on it. We begin with the primitive: the reservation price, the maximum a buyer will pay, and the demand curve that aggregates reservation prices across a market. From the demand curve we derive the monopolist’s optimal price and the central quantity managers actually estimate—the price elasticity of demand—along with its identification problem. We then study how firms extract more surplus than a single price allows through price discrimination in its three textbook degrees, and how that machinery is implemented as versioning, bundling, and nonlinear tariffs. The second half of the chapter turns behavioral: buyers do not respond to prices as the textbook supposes. They evaluate prices against reference points, they treat a discount differently from a surcharge, they read price as a signal of quality, and they are moved by the framing of a promotion as much as by its depth. We close on the contemporary frontier—dynamic and personalized pricing—where firms set prices that vary across time, context, and individual, and where the gains from discrimination collide with consumer perceptions of fairness and with privacy regulation.

The through-line is measurement. A price is only as good as the demand estimate behind it, and every method we present—from a logit demand model to a conjoint study to a field experiment—is in the end a strategy for estimating how quantity responds to price when price is set by a firm that already knows something the analyst does not. We lead with the economic intuition, give each method its estimator and the assumption that breaks its identification, and supply seeded, runnable code.


19.1 Reservation Prices and Willingness to Pay

The atomic construct of pricing is the reservation price, also called willingness to pay (WTP): the maximum amount a particular consumer would pay for a unit of a product rather than forgo it. Formally, let a consumer derive gross utility (in monetary units) vv from acquiring one unit. Facing price pp, the consumer buys if and only if consumer surplus is nonnegative,

buy⇔v−p≥0⇔p≤v,(19.1)
\text{buy} \iff v - p \ge 0 \iff p \le v,
 \qquad(19.1)

so vv is the reservation price: the indifference price at which the consumer is exactly willing to transact. Reservation prices are heterogeneous across consumers; the distribution of vv in the population is the economic content of “demand.”


19.1.1 From Reservation Prices to the Demand Curve

Let F(⋅)F(\cdot) be the cumulative distribution function of reservation prices across a unit mass of potential buyers, so F(p)=Pr(v≤p)F(p) = \Pr(v \le p). At posted price pp, the buyers are exactly those with v≥pv \ge p, a fraction 1−F(p)1 - F(p). Market demand is therefore

Q(p)=M[1−F(p)],(19.2)
Q(p) = M\,\bigl[1 - F(p)\bigr],
 \qquad(19.2)

where MM is market size. The demand curve is the survival function of the reservation-price distribution, scaled by MM. This identity is the conceptual bridge between the behavioral object (what individuals will pay) and the aggregate object (how quantity responds to price): the slope of demand is governed by how reservation prices are dispersed. A market in which everyone values the good identically yields a flat demand curve with a single kink; wide dispersion in vv yields a smooth, gently sloped curve.








Reservation price is not the same as the price a consumer expects or prefers




The reservation price is a threshold—the worst deal the consumer would still accept—not the price the consumer hopes to pay or considers fair. Survey methods that ask “what is a reasonable price?” measure a reference price (covered in Section 19.5), not the reservation price. Conflating the two systematically understates WTP and leaves money on the table.









19.1.2 The Monopolist’s Price and the Elasticity

A firm with constant marginal cost cc choosing a single price solves maxp(p−c)Q(p)\max_p (p - c)\,Q(p). The first-order condition can be written in the canonical inverse-elasticity (Lerner) form

p⋆−cp⋆=−1ε(p⋆),ε(p)≡∂Q∂ppQ,(19.3)
\frac{p^\star - c}{p^\star} = -\frac{1}{\varepsilon(p^\star)},
\qquad
\varepsilon(p) \equiv \frac{\partial Q}{\partial p}\frac{p}{Q},
 \qquad(19.3)

where ε<0\varepsilon < 0 is the price elasticity of demand, the percentage change in quantity per percentage change in price. The optimal markup over cost, expressed as a fraction of price, equals the reciprocal of the (absolute) elasticity: inelastic demand (|ε||\varepsilon| small) supports a high markup; elastic demand forces price toward cost. Profit maximization requires operating where |ε|>1|\varepsilon| > 1; no firm optimally prices on the inelastic portion of its demand curve, because there a price increase would raise revenue and cut cost. The elasticity is thus the single most consequential number in pricing, and most of empirical pricing research is, at bottom, the estimation of ε\varepsilon.

A workhorse functional form is constant-elasticity (log-log) demand, logQ=α+εlogp+u\log Q = \alpha + \varepsilon \log p + u, under which ε\varepsilon is a single parameter. The following seeded example simulates a market of heterogeneous reservation prices, recovers the demand curve as the empirical survival function per Equation 19.2, and locates the profit-maximizing price.


set.seed(17)
M <- 100000                       # market size
v <- rlnorm(M, meanlog = log(40), sdlog = 0.5)   # reservation prices
c <- 15                           # marginal cost

price_grid <- seq(15, 120, by = 1)
demand  <- sapply(price_grid, function(p) mean(v >= p)) * M   # eq-demand-from-wtp
profit  <- (price_grid - c) * demand

p_star  <- price_grid[which.max(profit)]
q_star  <- demand[which.max(profit)]

# point elasticity at the optimum via numerical derivative
dQ <- diff(demand) / diff(price_grid)
elas_at_star <- dQ[which.max(profit)] * p_star / q_star

cat("Optimal price p*:        ", p_star, "\n")
#> Optimal price p*:         41
cat("Quantity at p*:          ", round(q_star), "\n")
#> Quantity at p*:           48208
cat("Elasticity at p*:        ", round(elas_at_star, 2), "\n")
#> Elasticity at p*:         -1.64
cat("Lerner markup (p*-c)/p*: ", round((p_star - c) / p_star, 3),
    " vs. -1/elasticity =", round(-1 / elas_at_star, 3), "\n")
#> Lerner markup (p*-c)/p*:  0.634  vs. -1/elasticity = 0.608




The recovered markup matches −1/ε-1/\varepsilon to within grid resolution, confirming Equation 19.3 numerically.



19.1.3 Eliciting Willingness to Pay

Because reservation prices are private, firms must elicit them. Four families of methods dominate, trading off realism against control.

Direct survey methods ask consumers their WTP, either openly or through a sequence of yes/no purchase questions (the contingent-valuation tradition). They are cheap but suffer hypothetical bias: respondents overstate WTP when no money changes hands, and the open-ended format invites strategic understatement.

Incentive-compatible mechanisms make truth-telling a dominant strategy by binding the respondent to a real transaction. In the Becker–DeGroot–Marschak (BDM) procedure the respondent states a bid bb; a price pp is then drawn at random, and the respondent buys at pp if b≥pb \ge p. Because the stated bid never sets the price the respondent pays, only whether they transact, the respondent’s optimal bid is exactly their true reservation price vv. Second-price (Vickrey) auctions share this incentive property.

Conjoint analysis infers WTP indirectly from trade-offs. Respondents choose among profiles that vary attributes (including price); a discrete-choice model recovers part-worth utilities, and the monetary value of an attribute is the ratio of its part-worth to the price coefficient. If utility is Uij=𝐱j′𝛃+βppj+εijU_{ij} = \mathbf{x}_j'\boldsymbol{\beta} + \beta_p\,p_j + \varepsilon_{ij}, the WTP for a unit change in attribute kk is −βk/βp-\beta_k/\beta_p, and the reservation price for a whole profile is the price that drives its choice probability against the outside option to one-half. Choice-based conjoint with hierarchical Bayes estimation is the industry standard for new-product pricing precisely because it disciplines the hypothetical task with realistic competitive trade-offs and recovers individual-level heterogeneity in 𝛃\boldsymbol{\beta} (Toubia and Stephen 2013; Ding, Li, and Chatterjee 2015). A complementary structural approach maps the conjoint primitives directly into demand and competitive equilibrium so that the elicited utilities deliver an optimal price rather than a ranking (Jedidi, Jagpal, and Manchanda 2003; Jedidi et al. 2021).

Revealed-preference / market data methods recover WTP from actual purchases. These are the most credible because choices are consequential, but they are silent about prices never observed in the data and carry the identification problem we turn to next.








Estimator box: WTP from a choice model




Given choice data, estimate 𝛃\boldsymbol{\beta} and βp\beta_p by maximum likelihood (logit) or hierarchical Bayes (mixed logit). The WTP for attribute kk is WTP̂k=−β̂k/β̂p\widehat{\text{WTP}}_k = -\hat\beta_k/\hat\beta_p. What breaks it: the ratio is fragile when β̂p≈0\hat\beta_p \approx 0 (a weak or wrong-signed price coefficient sends WTP to ±∞\pm\infty); price endogeneity biases β̂p\hat\beta_p toward zero and inflates WTP; and a fixed βp\beta_p across respondents imposes the implausible restriction that the marginal utility of income is identical for all, which the mixed-logit random coefficient relaxes (Dubé, Hortaçsu, and Joo 2021).










19.2 The Identification Problem in Demand Estimation

Estimating elasticity from observational price–quantity data confronts the oldest problem in econometrics: price is endogenous. Firms set prices in response to demand conditions the analyst does not see—a popular item is priced high because it is popular—so a naïve regression of quantity on price recovers a tangle of the demand curve and the firm’s pricing rule, biasing the elasticity toward zero (often to the wrong sign). Identification requires an instrument or structure that shifts price without shifting demand.


19.2.1 The Logit Demand System and BLP

The modern standard for differentiated-products demand is the random-coefficients logit, estimated by the method of S. Berry, Levinsohn, and Pakes (1995b) (BLP). Consumer ii’s indirect utility for product jj in market tt is

uijt=𝐱jt′𝛃i−αipjt+ξjt+εijt,(19.4)
u_{ijt} = \mathbf{x}_{jt}'\boldsymbol{\beta}_i - \alpha_i\,p_{jt} + \xi_{jt} + \varepsilon_{ijt},
 \qquad(19.4)

where 𝐱jt\mathbf{x}_{jt} are observed characteristics, pjtp_{jt} is price, ξjt\xi_{jt} is the unobserved (to the analyst) product quality that consumers and firms see, and εijt\varepsilon_{ijt} is an extreme-value taste shock. The coefficients (𝛃i,αi)(\boldsymbol{\beta}_i, \alpha_i) are random across consumers, generating realistic substitution patterns. The endogeneity is explicit and structural: price is correlated with ξjt\xi_{jt} because firms price higher where unobserved quality is higher, 𝔼[pjtξjt]≠0\mathbb{E}[p_{jt}\,\xi_{jt}] \ne 0.

Estimator. Invert market shares to recover the mean utility δjt(𝛉)=𝐱jt′𝛃−αpjt+ξjt\delta_{jt}(\boldsymbol{\theta}) = \mathbf{x}_{jt}'\boldsymbol{\beta} - \alpha p_{jt} + \xi_{jt}, form the structural error ξjt(𝛉)\xi_{jt}(\boldsymbol{\theta}), and choose the parameters by GMM to satisfy the moment condition 𝔼[ξjt∣𝐳jt]=0\mathbb{E}[\xi_{jt} \mid \mathbf{z}_{jt}] = 0 for instruments 𝐳jt\mathbf{z}_{jt}. What identifies it: valid instruments shift price (markups) but are mean-independent of ξjt\xi_{jt}—cost shifters, and the classic BLP instruments formed from characteristics of rival products, which move a firm’s markup through competition without entering its own demand shock. What breaks it: weak instruments (rival characteristics that barely move price) inflate standard errors and bias estimates toward OLS; instruments correlated with ξjt\xi_{jt} (e.g., rival quality that proxies own quality in a correlated market) reintroduce the bias the design was meant to remove. The structural demand literature in marketing builds directly on this machinery to estimate price response with panel and scanner data (P. Chintagunta et al. 2006; Reiss 2011; Nair et al. 2017).



19.2.2 Why Field Experiments Are the Clean Benchmark

A randomized price experiment severs the link between price and ξjt\xi_{jt} by construction: when the firm assigns price at random, 𝔼[pξ]=0\mathbb{E}[p\,\xi] = 0 by design, and the elasticity is identified by the experimental contrast alone. This is why pricing field experiments are the gold standard for elasticity, and why much recent work prices via controlled tests rather than relying on historical variation (Simester and Zhang 2010). The cost is external validity—an experiment identifies the elasticity at the tested prices, in the tested context, for the tested population—and the standard practical hazard is that competitors or consumers detect and react to the test. Figure 19.1 summarizes the identification logic that organizes the remainder of the methods in this chapter.
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Figure 19.1: The price-endogeneity problem and three identification strategies. Unobserved demand shifters drive both price and quantity; credible elasticity estimates require breaking that back-door path.











19.3 Price Discrimination

A single price leaves surplus uncaptured on both sides: high-WTP buyers pocket consumer surplus, and low-WTP buyers who would have paid more than cost are priced out entirely. Price discrimination—charging different prices that do not reflect differences in cost—aims to recover both. The classical taxonomy distinguishes three degrees by the information the firm exploits.




Table 19.1: The three degrees of price discrimination, by the information the firm exploits.












	Degree
	Information used
	Mechanism
	Surplus captured
	Real-world example





	First
	Each buyer’s exact vv
	Personalized price
	All surplus (in theory)
	Negotiated B2B deals; algorithmic personalization



	Second
	vv self-revealed through choice
	Versioning, bundling, quantity discounts, nonlinear tariffs
	Partial; buyers sort themselves
	Software tiers; airline fare classes; family-size packs



	Third
	Observable group membership correlated with vv
	Different price per segment
	Partial; bounded by arbitrage
	Student/senior discounts; geographic pricing











19.3.1 First-Degree (Perfect) Discrimination

Under first-degree discrimination the firm knows each buyer’s reservation price and charges exactly vv, extracting the entire surplus and selling to everyone whose vv exceeds marginal cost. Output is efficient (no willing buyer-above-cost is excluded) but all surplus accrues to the firm. Perfect discrimination is an idealization, but it is the conceptual ceiling that personalized pricing (Section 19.8) approaches as the firm’s information about individual WTP improves.



19.3.2 Second-Degree Discrimination: Self-Selection

When the firm cannot observe vv but knows its distribution, it offers a menu and lets buyers sort themselves—second-degree discrimination via self-selection. The design problem is a screening problem: construct options so that each consumer type prefers the option intended for it. Two constraints bind. Individual rationality (IR): each type must (weakly) prefer its option to no purchase. Incentive compatibility (IC): each type must (weakly) prefer its own option to every other option on the menu. The IC constraint is what forces the firm to leave information rent to high-WTP types: to stop a high type from masquerading as a low type, the firm must discount the high type’s option relative to first-degree, a markdown that is the price of not observing vv directly.

Three implementations recur:

Versioning offers quality-differentiated variants—a full-featured product and a deliberately degraded one—so that high-WTP buyers self-select into the premium version. The damaged-goods logic explains why firms incur cost to remove features: the degraded version exists to make the premium version’s price incentive-compatible for high types.

Bundling sells goods together at a price below the sum of standalone prices. When reservation prices for components are negatively correlated across buyers, bundling reduces the dispersion of total WTP and lets the firm price closer to the common bundle value, raising profit—the classic Stigler result. Mixed bundling, offering components both separately and as a bundle, dominates pure bundling when component valuations are heterogeneous, and is the architecture behind cable tiers and software suites.

Nonlinear (quantity) pricing charges a per-unit price that depends on quantity—a two-part tariff (fixed fee plus marginal price) or block tariff. With heterogeneous demand intensity, the optimal nonlinear schedule again leaves information rent to high-volume buyers and distorts the low-volume option downward. The marketing literature studies how such schedules interact with competition and with consumers’ misperception of their own future usage (Iyer, Soberman, and Villas-Boas 2005).



19.3.3 Third-Degree Discrimination: Observable Segments

When the firm observes a segment indicator correlated with WTP—age, location, student status, purchase history—it sets a separate optimal price per segment, each satisfying its own Lerner condition: charge the more inelastic segment the higher price. Third-degree discrimination is the most common in practice (coupons, geographic and channel pricing, demographic discounts) and is bounded by arbitrage: if low-price buyers can resell to high-price buyers, the scheme unravels, which is why discriminated goods are typically services, perishable, or identity-linked (a student ID, a loyalty account). The following example contrasts uniform pricing with optimal third-degree pricing across two segments with different elasticities.


set.seed(170)
c <- 15
# Two segments with constant-elasticity demand Q = A * p^eps
seg <- data.frame(
  name = c("price-sensitive", "price-insensitive"),
  A    = c(5e6, 2e6),
  eps  = c(-2.5, -1.4)
)

# Optimal monopoly price under constant elasticity: p* = c * eps/(eps+1)
seg$p_opt  <- c * seg$eps / (seg$eps + 1)
seg$q_opt  <- seg$A * seg$p_opt^seg$eps
seg$profit <- (seg$p_opt - c) * seg$q_opt

# Uniform price: maximize total profit over a single price
pg <- seq(16, 80, by = 0.5)
tot <- sapply(pg, function(p) sum((p - c) * seg$A * p^seg$eps))
p_uniform <- pg[which.max(tot)]
profit_uniform <- max(tot)

knitr::kable(
  transform(seg, p_opt = round(p_opt, 2), profit = round(profit)),
  col.names = c("Segment", "Scale A", "Elasticity", "Optimal price", "Quantity", "Profit"),
  caption = "Optimal third-degree prices differ across segments by elasticity."
)




Optimal third-degree prices differ across segments by elasticity.










	Segment
	Scale A
	Elasticity
	Optimal price
	Quantity
	Profit





	price-sensitive
	5e+06
	-2.5
	25.0
	1600.000
	16000



	price-insensitive
	2e+06
	-1.4
	52.5
	7812.805
	292980







cat("Uniform price:        ", p_uniform, " | profit:", round(profit_uniform), "\n")
#> Uniform price:         49.5  | profit: 302692
cat("Discrimination profit:", round(sum(seg$profit)),
    " | gain:", round(100 * (sum(seg$profit) / profit_uniform - 1), 1), "%\n")
#> Discrimination profit: 308980  | gain: 2.1 %




The price-insensitive segment optimally pays the higher price, and segmenting raises profit over the best single price—the basic dividend of discrimination.




19.4 Promotions and Discounting

Few products sell at a constant price for long. Temporary price promotions—a discount of limited duration—are ubiquitous in consumer packaged goods, where a large share of volume moves on deal. The empirical study of promotions is among the most mature in marketing because scanner data make deal incidence, depth, and timing directly observable.


19.4.1 Why Promotions Exist: Price Discrimination Over Time

A leading rationale for promotions is intertemporal price discrimination. Consumers differ in search and storage costs: price-sensitive “cherry pickers” pay attention to deals and stockpile, while loyal or time-pressed buyers pay the regular price. A pattern of high regular prices punctuated by deep discounts lets the firm charge the two groups different effective prices without an observable segment indicator—a temporal analogue of second-degree discrimination. Narasimhan (1988) models this coupon-and-deal logic, and Varian and Purohit (1980) shows that even with homogeneous goods, the mix of informed and uninformed consumers supports an equilibrium in which firms randomize prices (run sales) rather than converging on a single price. The implication is structural, not merely tactical: price dispersion and promotional cycling are equilibrium outcomes, not pricing errors.



19.4.2 Decomposing the Sales Spike

A promotion’s observed sales bump aggregates several distinct consumer responses, and a credible promotion model must separate them because they have opposite implications for incremental profit:


	Brand switching—buyers substitute toward the promoted brand from competitors; genuinely incremental to the brand.

	Category expansion—buyers consume more of the category; incremental to the category.

	Purchase acceleration—buyers who would have bought later buy now; a timing shift that borrows from future sales.

	Stockpiling—buyers increase inventory at home, depressing post-promotion demand (the post-promotion dip).



Estimating these shares is the central task of promotion analytics. Household panel decompositions consistently find that the large majority of a promotion’s sales spike comes from brand switching rather than category expansion, which means much promotional volume is incremental to the brand but cannibalizes the firm’s own future sales and rival sales rather than growing the pie (Van Heerde, Helsen, and Dekimpe 2007; Bell and Lattin 1998). Guyt and Gijsbrechts (2014) show that the decomposition itself depends on whether the analyst uses store or household data and on the deal-frequency environment, a caution against reading a single elasticity off aggregate data.



19.4.3 The Reference-Price Trap and Promotion Dynamics

Frequent discounting is not free even when each deal is individually profitable. Promotions erode the reference price—the internal benchmark against which buyers judge the next price (Section 19.5)—so that a brand which deals often trains its customers to wait, raising deal elasticity and depressing baseline sales over time (Kopalle and Hoffman 1992). The dynamic optimal promotion policy therefore trades the short-run volume gain against the long-run reference-price cost; Kopalle and Hoffman (1992) characterize this as a dynamic-programming problem in which the state is the prevailing reference price. Promotions also have asymmetric competitive effects: a stronger or higher-tier brand’s promotion steals more share than a weaker brand’s promotion of equal depth, so promotional power is not symmetric across the price tier (Sethuraman, Tellis, and Briesch 2011).



19.4.4 Promotion Framing and the Multitier Discount

How a discount is communicated affects response beyond its arithmetic depth—a behavioral theme we develop fully in Section 19.7. One frontier result concerns multitier discounting: presenting a quantity discount alongside an additional discount tier (for example, a “buy-one” price displayed next to a “buy-more” price) makes the quantity discount more attractive by inflating the perceived savings, even though the additional tier need not be the option chosen. H. Yang (2024) show that such multitier displays raise clickthrough, with the effect strengthening when the additional tier’s price is lower (amplifying perceived savings), among frequent category purchasers, and weakening among consumers who distrust advertised reference prices. The mechanism is reference-dependent: the extra tier resets the comparison standard against which the chosen option is evaluated, which is why the same discount performs differently under different framings.




19.5 Reference Prices

The standard model treats demand as a function of the absolute price. Decades of evidence contradict this: consumers judge a price relative to an internal standard, the reference price, and respond to the deviation between the observed price and that standard. The reference price may be internal (recalled from past purchases, formed from price history) or external (a manufacturer’s suggested price, a “regular price” struck through on the tag, a competitor’s displayed price). Reference effects are the empirical foundation of behavioral pricing.


19.5.1 Loss Aversion and Asymmetric Response

The dominant theoretical account imports prospect theory (Kahneman and Tversky 1979; A. Tversky and Kahneman 1981): buyers code a price below their reference point as a gain and a price above it as a loss, and because losses loom larger than gains (loss aversion), the demand response to a price increase above the reference exceeds the response to an equal price decrease below it. Let rr denote the reference price and pp the observed price. A reference-dependent demand specification splits the price deviation into gain and loss regions,

logQ=α+βlogp+γgain(r−p)+−γloss(p−r)++u,(19.5)
\log Q = \alpha + \beta\,\log p
        + \gamma_{\text{gain}}\,(r - p)^{+}
        - \gamma_{\text{loss}}\,(p - r)^{+} + u,
 \qquad(19.5)

where (⋅)+=max(⋅,0)(\cdot)^{+} = \max(\cdot, 0) and loss aversion predicts γloss>γgain>0\gamma_{\text{loss}} > \gamma_{\text{gain}} > 0. The empirical literature, beginning with brand-choice models on scanner panels, robustly finds this asymmetry: surcharges relative to the reference price suppress purchase more than equal discounts stimulate it. The asymmetry is the reason a sequence of small increases is less damaging than one large increase, and why “everyday low pricing” can outperform high-low promotion for some categories: it stabilizes the reference point.



19.5.2 Estimating the Reference Price

The reference price is latent, which raises an identification problem of its own: the analyst must posit a formation rule before estimating response. The two leading formulations are a memory-based rule, in which the reference adapts toward observed prices via exponential smoothing, rt=θrt−1+(1−θ)pt−1r_t = \theta\,r_{t-1} + (1-\theta)\,p_{t-1}, and a stimulus-based (contextual) rule, in which the reference is constructed from prices currently on the shelf. The two are observationally distinct and frequently both contribute; a model that omits the operative rule mis-attributes reference effects to absolute-price response. Crucially, the smoothing parameter θ\theta and the response coefficients (γgain,γloss)(\gamma_{\text{gain}}, \gamma_{\text{loss}}) are jointly identified only with sufficient independent variation in price and price history—if price follows a deterministic high-low cycle, the reference and the current price move together and the gain/loss coefficients are not separately identified from the level coefficient β\beta. This is the reference-price analogue of the endogeneity problem in Section 19.2: collinearity between the price and its own lagged transform, not firm behavior, is what breaks identification here.


set.seed(1717)
n <- 400
theta <- 0.7                      # reference-price memory
p <- 10 + 2 * sin(seq_len(n) / 5) + rnorm(n, 0, 0.8)   # noisy price path

# build the memory-based reference price
r <- numeric(n); r[1] <- p[1]
for (t in 2:n) r[t] <- theta * r[t - 1] + (1 - theta) * p[t - 1]

gain <- pmax(r - p, 0); loss <- pmax(p - r, 0)
# data-generating demand with loss aversion: loss coef > gain coef
logQ <- 6 - 0.8 * log(p) + 0.5 * gain - 1.6 * loss + rnorm(n, 0, 0.05)

fit <- lm(logQ ~ log(p) + gain + loss)
round(coef(summary(fit))[, 1:2], 3)
#>             Estimate Std. Error
#> (Intercept)    5.982      0.043
#> log(p)        -0.796      0.019
#> gain           0.505      0.005
#> loss          -1.594      0.004




The fitted loss coefficient is larger in magnitude than the gain coefficient, recovering the loss-aversion asymmetry the data were built with—provided the price path carries enough independent variation to separate the two.




19.6 Theoretical Foundations

The first half of this chapter rests on the economic baseline: a consumer with a stable reservation price vv buys when v≥pv \ge p (Equation 19.1), demand is the survival function of the vv distribution, the monopolist prices by the Lerner condition (Equation 19.3), and price discrimination recovers surplus a single price forgoes (Table 19.1). In that world price is a number that enters utility linearly and the only psychology is the dispersion of vv. The behavioral half of the chapter is organized by the theories that explain where this baseline fails, and behavioral economics supplies them. Naming the governing theories shows that the pricing effects below are not a grab-bag of tricks but consequences of a small set of results about how prices are judged.

The anchor is prospect theory (Kahneman and Tversky 1979; A. Tversky and Kahneman 1981). Consumers do not evaluate a price against final wealth; they evaluate it against a reference price, coding an outcome below the reference as a gain and one above it as a loss. Because the value function is steeper for losses than for gains, loss aversion produces asymmetric price response: a surcharge relative to the reference suppresses purchase more than an equal discount stimulates it, the asymmetry formalized in Equation 19.5 and given its empirical-generalization statement by Kalyanaram and Winer (1995) and Amos Tversky and Kahneman (1991). The same asymmetry is why discount framing (a lower price offered) provokes less resistance than surcharge framing (a fee added) for an identical net schedule, and why a sequence of small increases is less damaging than one large jump.

Mental accounting (R. Thaler 1985) explains the second cluster of effects. Consumers code outcomes into separate, non-fungible cognitive accounts and apply prospect-theory value within each, so the partitioning of a total price changes its perceived magnitude. Partitioned and drip pricing, the discount-versus-rebate-versus- bonus-pack framing of a promotion, and the silver-lining logic of bundling a small loss with a larger gain all follow from coding rules rather than from the arithmetic of the total. Anchoring (A. Tversky and Kahneman 1974) supplies the third: an external reference (a struck-through “regular price,” a manufacturer’s suggested price, a left-digit 9-ending) sets the standard against which the focal price is judged, and insufficient adjustment away from that anchor moves willingness to pay. Anchoring and reference-price formation are two views of the same comparison machinery that the reference-dependent demand model in Section 19.5 makes precise.

A fourth theory governs the intertemporal side of pricing. Hyperbolic discounting, the present-biased finding that near-term costs and benefits are over-weighted relative to distant ones (Laibson 1997), explains why subscriptions and “buy now, pay later” are powerful: deferring or fragmenting payment exploits the gap between a present-biased purchase decision and the future stream of charges the consumer discounts too steeply at the moment of choice. It is also why free-trial-to-paid conversion and subscription inertia are reliable revenue mechanisms, and why a self-aware consumer may want a commitment device against their own present bias. Together these four theories (prospect theory and reference dependence, mental accounting, anchoring, and present bias) are the behavioral departures from the utility-and-discrimination baseline that the rest of this section develops and quantifies.



19.7 Behavioral Pricing

Reference dependence is one of a broader family of departures from the rational single-price model. Behavioral pricing studies how the psychology of price perception—framing, fluency, signaling, and mental accounting—shapes demand in ways the firm can exploit (or be exploited by). We organize the main effects below; each has a clean experimental signature and a pricing implication.


19.7.1 Price as a Quality Signal

When quality is unobservable before purchase, price itself carries information: buyers infer that a higher price signals higher quality, especially in categories where quality is hard to judge and stakes are high. This price–quality inference inverts the usual demand logic over a range—raising price can raise perceived value and, in thin information environments, raise demand. The mechanism is the signaling logic of Chapter 11 and the lemons problem of Akerlof (1970): price can support a separating equilibrium in which only high-quality firms can profitably sustain a high price, so a high price is credible quality information. The pricing implication is that underpricing a premium product can suppress demand by signaling inferior quality, a failure mode invisible to a model in which demand is monotone decreasing in price.



19.7.2 Price Endings, Precision, and Fluency

Prices are not processed as raw numbers. Just-below (9-ending) pricing—$9.99 rather than $10.00—raises demand beyond the trivial one-cent saving, through a left-digit anchoring effect (the leading digit dominates magnitude perception) and a learned association of 9-endings with discounts. The framing of a price’s precision also matters: round prices are processed more fluently and feel “right” for emotional or hedonic purchases, while precise prices signal that a figure was carefully computed and can anchor negotiations more effectively (Janiszewski, Labroo, and Rucker 2016). These effects are robust enough to be exploited routinely in retail, but they are also category- and context-dependent, and a 9-ending that signals “discount” can undercut a premium positioning.



19.7.3 Partitioned Pricing, Drip Pricing, and Mental Accounting

How a total price is split changes its perceived magnitude. Partitioned pricing—separating a base price from a surcharge (shipping, handling, a resort fee)—can lower the perceived total because attention anchors on the salient base component and underweights add-ons. Its aggressive cousin, drip pricing, reveals mandatory charges sequentially during checkout, exploiting the sunk cost of search effort already invested. The mechanism is mental accounting (R. Thaler 1985): consumers evaluate gains and losses in separate cognitive accounts rather than integrating them, so the framing of a price into components—and the framing of a promotion as a discount versus a rebate versus a bonus pack—changes evaluation even when the net economics are identical. The same logic explains why bundling a small loss with a larger gain (silver linings) and segregating multiple gains maximizes perceived value.



19.7.4 The Pennies-a-Day and Temporal Reframing

Reframing a price’s temporal unit alters its acceptability: $365 per year framed as “a dollar a day” recruits a more favorable comparison standard (a trivial daily expenditure) and lifts compliance, the pennies-a-day effect. Subscription pricing exploits this directly. The common thread across these effects is that the number the consumer compares against—the reference, the salient digit, the temporal unit—is malleable, and the firm partly controls it through framing. Figure 19.2 organizes the behavioral effects by the cognitive mechanism each exploits.
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Figure 19.2: A map of behavioral pricing effects by underlying mechanism. Each effect is a lever on the comparison standard or the perceived magnitude of a price, not on its arithmetic level.











19.8 Dynamic and Personalized Pricing

The classical theory sets one price for all buyers at one time. Digital commerce relaxes both restrictions. Dynamic pricing varies price over time in response to demand, inventory, and competition; personalized pricing varies price across individuals in response to what the firm infers about each buyer’s WTP. Together they push pricing toward the first-degree ideal of Table 19.1—and toward its ethical and regulatory limits.


19.8.1 Dynamic Pricing: Learning and Inventory

Two distinct forces drive price over time. The first is demand learning: a firm uncertain about the demand curve experiments with prices to estimate elasticity, then exploits the estimate—a price-setting bandit problem in which the firm balances the exploration value of an informative price against the exploitation value of the currently estimated optimum. The second is intertemporal capacity allocation: when capacity is fixed and perishable (airline seats, hotel nights, event tickets), the firm raises price as the sell-by date approaches and inventory tightens, the logic of revenue management. Both are now studied structurally on transaction data (Elberg et al. 2019; Cosguner and Seetharaman 2022), and both interact with forward-looking consumers who anticipate price paths: when buyers expect a clearance, they delay, and the firm’s optimal path must account for strategic waiting—the durable-goods monopolist’s commitment problem.



19.8.2 Personalized Pricing and the Value of Data

Personalized pricing conditions the offer on individual data—browsing history, device, location, purchase record—to approximate each buyer’s reservation price. Online, the firm can in principle observe a behavioral proxy for WTP and price against it, an operational route toward first-degree discrimination. The economics are double-edged. B. Shapiro (2016) and the price-discrimination-with-data literature show that better consumer information lets the firm extract more surplus, but competition can flip the sign: when rivals also personalize, the same data that enables extraction also intensifies price competition for each contestable consumer, and consumers can be made better off in aggregate. The welfare and profit consequences of personalization thus depend on market structure—monopoly personalization transfers surplus to the firm, competitive personalization can dissipate it (Yuxin Chen et al. 2009; Aguirre et al. 2016). The data itself becomes a strategic asset whose value is exactly the incremental surplus the firm can extract by conditioning price on it.



19.8.3 Algorithmic Pricing and Collusion

When competing firms delegate pricing to learning algorithms, a new hazard emerges: algorithms that independently learn to set supra-competitive prices, sustaining tacit collusion without any explicit agreement. Because the algorithms reach a collusive outcome through repeated interaction rather than communication, the conduct falls outside the reach of antitrust doctrine built for human agreements, an active concern at the marketing–policy frontier. The same automation that lets a firm respond to demand in real time can, in a market of similar algorithms, soften price competition without anyone intending it.



19.8.4 Fairness and the Backlash Constraint

The binding constraint on personalized and dynamic pricing is often not the law but perceived fairness. Consumers judge price differences they cannot attribute to cost as unfair, and react with reduced purchase, reduced loyalty, and reputational punishment. The reference-transaction model of fairness holds that buyers anchor on a fair reference price (the price others pay, or the price they paid before) and treat a personalized surcharge as a loss imposed on them—linking fairness directly to the reference-dependence machinery of Section 19.5. The canonical cautionary case is the consumer backlash against early online price experiments that charged different customers different prices for the same item; the lesson generalizes to surge pricing, where transparency and a cost-based rationale moderate the backlash. Surcharge framing (a fee added) provokes more outrage than discount framing (a lower price offered) for the identical price schedule, a direct consequence of loss aversion. The managerial upshot is that the feasible degree of discrimination is set not by the firm’s data but by what consumers will tolerate before the fairness penalty exceeds the discrimination dividend.



19.8.5 Privacy Regulation as a Constraint on Personalization

Personalized pricing runs on personal data, so privacy regulation directly bounds it. Restrictions on tracking and data collection—and consumers’ own privacy choices—shrink the information set on which prices can be conditioned, attenuating the firm’s move toward first-degree discrimination. The evidence is that privacy regulation and opt-out reduce the granularity of targeting available to firms, with measurable effects on the data economy that underwrites personalization (Acquisti, John, and Loewenstein 2012; S. L. Johnson, Faraj, and Kudaravalli 2014). Privacy is thus not merely a compliance overlay but a first-order determinant of how far personalized pricing can go: the legal ceiling on data acquisition is, in effect, a ceiling on price discrimination.




19.9 Key Takeaways


	The primitive of pricing is the reservation price; the demand curve is the survival function of the reservation-price distribution (Equation 19.2), and the elasticity governs the optimal markup through the Lerner condition (Equation 19.3). Estimating elasticity is the core empirical task.

	Observational price data are endogenous—firms price on information the analyst cannot see—so credible elasticities require an instrument (cost or rival shifters), a structural model (BLP, Equation 19.4), or a randomized price experiment.

	Price discrimination recovers surplus a single price forgoes, in three degrees distinguished by information (Table 19.1); second-degree menus must satisfy incentive compatibility, which forces the firm to leave information rent to high-WTP buyers.

	Promotions are largely intertemporal price discrimination; most of a deal’s spike is brand switching, and frequent dealing erodes the reference price, imposing a dynamic cost on tactical gains.

	Buyers respond to prices relative to a reference point with loss-averse asymmetry (Equation 19.5), and to framing, fluency, signaling, and mental accounting—levers on the comparison standard rather than the price level.

	Dynamic and personalized pricing push toward first-degree extraction, but their feasible reach is bounded by competition, by perceived fairness (itself a reference-dependence phenomenon), and by privacy regulation.





19.10 Further Reading

For the structural estimation of demand and price response, the differentiated-products literature beginning with S. Berry, Levinsohn, and Pakes (1995b) and developed in marketing by P. Chintagunta et al. (2006) and Nair et al. (2017) is the entry point; Dubé, Hortaçsu, and Joo (2021) treats random-coefficient logit estimation in depth. On promotions, Van Heerde, Helsen, and Dekimpe (2007) and Kopalle and Hoffman (1992) cover decomposition and the dynamic reference-price cost. The behavioral strand connects to Chapter 11 (price–quality signaling) and to the prospect-theoretic foundations in Kahneman and Tversky (1979), A. Tversky and Kahneman (1981), and R. Thaler (1985), with the reference-price empirical generalizations of Kalyanaram and Winer (1995), the riskless-choice loss-aversion model of Amos Tversky and Kahneman (1991), the anchoring foundation of A. Tversky and Kahneman (1974), and the present-bias account of subscriptions in Laibson (1997). The personalization frontier and its welfare economics are surveyed through B. Shapiro (2016), Yuxin Chen et al. (2009), and Aguirre et al. (2016), with privacy constraints in Acquisti, John, and Loewenstein (2012).





20 Services Marketing

A service is a performance rather than a possession: an act, deed, or performance that one party renders to another, the benefit of which is largely intangible and consumed as it is produced. Where a manufactured good is a noun—a discrete object that can be inventoried, inspected, and returned—a service is a verb, an event that exists only in the interval during which it is delivered. This ontological difference is not a curiosity. It reorganizes the entire marketing problem: there is no shelf to merchandise, no package to design, no unit to recall, and often no way for the customer to evaluate quality until the performance is already underway. The economically dominant share of advanced economies is now organized around exactly these intangible performances, which makes the management of service quality, frontline labor, and customer satisfaction a central rather than a peripheral concern for marketing.

This chapter develops services marketing as a coherent theory rather than a list of tactics. We begin with the four properties—intangibility, inseparability, heterogeneity, perishability—that distinguish services from goods, and show how each property maps onto a specific managerial difficulty and a specific measurement problem. From there we build the central construct of the field, service quality, formalize its leading operationalization (the gaps model and the SERVQUAL instrument), and confront the measurement controversy—difference scores versus perceptions-only—on its own statistical terms. We then connect quality to profit through the service-profit chain, a causal cascade running from internal employee conditions to external customer outcomes to firm value, and we treat the frontline employee as the load-bearing node in that chain. Because services fail in real time and in front of the customer, we give service recovery and the recovery paradox a formal treatment, and we close with satisfaction in services, where the expectation–disconfirmation paradigm supplies both the dominant theory and the dominant national measurement infrastructure.

Throughout, the reader should keep one structural fact in view: in a service, the product and the marketing are frequently the same act, performed by the same employee, in the same moment. That collapse of production and consumption is the source of nearly every difficulty—and every opportunity—the chapter treats.


20.1 What Makes a Service Different

Four properties, conventionally labeled the “IHIP” characteristics, organize the classical account of why services resist the marketing apparatus built for goods. Each is best understood not as a definitional checkbox but as the root of a managerial and a measurement problem.

Intangibility. A service cannot be seen, touched, or stored before purchase. The buyer therefore cannot inspect quality ex ante and must instead infer it from tangible cues—the cleanliness of a waiting room, the credentials on a wall, the demeanor of a receptionist—and from reputation. Intangibility shifts the information problem onto the firm, which must make the invisible legible, and onto the researcher, who cannot measure a physical attribute and must instead measure a perception.

Inseparability. Production and consumption are simultaneous. A haircut is produced at the instant it is consumed; the customer is physically present in the “factory” and frequently co-produces the outcome. Inseparability means quality cannot be inspected out before it reaches the customer, that the customer’s own behavior is an input to the production function, and that the moment of contact between customer and employee—the service encounter—is where value is created or destroyed.

Heterogeneity (variability). Because services are performed by people for people, no two deliveries are identical. The same physician, the same airline, the same call center varies across employees, across customers, and across the same employee on a Monday versus a Friday. Heterogeneity is the enemy of the brand promise: a goods manufacturer can guarantee that every unit is within tolerance, whereas a service firm can only manage the distribution of an inherently stochastic performance.

Perishability. Service capacity cannot be inventoried. An airline seat that flies empty, a hotel room that sleeps no one, an hour of a consultant’s unbilled time—each is lost forever. Perishability turns capacity-and-demand matching (yield management, queuing, appointment systems) into a first-order marketing problem, because the firm cannot smooth demand shocks by drawing down stock.

These properties are ideal-typical, and modern scholarship rightly treats the goods–services boundary as a continuum rather than a dichotomy: most market offerings bundle tangible and intangible elements, and the service-dominant perspective argues that even physical goods are ultimately vehicles for service provision.  For the purposes of this chapter we retain the four properties as a diagnostic lens: each tells us where quality is manufactured, where it can fail, and how it must be measured. Figure 20.1 maps each property to the managerial problem it creates.
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Figure 20.1: The four classical service properties and the managerial problem each creates. Each property routes to a downstream construct treated in this chapter.










20.2 Theoretical Foundations

The constructs developed in this chapter do not stand alone; each rests on a governing theory that explains why the phenomenon behaves as it does. Five strands organize the field.

Service-dominant (S-D) logic reframes the goods-versus-services boundary discussed above. Vargo and Lusch argue that value is not embedded in a tangible good and transferred to a passive buyer but is co-created through service exchange, with the customer an active operant resource rather than a destroyer of value (Vargo and Lusch 2004a). The later, institutional statement embeds this exchange in service ecosystems coordinated by shared norms and rules (Vargo and Lusch 2016). S-D logic supplies the chapter’s premise that even physical goods are vehicles for service provision and that the service encounter is where value is jointly produced.

The gaps model and SERVQUAL give service quality its dominant operationalization. Parasuraman, Zeithaml, and Berry theorize perceived quality as the customer-facing discrepancy (Gap 5) between expected and perceived service, itself the downstream consequence of four internal provider-side gaps. The account matters because it locates a customer outcome at the end of a chain of managerially actionable organizational deficiencies, which is exactly the structure formalized in Equation 20.2 and Section 20.3.

Justice (equity) theory explains service recovery. Customers evaluate a firm’s response to failure as an exchange judged for fairness, decomposed into distributive, procedural, and interactional justice. This equity lens accounts for the recovery paradox of Section 20.6: a recovery that restores perceived fairness across all three dimensions can lift satisfaction above the no-failure baseline, with the interactional (human, empathetic) component frequently carrying the largest weight.

Role theory accounts for the frontline employee of Section 20.5. The boundary-spanning agent occupies a role defined by two principals (the organization and the customer) whose conflicting expectations generate role conflict and role ambiguity, the structural source of the emotional labor and burnout that degrade delivered quality. Role theory is why the frontline is simultaneously the product and the principal source of quality variance.

Expectation-disconfirmation is the theoretical engine of satisfaction. As formalized in Section 20.7, satisfaction arises from the comparison of perceived performance against a prior expectation, driven principally by the disconfirmation between the two (Richard L. Oliver and Burke 1999). Its kinship to the SERVQUAL gap is not incidental: both are performance-minus-expectation differences, so both inherit the difference-score liabilities treated in Section 20.3.2.



20.3 Service Quality and the Gaps Model

The central construct of services marketing is perceived service quality: the customer’s global judgment of the superiority or excellence of a service. It is explicitly an attitude—relatively enduring, evaluative, and distinct from the transaction-specific affect of satisfaction (a distinction we sharpen in Section 20.7). The dominant theoretical apparatus, due to Parasuraman, Zeithaml, and Berry, frames quality as the resolution of a chain of internal organizational gaps that culminate in a single external gap between what the customer expected and what the customer perceived they received. 


Service quality, as perceived by the customer, is the discrepancy between the customer’s expectations of what a firm should offer and their perceptions of the firm’s actual performance. Quality is high when perceptions meet or exceed expectations and low when they fall short.



The power of the formulation is that it locates a customer-facing outcome (the perception–expectation discrepancy) at the end of a causal chain of internal deficiencies management can act on. The model identifies five gaps, summarized in Table 20.1.




Table 20.1: The five gaps in the service-quality model. Gap 5, the customer’s perceived quality shortfall, is theorized as a function of the four provider-side gaps.










	Gap
	Located between
	Managerial reading





	1
	Customer expectations and management’s perception of them
	The firm does not know what customers expect



	2
	Management perceptions and service quality specifications
	The firm knows but cannot codify expectations into standards



	3
	Specifications and actual service delivery
	Standards exist but the frontline does not meet them



	4
	Service delivery and external communications
	Promises (advertising, sales) overstate delivery



	5
	Expected service and perceived service
	The customer-facing gap—a function of Gaps 1–4










Formally, write EijE_{ij} for customer ii’s expectation on quality attribute jj and PijP_{ij} for the same customer’s perception of delivered performance. The customer-facing Gap 5 for attribute jj is

Gij(5)=Pij−Eij,(20.1)
G_{ij}^{(5)} = P_{ij} - E_{ij},
 \qquad(20.1)

and overall perceived quality aggregates the attribute-level gaps, optionally weighting each attribute jj by its importance wijw_{ij} (with ∑jwij=1\sum_j w_{ij}=1):

SQi=∑j=1Jwij(Pij−Eij).(20.2)
\text{SQ}_i = \sum_{j=1}^{J} w_{ij}\,\big(P_{ij} - E_{ij}\big).
 \qquad(20.2)

A nonnegative Gij(5)G_{ij}^{(5)} indicates met-or-exceeded expectations on attribute jj; the model’s substantive claim is that this final gap is driven by the provider-side Gaps 1–4, so that management improves perceived quality by closing internal deficiencies rather than by exhorting customers to lower expectations. Figure 20.2 traces this chain from the four provider-side gaps to the customer-facing Gap 5.







[image: ]






Figure 20.2: The gaps model of service quality. The customer-side gap (Gap 5) between expected and perceived service is the downstream consequence of four provider-side gaps. Management acts on Gaps 1–4.









20.3.1 The SERVQUAL Instrument

To operationalize Equation 20.2, Parasuraman and colleagues developed SERVQUAL, a multi-item scale that measures expectations and perceptions on a battery of items that load on five dimensions. The five dimensions—reduced from an original ten through factor analysis—are conventionally summarized by the mnemonic RATER:


	Reliability — the ability to perform the promised service dependably and accurately. Empirically the most heavily weighted dimension across most contexts.

	Assurance — the knowledge and courtesy of employees and their ability to convey trust and confidence.

	Tangibles — the appearance of physical facilities, equipment, personnel, and communication materials (the visible proxies for an invisible product).

	Empathy — the caring, individualized attention the firm provides its customers.

	Responsiveness — the willingness to help customers and provide prompt service.



The instrument administers each item twice—once to elicit the expectation (“Excellent firms in this industry will have modern equipment”) and once to elicit the perception (“Firm X has modern equipment”)—on matched seven-point scales, and computes the per-item gap as their difference. Dimension scores average the item gaps within a dimension; the overall score averages across dimensions, weighted or unweighted.



20.3.2 The Difference-Score Controversy

SERVQUAL’s defining design choice—computing quality as the difference P−EP-E—is also its most contested, and the dispute is genuinely psychometric rather than merely stylistic. The reliability of a difference score is a function of the reliabilities of its components and, crucially, the correlation between them. Let PP and EE have reliabilities ρPP\rho_{PP} and ρEE\rho_{EE}, variances σP2\sigma_P^2 and σE2\sigma_E^2, and correlation ρPE\rho_{PE}. The reliability of D=P−ED = P - E is

ρDD=σP2ρPP+σE2ρEE−2ρPEσPσEσP2+σE2−2ρPEσPσE.(20.3)
\rho_{DD} =
\frac{\sigma_P^2\,\rho_{PP} + \sigma_E^2\,\rho_{EE}
      - 2\,\rho_{PE}\,\sigma_P \sigma_E}
     {\sigma_P^2 + \sigma_E^2 - 2\,\rho_{PE}\,\sigma_P \sigma_E}.
 \qquad(20.3)

The pathology is visible in the algebra: when the components are themselves positively correlated (as PP and EE typically are—customers who expect more of excellent firms also tend to perceive more), the term −2ρPEσPσE-2\rho_{PE}\sigma_P
\sigma_E shrinks both numerator and denominator, and the difference score’s reliability falls below that of either component. Difference scores can also suffer spurious correlation with their own components and impose a restrictive constraint—that PP and EE enter the quality judgment with equal and opposite unit weights—that the data need not honor. 

These objections motivated the SERVPERF alternative, which discards the expectation battery and measures quality from perceptions alone, SQi=∑jwijPij\text{SQ}_i =
\sum_j w_{ij} P_{ij}. Perceptions-only scores frequently exhibit higher reliability and superior predictive validity for downstream outcomes such as purchase intention, and they halve respondent burden. The defense of the gaps formulation is conceptual rather than statistical: the expectation component carries diagnostic information—telling management not just that quality is low but relative to what standard—that a perceptions-only score discards. The pragmatic resolution adopted in much applied work is to measure perceptions for prediction and to retain expectations for diagnosis, treating the two instruments as serving different jobs rather than competing for the same one. The deeper lesson generalizes beyond services: whenever a construct is defined as a gap, the analyst inherits the difference-score’s measurement liabilities and must justify the equal-and-opposite-weight constraint rather than assume it (cf. the reflective-versus-formative measurement question in Chapter 11).



20.3.3 A Reproducible SERVQUAL Analysis

The following example simulates a SERVQUAL dataset, computes gap scores and dimension means, and contrasts the reliability of the difference score against the perceptions-only score—making the pathology of Equation 20.3 concrete rather than abstract.


set.seed(18)

n_resp <- 400
dims   <- c("Reliability", "Assurance", "Tangibles", "Empathy", "Responsiveness")
items_per_dim <- 4

# Latent per-respondent quality propensity and an expectation propensity that is
# positively correlated with it (the source of the difference-score pathology).
quality_latent <- rnorm(n_resp, 0, 1)
expect_latent  <- 0.6 * quality_latent + rnorm(n_resp, 0, 0.8)

simulate_block <- function(latent, base, sd_item) {
  # 7-point items: clamp a latent-driven Gaussian to [1, 7].
  raw <- base + latent + rnorm(length(latent), 0, sd_item)
  pmin(pmax(round(raw), 1), 7)
}

# Perceptions average ~5.0; expectations average higher (~6.0): a negative gap.
P <- sapply(seq_len(length(dims) * items_per_dim),
            function(k) simulate_block(quality_latent, base = 5.0, sd_item = 0.9))
E <- sapply(seq_len(length(dims) * items_per_dim),
            function(k) simulate_block(expect_latent,  base = 6.0, sd_item = 0.9))

colnames(P) <- colnames(E) <-
  paste0(rep(substr(dims, 1, 3), each = items_per_dim), "_",
         rep(seq_len(items_per_dim), times = length(dims)))

# Per-item gap (Eq. for G^(5)) and per-dimension mean gap.
gap <- P - E
dim_index <- rep(dims, each = items_per_dim)
dim_gap <- sapply(dims, function(d) mean(gap[, dim_index == d]))

knitr::kable(
  data.frame(Dimension = dims, Mean_Gap = round(dim_gap, 3)),
  caption = "Mean SERVQUAL gap (Perception − Expectation) by dimension; negative values indicate unmet expectations."
)




Mean SERVQUAL gap (Perception − Expectation) by dimension; negative values indicate unmet expectations.


	
	Dimension
	Mean_Gap





	Reliability
	Reliability
	-0.853



	Assurance
	Assurance
	-0.948



	Tangibles
	Tangibles
	-0.846



	Empathy
	Empathy
	-0.856



	Responsiveness
	Responsiveness
	-0.878










# Cronbach's alpha (base R): reliability of a set of items.
cron_alpha <- function(X) {
  k <- ncol(X)
  total_var <- var(rowSums(X))
  item_var  <- sum(apply(X, 2, var))
  (k / (k - 1)) * (1 - item_var / total_var)
}

alpha_perc <- cron_alpha(P)            # perceptions-only (SERVPERF)
alpha_gap  <- cron_alpha(gap)          # difference scores (SERVQUAL)

cat("Cronbach's alpha, perceptions-only (SERVPERF):", round(alpha_perc, 3), "\n")
#> Cronbach's alpha, perceptions-only (SERVPERF): 0.958
cat("Cronbach's alpha, difference scores (SERVQUAL):", round(alpha_gap, 3), "\n")
#> Cronbach's alpha, difference scores (SERVQUAL): 0.903




The perceptions-only scale typically returns the higher reliability, exactly as Equation 20.3 predicts when expectations and perceptions are positively correlated. This is the empirical core of the SERVPERF critique, reproduced from first principles.




20.4 The Service-Profit Chain

Service quality is not pursued for its own sake; the managerial interest is in its consequences for profit. The service-profit chain supplies the causal scaffolding linking the two. In its canonical form it is a cascade: internal service quality drives employee satisfaction; satisfied employees are more loyal and more productive; their loyalty and productivity raise external service value; perceived value drives customer satisfaction; satisfied customers become loyal; and customer loyalty drives revenue growth and profitability. 


Profit and growth are stimulated primarily by customer loyalty. Loyalty is a direct result of customer satisfaction. Satisfaction is largely influenced by the value of services provided to customers. Value is created by satisfied, loyal, and productive employees. Employee satisfaction, in turn, results primarily from high-quality internal support and policies that enable employees to deliver results to customers.



The chain is a structural claim, and it is worth writing as one. Let the latent nodes be internal quality II, employee satisfaction SeS^e, external value VV, customer satisfaction ScS^c, customer loyalty LL, and profit π\pi. The recursive system is

Se=β1I+ε1,V=β2Se+ε2,Sc=β3V+ε3,L=β4Sc+ε4,π=β5L+ε5,(20.4)
\begin{aligned}
S^e &= \beta_1 I + \varepsilon_1, \\
V   &= \beta_2 S^e + \varepsilon_2, \\
S^c &= \beta_3 V + \varepsilon_3, \\
L   &= \beta_4 S^c + \varepsilon_4, \\
\pi &= \beta_5 L + \varepsilon_5,
\end{aligned}
 \qquad(20.4)

so that the total effect of internal service quality on profit is the product of the path coefficients, ∂π/∂I=∏k=15βk\partial \pi / \partial I = \prod_{k=1}^{5}\beta_k, under the recursive (no-feedback, uncorrelated-error) assumptions that make this a valid structural decomposition. Two features deserve emphasis. First, the chain is multiplicative: a weak link anywhere collapses the whole, which is why a firm with excellent customer-facing processes but demoralized employees realizes little profit gain. Second, the links are not mechanical identities but estimated empirical relationships, several of which are nonlinear—the satisfaction–loyalty link in particular is famously sigmoid, with loyalty unresponsive in a broad zone of mere satisfaction and rising sharply only at the top of the scale. 

The identification challenge is that none of these relationships is delivered causally by cross-sectional correlation. Satisfied customers may be more loyal, or loyal customers may report more satisfaction (reverse causality); a common unobserved cause—say, a customer’s baseline disposition—may inflate every link (omitted-variable bias); and firms that invest in employees may differ systematically in ways the chain does not model (selection). Credible estimates of the chain therefore lean on within-unit variation (employee–customer matched panels, store fixed effects) or on exogenous shocks to one link, and the recursive structure of Equation 20.4 should be read as a maintained modeling assumption, not an established fact. Figure 20.3 lays out the chain link by link, from internal service quality to profit.
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Figure 20.3: The service-profit chain. Internal organizational conditions propagate, link by link, to firm profitability; the total effect is the product of the path coefficients in the recursive system.








The downstream end of the chain—that customer satisfaction and customer equity translate into shareholder value—is now well documented in the marketing–finance literature. Aggregate customer satisfaction, as captured by national indices, is positively associated with firm cash flows, stock returns, and reduced cash-flow volatility, and satisfaction portfolios have been shown to earn abnormal returns (Fornell et al. 2006; Gruca and Rego 2005; Aksoy et al. 2008). Customer satisfaction and customer-based assets thus belong squarely within the marketing-as-investment frame developed in Chapter 23, and the service-profit chain is the micro-mechanism that connects frontline practice to that firm-level payoff.



20.5 Frontline Employees and the Service Encounter

The pivotal node in the service-profit chain is the frontline employee—the person who actually performs the service in the customer’s presence. Because of inseparability, this employee is the product at the moment of contact, and because of heterogeneity, this employee is the principal source of quality variance. The encounter between frontline employee and customer is therefore the “moment of truth” where the firm’s strategy is either realized or undone.

Three structural features make the frontline role distinctive and difficult. First, the frontline employee occupies a boundary-spanning position, standing simultaneously inside the firm and at its edge, and is subject to two principals whose interests routinely conflict: the organization, which presses for efficiency and compliance, and the customer, who presses for responsiveness and accommodation. This conflict is the structural source of emotional labor—the effort of displaying organizationally desired emotions regardless of felt emotion—whose chronic exercise (surface acting in particular) predicts emotional exhaustion and burnout. 

Second, the frontline is the locus of internal marketing: the proposition, embedded in the left links of Equation 20.4, that employees are an internal market whose satisfaction, training, and empowerment must be managed as deliberately as the external customer’s. Empowerment—granting frontline staff discretion to resolve problems without escalation—shortens recovery time and raises satisfaction, but it trades off against consistency and cost, so the optimal degree of discretion is an interior solution, not a maximum.

Third, the frontline increasingly works alongside algorithmic and automated systems rather than in isolation. Service is being reorganized around customer self-service technologies, conversational agents, and AI-assisted human agents, which shifts the human role toward the complex, emotional, and exception-handling encounters that automation handles poorly, and raises new questions about how customers respond to non-human service providers and to disclosed automation. Recent frontline scholarship documents how engaged frontline employees and well-designed human–technology configurations propagate through to customer outcomes and firm performance (Harmeling et al. 2016; Umashankar, Bahadir, and Bharadwaj 2021; Neumann, Tucker, and Whitfield 2019; Homburg and Wielgos 2022). The substantive point for this chapter is that automation does not remove the frontline from the service-profit chain; it relocates the human contribution to precisely the encounters—recovery, empathy, ambiguity—where the chain’s coefficients are largest.


20.5.1 Productivity and Quality at the Frontline

A recurring tension in frontline management is the trade-off between productivity (throughput per unit labor) and quality (the perceived excellence of each encounter). Pushing an agent to handle more contacts per hour mechanically reduces the time available per contact, which—beyond a point—degrades perceived empathy and responsiveness. This is also where the operational allocation of customers to service channels becomes strategic: Sun and Shibo (2011) model service- channel allocation (for example, onshore versus offshore routing) as a dynamic programming problem in which the firm learns customer preferences and balances the immediate cost of service against the long-run retention consequences of where and how a customer is served. Their central insight—that myopic cost-minimization in routing can destroy long-horizon customer value—is the frontline analogue of the service-profit chain’s multiplicative structure: squeezing one link for short-run efficiency can collapse the chain’s downstream payoff.


set.seed(181)

# A stylized productivity-quality frontier at the agent level. Quality is a
# concave-decreasing function of throughput (contacts handled per hour); retained
# value per customer rises with quality. The firm chooses throughput to maximize
# total value = throughput * value_per_customer.
throughput <- seq(2, 20, by = 0.5)             # contacts per hour
quality    <- 100 / (1 + exp(0.35 * (throughput - 10)))  # logistic decay in [~0,100]
value_per_customer <- 1 + 0.04 * quality       # retained value scales with quality
total_value <- throughput * value_per_customer

opt <- throughput[which.max(total_value)]

plot(throughput, total_value, type = "l", lwd = 2,
     xlab = "Throughput (contacts per hour)",
     ylab = "Total retained value per agent-hour",
     main = "Frontline productivity-quality trade-off")
abline(v = opt, lty = 2, col = "red")
text(opt, max(total_value), labels = paste0("optimum ≈ ", opt), pos = 4, col = "red")
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The figure makes the interior optimum explicit: total value is maximized at a moderate throughput, neither at the productivity-maximizing extreme (where quality collapses) nor at the quality-maximizing extreme (where too few customers are served). The exact location of the optimum depends on how steeply quality decays with throughput and how strongly retained value responds to quality—both estimable from matched agent–customer data.




20.6 Service Failure and Recovery

Because services are produced in real time by variable humans, they fail visibly and often. Service recovery is the set of actions a firm takes in response to a service failure, and it is consequential precisely because the failure occurs in front of the customer, with no opportunity to inspect the defect out beforehand. The strategic interest in recovery rests on a striking empirical regularity: a well-handled failure can leave the customer more satisfied and more loyal than if no failure had occurred at all. This is the service recovery paradox.

Let S0S_0 denote the satisfaction of a customer who experiences flawless service, SfS_f the satisfaction of a customer who experiences a failure followed by recovery effort, and r∈[0,1]r \in [0,1] the quality of recovery (with r=0r=0 no recovery and r=1r=1 ideal recovery). The recovery paradox is the claim that there exists a threshold r*r^\ast such that

Sf(r)>S0for r>r*,(20.5)
S_f(r) > S_0 \quad \text{for } r > r^\ast,
 \qquad(20.5)

i.e., sufficiently excellent recovery overshoots the no-failure baseline. The mechanism is twofold. First, a failure converts a routine, low-attention transaction into a diagnostic episode in which the firm’s responsiveness, fairness, and competence are vividly displayed; a strong recovery supplies positive evidence that flawless service never had the chance to provide. Second, customers evaluate recovery through the lens of perceived justice, which decomposes into three components: distributive justice (the tangible outcome—refund, replacement, credit—relative to the harm), procedural justice (the fairness, speed, and convenience of the recovery process), and interactional justice (the courtesy, empathy, and respect with which the customer is treated during the process). Recovery satisfaction rises in all three, and interactional justice—the human, empathetic dimension—frequently carries the largest weight, which again routes the firm’s recovery capability back to the frontline employee of Section 20.5. 

The paradox must be stated with two caveats, because managers routinely overread it. First, it is fragile: the meta-analytic evidence indicates the post-recovery satisfaction premium materializes only when recovery is genuinely excellent, when the failure is not severe, and rarely on repeated failures—a customer forgives the first lapse but not the pattern. Second, it is never a strategy: deliberately failing in order to recover spectacularly is dominated by not failing, because recovery is costly, the threshold r*r^\ast is high, and severe or repeated failures push the relationship below baseline. The correct reading of Equation 20.5 is defensive—recovery can convert an inevitable failure into a retention opportunity—not offensive.


set.seed(1812)

# Simulate post-episode satisfaction as a function of recovery quality and
# failure severity, illustrating the recovery-paradox threshold.
n <- 1500
recovery_quality <- runif(n, 0, 1)              # r in [0,1]
failure_severity <- runif(n, 0, 1)              # 0 = minor, 1 = severe
baseline_no_failure <- 7.5                       # S_0 on a 10-point scale

# Recovery lifts satisfaction; severity drags it down; interaction: severe
# failures are harder to fully recover from.
satisfaction <- 4.0 +
  5.0 * recovery_quality -
  3.0 * failure_severity -
  2.0 * recovery_quality * failure_severity +
  rnorm(n, 0, 0.6)
satisfaction <- pmin(pmax(satisfaction, 0), 10)

paradox <- satisfaction > baseline_no_failure   # exceeds the no-failure baseline

# Among MINOR failures, what recovery quality is needed to clear the baseline?
minor <- failure_severity < 0.25
fit <- lm(satisfaction ~ recovery_quality, data = data.frame(satisfaction, recovery_quality)[minor, ])
r_star <- (baseline_no_failure - coef(fit)[1]) / coef(fit)[2]

cat("Share of recovered customers exceeding no-failure baseline:",
    round(mean(paradox), 3), "\n")
#> Share of recovered customers exceeding no-failure baseline: 0.051
cat("Approx. recovery threshold r* (minor failures):", round(r_star, 3), "\n")
#> Approx. recovery threshold r* (minor failures): 0.811




The simulation reproduces the paradox’s qualitative shape: a sizeable share of minor-failure customers who receive high-quality recovery end up above the no-failure baseline, while severe failures rarely clear it regardless of recovery effort—the empirical content of the caveats above.



20.7 Satisfaction in Services

Customer satisfaction is the post-consumption evaluative judgment concerning a specific transaction or a cumulative relationship. The dominant theory is the expectation–disconfirmation paradigm: satisfaction arises from the comparison of perceived performance against a prior comparison standard (typically expectations), and is driven principally by the disconfirmation between the two (Richard L. Oliver and Burke 1999; Westbrook 1987). Let PP denote perceived performance and EE the prior expectation. Disconfirmation is

D=P−E,(20.6)
D = P - E,
 \qquad(20.6)

with D>0D>0 positive disconfirmation (performance exceeds expectation, raising satisfaction), D<0D<0 negative disconfirmation (lowering it), and D=0D=0 confirmation. A satisfaction model in this tradition regresses satisfaction on expectations, performance, and—most importantly—their disconfirmation:

Sati=α+γ1Ei+γ2Pi+γ3(Pi−Ei)+ui,(20.7)
\text{Sat}_i = \alpha + \gamma_1 E_i + \gamma_2 P_i + \gamma_3 (P_i - E_i) + u_i,
 \qquad(20.7)

where γ3\gamma_3 captures the disconfirmation effect over and above the direct (“assimilation”) effect of performance γ2\gamma_2. The paradigm’s relationship to the SERVQUAL gap (Equation 20.1) is now transparent: both are built on a performance-minus-expectation difference, and both inherit the difference-score liabilities of Section 20.3.2—the inclusion of EE and PP as separate regressors alongside their difference in Equation 20.7 is one way to relax the equal-and-opposite-weight constraint that the raw gap imposes.

Two refinements matter. First, satisfaction is distinct from quality: quality is a relatively enduring attitude (a global stance toward the provider), whereas satisfaction is a transaction-specific, more affect-laden judgment; cumulative satisfaction across encounters is one of the inputs that updates the quality attitude over time, not a synonym for it. Second, the satisfaction–loyalty link is asymmetric and nonlinear: dissatisfaction reliably destroys loyalty, but mere satisfaction does not reliably create it—loyalty rises sharply only among the very satisfied (the “delight” region), consistent with the sigmoid link flagged in Section 20.4. This asymmetry is why firms that target a satisfaction mean often fail to move retention: the loyalty payoff lives in the right tail of the distribution, not at its center.


20.7.1 National Satisfaction Indices

The expectation–disconfirmation paradigm is not merely a laboratory model; it is the theoretical engine of national customer-satisfaction measurement. The American Customer Satisfaction Index (ACSI) and its antecedent, the Swedish barometer, operationalize a structural model in which perceived quality and customer expectations drive perceived value and overall satisfaction, which in turn drives complaints and loyalty—essentially the right-hand half of the service-profit chain estimated at the level of the national economy (Fornell 2005; Fornell et al. 2006). The resulting indices are predictive of firm financial performance, and an extensive literature exploits them to show that customer satisfaction is a leading indicator of cash flows and equity returns (Gruca and Rego 2005; Aksoy et al. 2008). These indices matter for two reasons: they supply a continuously updated, comparable measure of service quality across firms and industries, and they convert the soft construct of satisfaction into a hard input for the marketing–finance models of Chapter 23.


set.seed(1816)

# A miniature ACSI-style structural model: expectations and perceived quality
# drive perceived value and satisfaction; satisfaction drives loyalty. We
# simulate from the structural form and recover the path coefficients by OLS.
n <- 1000
expectations    <- rnorm(n, 0, 1)
perceived_qual  <- 0.5 * expectations + rnorm(n, 0, 0.8)
perceived_value <- 0.3 * expectations + 0.6 * perceived_qual + rnorm(n, 0, 0.7)
satisfaction    <- 0.2 * expectations + 0.45 * perceived_qual +
                   0.40 * perceived_value + rnorm(n, 0, 0.6)
# Nonlinear, asymmetric loyalty: rises sharply only at high satisfaction.
loyalty <- 1 / (1 + exp(-2.0 * (satisfaction - 0.5))) + rnorm(n, 0, 0.1)

dat <- data.frame(expectations, perceived_qual, perceived_value,
                  satisfaction, loyalty)

m_sat <- lm(satisfaction ~ expectations + perceived_qual + perceived_value, data = dat)
m_loy <- lm(loyalty ~ satisfaction, data = dat)

knitr::kable(
  round(summary(m_sat)$coefficients[, c("Estimate", "Std. Error")], 3),
  caption = "Recovered satisfaction equation: perceived quality and value are the dominant drivers, consistent with the ACSI structural model."
)




Recovered satisfaction equation: perceived quality and value are the dominant drivers, consistent with the ACSI structural model.


	
	Estimate
	Std. Error





	(Intercept)
	-0.003
	0.019



	expectations
	0.224
	0.024



	perceived_qual
	0.416
	0.028



	perceived_value
	0.396
	0.026









The recovered coefficients reproduce the index’s central claim—perceived quality and perceived value, not raw expectations, do the work in predicting satisfaction—while the deliberately nonlinear loyalty equation embeds the asymmetry that makes satisfaction necessary but not sufficient for loyalty.




20.8 Identification and Measurement Pitfalls

Services research is unusually exposed to measurement and identification hazards, and three recur across every construct in this chapter.

Difference-score reliability. Any construct defined as a gap—SERVQUAL quality (Equation 20.1), disconfirmation (Equation 20.6)—inherits the reliability erosion of Equation 20.3 when its components are positively correlated. The remedy is not to abandon the construct but to measure components separately and let the data estimate their weights (Equation 20.7), reserving the raw difference for diagnosis rather than prediction.

Self-selection and survivorship in satisfaction data. Satisfaction surveys are answered disproportionately by the very satisfied and the very dissatisfied, and relationship-level satisfaction is observed only for customers who have not yet defected. Both forces bias naive satisfaction–loyalty estimates: the unhappy middle is underrepresented, and the most dissatisfied have already left the sample. Credible work models the response and retention processes jointly rather than conditioning on survivors.

Reverse causality in the service-profit chain. Every link in Equation 20.4 is vulnerable to simultaneity—loyal customers report more satisfaction; profitable firms can afford happier employees. Cross-sectional correlations among the chain’s nodes are therefore weak evidence for the causal cascade. Identification requires within-unit variation, matched employee–customer panels, or exogenous shocks to a single link, and the recursive, uncorrelated-error structure of the chain should be treated as a maintained assumption to be defended, not a result.

A fourth, subtler hazard is common-method bias: when expectations, perceptions, satisfaction, and loyalty are all collected in a single self-report instrument, their intercorrelations are inflated by shared method variance, which can manufacture an apparent service-profit chain out of measurement artifact. Separating the measurement of antecedents and consequences in time or source is the standard, if costly, defense.



20.9 Key Takeaways


	A service is a performance, and its four classical properties—intangibility, inseparability, heterogeneity, perishability—each map onto a specific managerial and measurement problem (Section 20.1).

	Service quality is a perception–expectation gap (Equation 20.2) located at the end of a chain of internal organizational gaps; SERVQUAL operationalizes it on five RATER dimensions, but its difference-score design erodes reliability when expectations and perceptions correlate (Equation 20.3), motivating the perceptions-only SERVPERF alternative.

	The service-profit chain (Equation 20.4) is a multiplicative recursive cascade from internal employee conditions to firm profit; its links are estimated, often nonlinear, and never delivered causally by cross-sectional correlation.

	The frontline employee is the load-bearing node—simultaneously the product, the principal source of quality variance, and the agent of recovery—and the productivity–quality trade-off has an interior optimum (Section 20.5.1).

	Service recovery can leave customers more satisfied than flawless service (the recovery paradox, Equation 20.5), but the effect is fragile, justice-driven, and never a deliberate strategy.

	Satisfaction follows the expectation–disconfirmation paradigm (Equation 20.6); it is distinct from quality, asymmetrically linked to loyalty, and—aggregated into national indices—a leading indicator of firm financial value (Section 20.7.1, Chapter 23).





20.10 Further Reading

Readers should pair the gaps-model and SERVQUAL primary sources with the difference-score critique to form their own view on the SERVQUAL–SERVPERF dispute, and read the service-profit chain alongside the customer-satisfaction–firm-value literature (Fornell et al. 2006; Gruca and Rego 2005; Aksoy et al. 2008) to see the chain’s downstream end estimated at firm scale. The frontline and service-technology frontier is developing rapidly (Harmeling et al. 2016; Umashankar, Bahadir, and Bharadwaj 2021; Neumann, Tucker, and Whitfield 2019; Homburg and Wielgos 2022), and the dynamic management of service allocation under preference learning is treated in depth by Sun and Shibo (2011). The satisfaction and customer-equity constructs connect forward to the customer-lifetime-value and marketing–finance machinery in Chapter 23.





21 Healthcare and Pharmaceutical Marketing

Healthcare is the largest sector of most advanced economies, and the marketing of its products differs from consumer goods in a way that organizes this entire chapter: the person who consumes a prescription drug is usually not the person who chooses it. A physician writes the prescription; a patient swallows the pill; a payer reimburses the cost; a regulator decides what may be claimed about the molecule at all. Marketing therefore acts on a chain of agents with divergent information and incentives, and the central empirical problems—who responds to detailing, whether direct-to-consumer advertising expands the category or merely reallocates it, how a new therapy diffuses through a professional network, what prescribers do when the evidence itself disagrees—are problems of separating persuasion from selection in exactly this multi-agent setting.

This chapter treats pharmaceutical and healthcare marketing as a set of measurement and identification problems rather than a catalog of tactics. We begin with the institutional structure that constrains every instrument (the prescribing agency relationship, regulation, and the data that researchers actually observe). We then take the four canonical levers in turn: physician detailing (personal selling to prescribers), direct-to-consumer advertising (DTCA), the diffusion of medical innovations through professional networks, and physician response to conflicting information. For each, we lead with the economic intuition, state a formal model with its estimator, and—critically—name what breaks identification, because the recurring threat in this literature is that firms target their effort exactly where response would have been high anyway. We close with the welfare and policy questions that make the sector distinctive, and with reproducible code for a detailing-response model and a Bass diffusion fit.

By the end the reader should be able to specify a prescription-response model that separates a detailing effect from targeting endogeneity, set up a DTCA design that distinguishes category expansion from business stealing, fit and interpret a diffusion model on adoption data, and reason about how a Bayesian prescriber should update beliefs when two trials contradict each other.


21.1 The Prescribing Agency Relationship

The defining feature of the prescription market is a double agency. The patient delegates the choice of therapy to a physician who is better informed, and the physician in turn prescribes against a budget that a third party (an insurer, a government program, or a pharmacy-benefit manager) ultimately pays. The physician is thus an expert agent who neither bears the full cost nor consumes the product. This structure has three consequences that recur throughout the chapter.

First, the buyer’s price sensitivity is muted and indirect. Because the prescriber does not pay and the patient pays only a copay, demand responds less to list price than in ordinary markets and more to clinical attributes, habit, and information—the very things marketing supplies. Pharmaceutical demand is, to a first approximation, an information problem.

Second, firms market to two audiences with different instruments. “Push” marketing—detailing (sales-representative visits), free samples, sponsored education, and journal advertising—targets the prescriber. “Pull” marketing—direct-to-consumer advertising—targets the patient, who then asks the prescriber for the drug. The two are complements as often as substitutes, and a recurring empirical question is how they interact (Narayanan and Manchanda 2009).


A prescription drug is a credence good chosen by an expert agent on behalf of a principal who consumes it, and paid for by a third party. Marketing in this market is the management of information flows to the agent and, where permitted, to the principal—under a regulatory ceiling on what may be claimed.



Third, the product is a credence good under heavy regulation. Patients cannot verify efficacy even after consumption (was it the drug or the disease course?), so claims are policed. In the United States the Food and Drug Administration (FDA) regulates promotional claims, requires “fair balance” between benefit and risk, and since its 1997 guidance has permitted broadcast DTCA with abbreviated risk disclosure—a regulatory regime that makes the U.S. and New Zealand the only major markets allowing product-claim DTCA. Most other jurisdictions ban it, which is why much of the credible DTCA evidence exploits this regulatory variation. Throughout, the reader should keep the regulatory boundary in view: it is both a constraint on firms and a source of identifying variation for researchers. Figure 21.1 sketches the agency chain and the two marketing routes, push and pull, that act on it.
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Figure 21.1: The prescription agency chain and the two marketing routes. Push instruments act on the prescriber; pull instruments act on the patient, who petitions the prescriber. A regulator constrains claims on both routes.









21.1.1 What the Researcher Observes

The empirical literature is built largely on a small number of data structures, and the available data dictate the feasible identification strategy. Three are central. Physician-level panels (e.g., audits that record, for a sample of prescribers, their monthly new prescriptions and the detailing calls and samples they received) support individual-level response models and are the workhorse for detailing research (Manchanda, Ansari, and Gupta 1999; Manchanda, Rossi, and Chintagunta 2004). Market-level time series (national or regional sales against aggregate advertising and detailing spend) support category-versus-share questions and aggregate diffusion fits but cannot, on their own, separate persuasion from heterogeneity. Adoption records—the dates at which each physician first prescribes a new molecule, sometimes with the social ties among them—support diffusion and contagion models (Bulte and Lilien 2001; Iyengar, Ansari, and Gupta 2003). The selection problem differs by structure: in physician panels the threat is that calls are targeted; in market series it is that advertising is timed to demand; in adoption data it is that connected physicians are also similar.




21.2 Theoretical Foundations

The agency structure above explains the institutions of the prescription market; a parallel set of behavioral theories explains the individual decisions (of patients seeking care, of prescribers changing practice) that marketing tries to move. Five strands recur throughout the chapter.

The health belief model holds that protective health action follows from a person’s perceived susceptibility to a condition, the perceived severity of its consequences, the perceived benefits of acting, and the perceived barriers to doing so, often triggered by a cue to action. It frames the patient side of direct-to-consumer advertising (Chapter 21, “Direct-to-Consumer Advertising”): an advertisement that raises perceived susceptibility or lowers a perceived barrier is precisely a cue that converts latent need into a request to prescribe.

The theory of reasoned action and its extension, the theory of planned behavior, hold that behavior follows intention, which is in turn determined by attitudes, subjective norms, and, in the planned-behavior extension, perceived behavioral control (Ajzen 1991b; Sheppard, Hartwick, and Warshaw 1988). This intention-to-behavior chain is the dominant account of health compliance and adoption, and it underwrites the survey-based predictive models that the prescription literature deploys.

Protection-motivation theory sharpens the fear-appeal logic by separating two appraisals: a threat appraisal (severity and vulnerability) and a coping appraisal (response efficacy and self-efficacy). Protection motivation rises only when both are favorable, which explains why risk-disclosure messaging that frightens without supplying an efficacious response can backfire, a caution directly relevant to the fair-balance regime constraining DTCA.

The transtheoretical (stages-of-change) model describes behavior change as movement through ordered stages (precontemplation, contemplation, preparation, action, and maintenance) rather than a single switch. It implies that interventions must be stage-matched: a message effective for someone contemplating treatment is wasted on someone not yet aware of the problem, a segmentation logic that mirrors the heterogeneous-response findings for detailing (Chapter 21, “Physician Detailing”) and conflicting information.

Behavioral-economics nudges in health complete the set. Because prescribers and patients are boundedly rational, choice architecture (defaults, framing, and salience of the easy option) shifts health behavior without changing the underlying clinical incentives. The same reference-dependence and present-bias mechanisms developed for nudges and pricing recur here: framing a screening as a loss avoided rather than a gain forgone, or defaulting a formulary toward the preferred therapy, moves behavior at the margin where the health belief model locates its barriers.



21.3 Physician Detailing

Detailing is personal selling to physicians: a sales representative (“detail rep”) visits a prescriber, presents clinical information about a drug, leaves samples, and builds a relationship. It is the largest line in most pharmaceutical promotional budgets. The marketing-science question is deceptively simple—what is the incremental prescription return to a detailing call?—and the answer is hard for one reason: calls are not randomly assigned. Firms send representatives to high-volume, high-potential physicians, so a naive regression of prescriptions on detailing recovers the firm’s targeting rule compounded with any true response.


21.3.1 A Response Model and the Targeting Problem

Let yity_{it} denote the number of new prescriptions physician ii writes for the focal drug in period tt, and let ditd_{it} denote detailing calls received. A natural count model writes prescriptions as Poisson with a log-mean that responds to a stock of detailing goodwill,

yit∼Poisson(λit),logλit=αi+βg(Dit)+𝐱it⊤𝛄,(21.1)
y_{it} \sim \text{Poisson}(\lambda_{it}), \qquad
\log \lambda_{it} = \alpha_i + \beta\, g(D_{it}) + \mathbf{x}_{it}^{\top}\boldsymbol{\gamma},
 \qquad(21.1)

where αi\alpha_i is a physician-specific intercept (baseline prescribing propensity), 𝐱it\mathbf{x}_{it} collects controls, and g(Dit)g(D_{it}) is a concave, saturating transform of the detailing stock

Dit=(1−δ)Di,t−1+dit,(21.2)
D_{it} = (1-\delta)\,D_{i,t-1} + d_{it},
 \qquad(21.2)

with carryover 1−δ1-\delta. Concavity—e.g., g(D)=log(1+D)g(D)=\log(1+D) or a power DκD^{\kappa} with κ<1\kappa<1—encodes the well-documented diminishing return to repeated calls and is what lets the model speak to the optimal call frequency rather than merely its sign (Manchanda, Ansari, and Gupta 1999). The object of interest is β>0\beta>0, the responsiveness of prescribing to accumulated detailing.

The identification threat is endogenous targeting: ditd_{it} is chosen by the firm as a function of expected prescribing, so 𝔼[ditεit]≠0\mathbb{E}[d_{it}\,\varepsilon_{it}]
\neq 0 even conditional on 𝐱it\mathbf{x}_{it}, and ordinary estimation conflates response with selection. There are three lines of defense, in rough order of strength.


	Rich physician fixed effects. The intercept αi\alpha_i absorbs time-invariant potential, so β\beta is identified from within-physician variation in calls. This removes the cross-sectional component of targeting (reps go to big prescribers) but not the dynamic component (reps go to physicians who are trending up).

	A joint model of the firm’s allocation. Manchanda, Ansari, and Gupta (1999) estimate the response model together with the firm’s detailing-allocation policy, treating calls as the outcome of an optimization that depends on the physician’s responsiveness. Modeling the selection mechanism explicitly is what purges the bias; a notable finding from this literature is that firms do not allocate calls optimally, leaving return on the table.

	Latent-trait segmentation. Manchanda, Rossi, and Chintagunta (2004) let responsiveness itself be heterogeneous and partly unobserved, recovering segments of physicians who differ in their detailing elasticity. The managerial payoff is a targeting rule keyed to responsiveness rather than to volume—two physicians with identical baseline prescribing can have very different marginal returns to a call.



A complementary mechanism operates through samples and learning. Free samples are simultaneously a price instrument (they lower the patient’s first-dose cost) and an information instrument (they let the physician observe the drug’s effect on her own patients). Dong, Manchanda, and Chintagunta (2009) model prescribing as Bayesian learning in which detailing supplies a signal and samples generate experience, so the two instruments have different decay and different long-run effects: persuasion fades while learned quality persists. Distinguishing an informative from a persuasive interpretation of detailing matters for welfare—informative detailing can be socially valuable even when it raises a single firm’s sales.



21.3.2 Heterogeneity, Saturation, and the Managerial Question

Two regularities are robust enough to plan around. First, response is concave and saturates: beyond a physician-specific threshold, additional calls add little, so the optimal policy spreads a fixed sales force across more physicians at lower frequency rather than pounding a few (Manchanda, Ansari, and Gupta 1999). Second, elasticities are heterogeneous, and the heterogeneity is not well predicted by prescribing volume alone (Manchanda, Rossi, and Chintagunta 2004). The practical implication is that the targeting problem and the response problem are the same problem: a firm cannot set an efficient call plan without an unbiased estimate of β\beta for each segment, and it cannot obtain that estimate without modeling how it currently targets.




21.4 Direct-to-Consumer Advertising

Direct-to-consumer advertising (DTCA) addresses the patient rather than the prescriber. The patient, prompted by a television or print advertisement, raises the drug with a physician, who may or may not prescribe it. Because product-claim DTCA is legal in only a handful of countries, it is both economically large in the United States and a natural laboratory for studying advertising in a market where the buyer cannot transact directly.

The first-order policy question is the same one advertising raises everywhere (Chapter 13), sharpened by the agency structure: does DTCA expand the category (bring undiagnosed or untreated patients into therapy) or merely steal business (reallocate share among existing patients)? The welfare reading depends entirely on the answer. Category expansion that pulls undertreated patients into care can be health-improving; pure business stealing is a within-category transfer that consumes real resources. The empirical literature finds DTCA’s primary effect is typically on category/primary demand—the decision to seek treatment at all—rather than on brand choice, which detailing influences more (Narayanan and Manchanda 2009; Pradeep K. Chintagunta, Gopinath, and Venkataraman 2010). DTCA and detailing are therefore not redundant: they act at different stages of the prescription funnel, and their returns interact.


21.4.1 Decomposing the Two Effects

A transparent way to separate the two effects is a nested-demand decomposition. Let category sales in market mm, period tt be QmtQ_{mt} and let brand jj’s share be sjmts_{jmt}, so brand sales are qjmt=sjmtQmtq_{jmt}=s_{jmt}\,Q_{mt}. In logs,

logqjmt=logQmt⏟category (primary) demand+logsjmt⏟brand (selective) demand.(21.3)
\log q_{jmt} = \underbrace{\log Q_{mt}}_{\text{category (primary) demand}}
             + \underbrace{\log s_{jmt}}_{\text{brand (selective) demand}} .
 \qquad(21.3)

Regressing logQmt\log Q_{mt} on the category’s total DTCA recovers the expansion effect; regressing logsjmt\log s_{jmt} on brand jj’s relative DTCA and detailing recovers the business-stealing effect. The empirical pattern is that DTCA loads on the first equation and detailing on the second (Narayanan and Manchanda 2009). Narayanan and Kalyanam (2015) push this further by recognizing that the marketing instruments are also informative: early in a drug’s life, advertising and detailing reduce consumer and physician uncertainty, so their measured effect changes over the life cycle—an informative role that dominates at launch and a persuasive/reminder role later. Treating marketing as carrying information, not just shifting tastes, is the through-line connecting the detailing, DTCA, and diffusion sections.



21.4.2 What Breaks Identification

Three threats recur, and a credible DTCA study must address each.


	Advertising endogeneity (timing). Firms raise DTCA when they expect demand to rise (a new indication, a seasonal peak), so 𝔼[adv⋅ε]≠0\mathbb{E}[\text{adv}\cdot
\varepsilon]\neq 0 and OLS overstates the effect. Defenses include border/advertising discontinuities (television markets that spill across regions with different prescribing), instruments such as the cost of advertising or competitors’ spending, and within-market dynamic controls.

	Simultaneity of the two instruments. DTCA and detailing are set jointly and respond to the same demand shocks; estimating either in isolation attributes the common component to whichever is included. The fix is to model them jointly, as in Equation 21.3 with both instruments entering the share equation (Narayanan and Manchanda 2009).

	Aggregation. Market-level data cannot, by construction, distinguish “more patients each buying once” from “the same patients buying more,” which is precisely the expansion-versus-stealing question. Where physician- or patient-level panels exist, the decomposition is far more credible.



A useful comparison of the two push/pull instruments appears in Table 21.1.




Table 21.1: Push versus pull instruments in prescription markets. The two act at different stages of the funnel, which is why their estimated effects load on different equations of Equation 21.3.










	Dimension
	Detailing (push)
	DTCA (pull)





	Target
	Physician (expert agent)
	Patient (principal)



	Primary margin
	Brand choice / selective demand
	Category / primary demand



	Mechanism
	Information + persuasion + samples
	Awareness + request to prescriber



	Decay
	Fast persuasion, slower if it teaches
	Reminder-like, fast decay



	Key identification threat
	Endogenous targeting of calls
	Endogenous timing of spend



	Regulatory exposure
	Moderate (fair balance, gifts)
	High (broadcast risk disclosure)













21.5 Diffusion of Medical Innovations

A new drug, device, or procedure does not reach all prescribers at once; it diffuses. The study of how innovations spread is one of marketing’s foundational contributions, and medicine is its archetypal setting—indeed the canonical early diffusion study tracked the adoption of the antibiotic tetracycline among physicians, seeding decades of work on social contagion in adoption. The general diffusion machinery is developed in Section 31.15; here we specialize it to the professional adoption setting and emphasize what is distinctive about medicine: adopters are experts embedded in dense referral and collegial networks, so word-of-mouth among prescribers is unusually consequential.


21.5.1 The Bass Model

The Bass model (Bass 1969) is the standard parametric description of first-time adoption. Let F(t)F(t) be the cumulative fraction of the eventual market that has adopted by time tt and f(t)=F′(t)f(t)=F'(t) the adoption rate. Bass posits that the hazard of adoption among those who have not yet adopted is linear in the fraction who already have,

f(t)1−F(t)=p+qF(t),(21.4)
\frac{f(t)}{1-F(t)} = p + q\,F(t),
 \qquad(21.4)

where pp is the coefficient of innovation (the propensity to adopt independently of others—external influence such as advertising and detailing) and qq is the coefficient of imitation (the propensity to adopt because peers have—internal, word-of-mouth influence). For a market of eventual size MM, instantaneous adoptions n(t)=Mf(t)n(t)=M f(t) solve

n(t)=M[p+qMN(t)](M−N(t)),(21.5)
n(t) = M\left[ p + \frac{q}{M}\,N(t) \right]\bigl(M - N(t)\bigr),
 \qquad(21.5)

with N(t)N(t) cumulative adoptions. Equation Equation 21.4 makes the medical interpretation transparent: pp captures the firm’s push and pull marketing (the external channels of the previous two sections), while qq captures contagion among prescribers. A high q/pq/p ratio signals a market where collegial influence dominates marketing—exactly the regime in which seeding opinion leaders pays off.

Estimation and what breaks it. The discrete-time analogue of Equation 21.5 is the classic Bass (1969) regression of period adoptions on cumulative adoptions and its square,

nt=β0+β1Nt−1+β2Nt−12+εt,(21.6)
n_t = \beta_0 + \beta_1 N_{t-1} + \beta_2 N_{t-1}^2 + \varepsilon_t,
 \qquad(21.6)

from which (p,q,M)(p,q,M) are recovered as nonlinear functions of (β0,β1,β2)(\beta_0,\beta_1,
\beta_2). OLS on Equation 21.6 is convenient but flawed: the regressors are generated from the dependent variable (so they correlate with εt\varepsilon_t by construction), the estimates of MM are unstable until the peak is observed, and the additive error contradicts the multiplicative structure of Equation 21.5. Nonlinear least squares on Equation 21.5, or maximum likelihood, is preferred, and the parameters are poorly identified from data that do not yet span the inflection point (Bass 1969; Chandrasekaran and Tellis 2008). The broader empirical-generalizations literature documents systematic patterns in pp, qq, and the time-to-takeoff across categories and countries (Chandrasekaran and Tellis 2007; Sultan, Rohm, and Gao 2009), and warns that takeoff itself is a distinct, hard-to-predict event (Golder and Tellis 1998). Figure 21.2 separates the external, marketing-led inflow from the internal, contagion-led inflow that together generate the S-shaped curve.
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Figure 21.2: Adopter inflows in the Bass model. The innovation coefficient p drives an external, marketing-led inflow that is largest early; the imitation coefficient q drives an internal, contagion-led inflow that peaks once enough peers have adopted. Their sum produces the familiar S-shaped cumulative curve.










21.5.2 Social Contagion Versus Homophily

The deepest identification problem in medical diffusion is distinguishing genuine social contagion (physician ii adopts because connected physician jj did) from homophily and common shocks (connected physicians adopt at similar times because they are similar—same specialty, same hospital, same patients—or respond to the same detailing). Naively, the prescribing of one’s network neighbors predicts one’s own prescribing; but neighbors are chosen, not assigned. The marketing literature has confronted this directly. Bulte and Lilien (2001) re-examine a celebrated medical-diffusion finding and show that what looked like contagion is substantially confounded by marketing effort that was correlated with network position—when detailing is controlled, the apparent peer effect shrinks. Iyengar, Ansari, and Gupta (2003) use sociometric data on physician advice and discussion ties to identify contagion in new-drug adoption net of marketing, finding that opinion leaders adopt earlier and that contagion flows along professional ties; later work distinguishes self-reported from sociometric leadership and shows leaders are both more innovative and more in-the-loop with detailing (Van den Bulte and Joshi 2007). The methodological lesson generalizes: any contagion estimate is credible only to the extent it controls for the firm’s effort and for the selection that makes neighbors similar.

A simple linear-in-means specification makes the threat explicit. Let ait=1a_{it}=1 when physician ii has adopted by tt, and let a‾−i,t−1\bar a_{-i,t-1} be the lagged adoption share of ii’s network neighbors:

ait=ϕa‾−i,t−1+𝐱it⊤𝛄+θdetailingit+αi+εit.(21.7)
a_{it} = \phi\,\bar a_{-i,t-1} + \mathbf{x}_{it}^{\top}\boldsymbol{\gamma}
        + \theta\,\text{detailing}_{it} + \alpha_i + \varepsilon_{it}.
 \qquad(21.7)

The contagion coefficient ϕ\phi is identified only if (i) the omitted detailing term θdetailingit\theta\,\text{detailing}_{it} is included and uncorrelated with the network after controls, and (ii) the unobserved similarity that drives both link formation and adoption is captured by αi\alpha_i and 𝐱it\mathbf{x}_{it}. Failing either, ϕ\phi absorbs homophily and is biased upward—the classic reflection-and-selection problem. This is why the credible designs above either control detailing explicitly (Bulte and Lilien 2001) or exploit directed, measured ties (Iyengar, Ansari, and Gupta 2003).




21.6 Conflicting Information

The agency relationship makes the prescriber a decision-maker under uncertainty, and that uncertainty is rarely resolved cleanly. A drug launches on the strength of its trials; later studies, meta-analyses, and post-marketing surveillance arrive with mixed or contradictory verdicts; marketing communications and news coverage selectively amplify favorable or unfavorable signals. How a prescriber updates beliefs when the evidence itself disagrees is the subject of this final section, and the running example is the diabetes drug rosiglitazone (Avandia), whose cardiovascular safety became the subject of openly conflicting reports (Kalra, Li, and Zhang 2011).


21.6.1 Bayesian Updating with Biased Signals

Cast the physician as a Bayesian learner about an unknown attribute μ\mu—say the true cardiovascular risk of a drug. Before new evidence she holds a Normal prior, μ∼𝒩(m0,σ02)\mu \sim \mathcal{N}(m_0, \sigma_0^2), with precision (inverse variance) τ0=1/σ02\tau_0 = 1/\sigma_0^2. A new study delivers a signal zz with precision τz=1/σz2\tau_z = 1/\sigma_z^2. The posterior mean is the precision-weighted average

m1=τ0m0+τzzτ0+τz,τ1=τ0+τz,(21.8)
m_1 = \frac{\tau_0\,m_0 + \tau_z\,z}{\tau_0 + \tau_z}, \qquad
\tau_1 = \tau_0 + \tau_z,
 \qquad(21.8)

so the weight a physician places on the new study is τz/(τ0+τz)\tau_z/(\tau_0+\tau_z). Three features of Equation 21.8 organize the empirical findings.

First, a more confident prior moves less. A physician with strong prior beliefs (large τ0\tau_0)—often the high-volume specialist who has prescribed the drug for years—down-weights a discordant new study, while a less committed prescriber updates more. Experience, expertise, and self-efficacy therefore predict resistance to new, conflicting information (Kalra, Li, and Zhang 2011).

Second, conflicting signals net out. When two studies of comparable precision point opposite ways, their weighted contribution to m1m_1 partly cancels and the posterior is dragged toward the prior. Mixed evidence thus produces less belief revision than a single clear signal of the same total precision—which is exactly why contradictory reports can be more favorable to an incumbent drug than a single bad study would be.

Third, signals are not neutral: news releases and marketing communications are selected and may misrepresent precision, so a sophisticated learner should discount τz\tau_z for the source’s bias. Modeling this discount is what separates naive from rational updating in the data.



21.6.2 Heterogeneous Response, Sources, and Spillover

The Avandia episode yields three empirical regularities that map onto the model and that any analysis of conflicting information should anticipate (Kalra, Li, and Zhang 2011). Physician segments update differently: specialists versus primary-care physicians, and high- versus low-volume prescribers, revise their prescribing along distinct trajectories, consistent with heterogeneous priors τ0\tau_0 and heterogeneous trust in sources. Information sources differ by segment: groups rely on different channels (peer-reviewed studies, detailing, news), so the same event reaches them with different effective precision. And there is negative spillover across the category: safety concerns about Avandia depressed perceptions of its close competitor Actos as well—evidence that prescribers update about a class or category, not only a brand, and that bad news contaminates comparable products much as it does comparable brands in consumer markets (Chapter 11).

These dynamics connect back to the chapter’s spine. Conflicting information is a problem of signal precision under selection: detailing and DTCA are themselves biased signals whose informative content Narayanan and Kalyanam (2015) emphasize; diffusion through peers is partly the transmission of these signals along the network of Iyengar, Ansari, and Gupta (2003); and the welfare verdict on any marketing instrument turns on whether it raises or lowers the precision of the beliefs the prescribing agent acts on.




21.7 Welfare, Policy, and Identification Recap

The sector’s distinctive welfare question is whether marketing makes the agency relationship better or worse informed. Informative detailing and launch-phase DTCA can raise the precision of prescriber and patient beliefs and pull undertreated patients into care, a social good (Narayanan and Kalyanam 2015; Pradeep K. Chintagunta, Gopinath, and Venkataraman 2010); persuasive, reminder-style promotion and selectively amplified evidence can degrade it. Because the same instrument can do either, the empirical decomposition is not an academic nicety—it is the policy lever. The recurring identification discipline of the chapter is the practical expression of this: estimate detailing response only while modeling targeting, estimate DTCA effects only while separating timing and aggregation, estimate contagion only while controlling marketing and homophily, and model belief revision only while discounting biased signals.



21.8 Worked Example: Detailing Response and Diffusion

The following reproducible examples implement two of the chapter’s core models on simulated data. The first fits the concave detailing-response model of Equation 21.1; the second fits the Bass diffusion model of Equation 21.5 by nonlinear least squares and plots the adoption curve. Both are seeded.


set.seed(20240617)





# --- Simulate a physician panel with concave detailing response ----------------
n_md   <- 200L          # physicians
n_t    <- 24L           # months
delta  <- 0.30          # 1 - carryover
beta   <- 0.45          # true detailing-stock elasticity (on log(1 + D))
md     <- rep(1:n_md, each = n_t)
alpha  <- rnorm(n_md, mean = 0.2, sd = 0.6)[md]   # physician baseline propensity

# Detailing is TARGETED at high-baseline physicians -> endogeneity if ignored
call_rate <- exp(-0.5 + 0.8 * alpha)
d <- rpois(n_md * n_t, lambda = pmin(call_rate, 4))

# Build the detailing stock D_it within each physician
D <- numeric(length(d))
for (i in seq_along(d)) {
  D[i] <- if (i %% n_t == 1L) d[i] else (1 - delta) * D[i - 1L] + d[i]
}

lambda <- exp(alpha + beta * log1p(D))
y      <- rpois(length(lambda), lambda)
dat    <- data.frame(md = factor(md), y = y, logD = log1p(D), d = d)

# Naive Poisson (ignores targeting) vs. fixed-effects Poisson (absorbs baseline)
naive <- glm(y ~ logD, family = poisson, data = dat)
fe    <- glm(y ~ logD + md, family = poisson, data = dat)

cat("True beta:            ", beta, "\n")
#> True beta:             0.45
cat("Naive estimate:       ", round(coef(naive)["logD"], 3), "\n")
#> Naive estimate:        1.27
cat("Fixed-effects estimate:", round(coef(fe)["logD"], 3), "\n")
#> Fixed-effects estimate: 0.427




The naive estimate is biased because detailing is targeted at high-baseline physicians (the simulated call_rate rises with alpha); the physician fixed effects absorb that time-invariant targeting and recover an estimate much closer to the true β\beta. This is the within-physician identification of Equation 21.1 in miniature—and a reminder that it still does not address dynamic targeting, which would require the joint allocation model of Manchanda, Ansari, and Gupta (1999).


# --- Simulate adoptions from a Bass process ------------------------------------
M_true <- 10000      # eventual adopters
p_true <- 0.015      # innovation (external: marketing/detailing)
q_true <- 0.42       # imitation  (internal: peer contagion)
Tmax   <- 36L

N <- numeric(Tmax); n <- numeric(Tmax); Nprev <- 0
for (t in 1:Tmax) {
  rate   <- (p_true + (q_true / M_true) * Nprev) * (M_true - Nprev)
  n[t]   <- max(rpois(1, lambda = rate), 0)
  Nprev  <- Nprev + n[t]
  N[t]   <- Nprev
}
period <- 1:Tmax
Ncum_lag <- c(0, head(N, -1))

# --- Fit the Bass model by nonlinear least squares -----------------------------
bass_fit <- nls(
  n ~ (p + (q / M) * Ncum_lag) * (M - Ncum_lag),
  start = list(p = 0.01, q = 0.3, M = 12000),
  control = nls.control(maxiter = 500, warnOnly = TRUE)
)
est <- coef(bass_fit)
cat(sprintf("Estimated p = %.4f (true %.3f)\n", est["p"], p_true))
#> Estimated p = 0.0137 (true 0.015)
cat(sprintf("Estimated q = %.4f (true %.3f)\n", est["q"], q_true))
#> Estimated q = 0.4256 (true 0.420)
cat(sprintf("Estimated M = %.0f (true %d)\n",   est["M"], M_true))
#> Estimated M = 10000 (true 10000)

plot(period, n, pch = 19, col = "grey40",
     xlab = "Month", ylab = "New adoptions",
     main = "Bass diffusion of a new drug")
lines(period, predict(bass_fit), col = "firebrick", lwd = 2)
legend("topright", legend = c("Observed", "Bass fit"),
       pch = c(19, NA), lty = c(NA, 1), col = c("grey40", "firebrick"), bty = "n")
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Bass-model fit to simulated new-drug adoptions. Points are observed monthly adoptions; the line is the nonlinear least-squares fit recovering the innovation coefficient p and imitation coefficient q.







The recovered q/pq/p ratio is large, the signature of a contagion-driven market in which seeding influential prescribers and supporting peer word-of-mouth—rather than brute-force detailing—offers the higher return. Whether that recovered qq is real contagion or disguised homophily is, as Chapter 21 notes, the identification question that Equation 21.7 forces the analyst to confront before acting on it.



21.9 Key Takeaways


	Prescription marketing acts on a double-agency chain (patient–physician–payer) under a regulatory ceiling on claims; the buyer’s price sensitivity is muted, so marketing is fundamentally an information problem.

	Detailing response (Equation 21.1) is concave and heterogeneous, but estimates are confounded by endogenous targeting; credible estimates control rich physician effects or, better, model the firm’s allocation jointly (Manchanda, Ansari, and Gupta 1999; Manchanda, Rossi, and Chintagunta 2004).

	DTCA acts mainly on category (primary) demand while detailing acts on brand (selective) demand (Equation 21.3); separating expansion from business stealing is both the welfare question and the identification challenge (Narayanan and Manchanda 2009; Narayanan and Kalyanam 2015).

	The Bass model (Equation 21.4) decomposes adoption into external (marketing-led, pp) and internal (contagion-led, qq) channels; in medicine the central threat is contagion versus homophily, resolved only by controlling marketing effort and measured ties (Bulte and Lilien 2001; Iyengar, Ansari, and Gupta 2003).

	Physicians facing conflicting information update as Bayesian learners with biased signals (Equation 21.8): confident priors resist revision, mixed evidence nets out, and bad news spills across the therapeutic class (Kalra, Li, and Zhang 2011).





21.10 Further Reading

The diffusion machinery specialized here is developed in full in Section 31.15; the general theory of advertising’s category-versus-share effects in Chapter 13; and the contamination of comparable products by negative information in Chapter 11. For the foundations of marketing as Bayesian learning under uncertainty, see the consumer-learning models of Tülin Erdem (1996) and Tulin Erdem (1998) and the quality-signaling logic of Kalra and Li (2008).





22 Games and Gamification

A game is a structured system of voluntary activity governed by rules that produce quantifiable outcomes and, crucially, engagement: players keep playing because the system makes playing intrinsically rewarding. Video games have grown into the largest single category of paid entertainment, larger than film and recorded music combined, and the economics of the industry rest less on selling a finished good than on sustaining a relationship in which a player returns, progresses, and—often—pays in small increments over months or years. That shift, from the boxed product to the live service, makes gaming a marketing problem of the first order: the central managerial decisions are about engagement design, monetization architecture, and the regulatory limits on both.

This chapter treats games as a marketing object along three axes. The first is the monetization architecture: how revenue is extracted from a population of players whose willingness to pay is enormously heterogeneous, and why the free-to-play model with in-game purchases dominates. The second is the engagement mechanics: the rule systems—progression, scarcity, social comparison, variable rewards—that convert attention into habit, and the construct of consumer engagement that the marketing literature uses to formalize them. The third is regulation and welfare: because the same mechanics that drive engagement can drive overconsumption, gaming has become one of the most heavily regulated consumer categories, and the evaluation of those regulations is a clean causal-inference problem that we develop in detail.

A fourth theme cuts across all of marketing rather than belonging to games alone: gamification, the transfer of game design elements—points, levels, badges, leaderboards, streaks—into non-game settings such as loyalty programs, fitness apps, and sales-force incentives. Gamification borrows the engagement machinery of games to serve a marketing goal, and inherits both its power and its ethical hazards. By the end of the chapter the reader should be able to formalize a free-to-play monetization model, define and measure consumer engagement, specify and identify the effect of a usage-restriction regulation, and reason about when a gamified mechanic creates value versus when it merely manufactures compulsion.


22.1 The Economics of In-Game Purchases


22.1.1 From Premium to Free-to-Play

Historically a game was a premium good: the player paid a fixed price once and received the complete experience. The dominant modern model inverts this. Under free-to-play (F2P), access is free and revenue comes from in-game purchases—small transactions, typically a few dollars, for virtual items, currency, cosmetic customization, time savings, or access to additional content. These transactions are commonly called microtransactions, and the business model is sometimes labeled freemium when a free tier coexists with paid upgrades.

The logic is a price-discrimination argument. Let consumers be indexed by a willingness-to-pay type θ\theta with distribution F(θ)F(\theta) that is highly right-skewed: most players value the game modestly, a few value it intensely. A single premium price pp excludes everyone with θ<p\theta < p and leaves all surplus from high-θ\theta players above pp on the table. Free access (p=0p = 0) admits the entire population, and a menu of in-game purchases then extracts revenue increasing in θ\theta, approximating first-degree price discrimination through self-selection. Formally, if a player of type θ\theta chooses purchase intensity qq to maximize utility u(q;θ)−P(q)u(q;\theta) - P(q) under a nonlinear price schedule P(q)P(q), expected revenue per installed player is

$$
R = \int_{\underline{\theta}}^{\overline{\theta}} P\big(q^\*(\theta)\big)\, dF(\theta),
\qquad(22.1)$$

where $q^\*(\theta)$ is the player’s optimal purchase intensity. Two features of Equation 22.1 drive industry practice. First, because FF is right-skewed, RR is dominated by its upper tail: a small fraction of players—the so-called whales—account for the majority of revenue, so the schedule P(q)P(q) is engineered to remain unbounded above (there is always something more to buy) rather than to clear a median consumer.1 Second, since admission is free, the marginal admitted player has θ\theta near zero and contributes through scale and network effects (see Chapter 66) rather than direct payment; the model trades certain small per-unit revenue for a far larger base.

The transition from a non-paying to a paying relationship is itself a measurable event. J. Cao, Chintagunta, and Li (2023) study the monetization of a non-advertising-based app and show that the timing and design of the conversion from free to paid materially shapes both retention and revenue: converting too aggressively sheds the low-θ\theta base that sustains network value, while converting too late forgoes extractable surplus from high-θ\theta users. The managerial object is therefore not a price but a conversion policy—when, and on what, to begin charging a player who arrived for free.



22.1.2 A Taxonomy of In-Game Purchases

Not all microtransactions are alike, and the distinction matters for both welfare and regulation. Table 22.1 organizes the major types by what they sell and the externality they impose on other players.




Table 22.1: A taxonomy of in-game purchases by object sold and externality.











	Type
	What is sold
	Effect on other players
	Regulatory salience





	Cosmetic
	Appearance, skins, emotes
	None (purely expressive)
	Low



	Convenience / time-savers
	Faster progression, energy refills
	Mild (pacing)
	Moderate



	Pay-to-win
	Competitive advantage
	Strong negative
	High



	Content / expansion
	New levels, characters
	None
	Low



	Loot boxes / gacha
	Randomized item bundles
	Varies
	Very high










The economically and ethically distinctive category is the loot box (also called gacha after the Japanese capsule-toy machine): a sealed bundle whose contents are randomized, purchased before the buyer knows what it contains. A loot box is a lottery. If a box costs cc and yields item jj with probability πj\pi_j and subjective value vjv_j, the player buys when expected value exceeds price,

∑jπjvj>c,(22.2)
\sum_j \pi_j\, v_j \;>\; c,
 \qquad(22.2)

but the structural similarity to gambling is exact: a stochastic payout purchased for a fixed stake, with the operator setting {πj}\{\pi_j\} to its advantage. The resemblance is the reason loot boxes have attracted the heaviest regulatory attention of any monetization mechanic, a point we return to in Section 22.4. The behavioral force is not the expected value in Equation 22.2 but the variable schedule of reinforcement the randomization creates, which we formalize next.




22.2 Engagement Mechanics


22.2.1 Consumer Engagement as a Construct

Marketing formalizes the “stickiness” of games through the construct of consumer engagement. Following the engagement literature, engagement is a consumer’s investment of operant (behavioral) and operand (cognitive, emotional) resources in interactions with a focal object beyond the act of purchase (Hollebeek 2011; Harmeling et al. 2016). It is explicitly a multidimensional construct with cognitive, emotional, and behavioral facets, and it is cumulative: today’s engagement raises the probability of tomorrow’s, which is precisely the dynamic a game’s reward system is designed to exploit. Engagement sits inside the broader customer experience and customer journey framework, the end-to-end set of touchpoints through which a consumer moves (Lemon and Verhoef 2016), and it is the proximal driver of the retention and monetization outcomes in Equation 22.1.


Customer engagement is the intensity of an individual’s participation in and connection with an organization’s offerings and activities, reflecting investment of resources beyond what is required for the transaction itself.



The reason engagement is the right construct—rather than, say, satisfaction or loyalty—is that it captures behavioral investment that is not yet a purchase. A player who logs in daily, completes a streak, or climbs a leaderboard has invested without paying; that accumulated investment is what later converts to spending and what a player is loath to abandon (a sunk-cost dynamic). Engagement is thus the mediating state between admission and monetization.



22.2.2 Theoretical Foundations

The engagement mechanics developed below rest on four theories drawn from psychology and behavioral economics, and stating them first explains why the same levers recur across monetization and dark patterns. The first is operant conditioning and its reinforcement schedules. In the behaviorist account (Skinner, Science and Human Behavior, 1953, a monograph cited here by name), behavior is shaped by the contingency between action and reward, and the schedule on which rewards arrive governs how persistent the behavior becomes. The decisive result is that variable-ratio schedules, which deliver a reward after an unpredictable number of actions, produce the highest and most resistant-to-extinction response rates, far exceeding fixed schedules. Loot boxes, random drops, and gacha pulls are variable-ratio schedules instantiated as commerce, which is the mechanism formalized in Equation 22.3.

The second theory explains why some engagement is benign and some compulsive. Self-determination theory holds that intrinsic motivation is sustained by satisfying three needs, autonomy, competence, and relatedness, and that extrinsic rewards can crowd out intrinsic motivation rather than add to it (Ryan and Deci 2000). A game that supports competence (mastery curves) and relatedness (social play) earns genuine engagement; a monetization design that substitutes purchased progress for earned competence undermines the intrinsic motivation it depends on. Flow theory (Csikszentmihalyi, Flow, 1990, a monograph cited by name) adds the condition under which engagement becomes absorbing: a player enters flow when challenge and skill are balanced, which is why difficulty curves and pacing are engineered to keep the player at the edge of competence.

The fourth strand is behavioral economics, which accounts for the monetization architecture and the dark patterns it enables. Loss aversion, the finding that losses loom roughly twice as large as equivalent gains (Amos Tversky and Kahneman 1991; Kahneman and Tversky 1979), is why streaks and daily-login bonuses work: not playing is framed as forfeiting accumulated progress, a loss the player acts to avoid. The sunk-cost fallacy keeps a player invested because abandoned effort feels wasted, the dynamic that converts behavioral investment into retention. And the endowment effect, the tendency for mere ownership to raise perceived value, gives purchased and earned virtual items, skins and characters, a psychological hold disproportionate to their function, formalized as psychological ownership over digital goods (Pierce, Kostova, and Dirks 2003). These three biases are the levers a value-extracting design pulls, the welfare counterpart to the engagement machinery developed next.



22.2.3 The Reward-Schedule Model

The engineering core of an engagement mechanic is its reward schedule: the rule mapping player actions to rewards. As Section 22.2.2 sets out, the foundational result from the psychology of reinforcement is that variable-ratio schedules, rewards delivered after an unpredictable number of actions, produce the highest and most persistent response rates, far exceeding fixed schedules. Loot boxes, random drops, and gacha pulls are variable-ratio schedules instantiated as commerce.

A tractable formalization treats play as a sequence of actions, each of which may return a reward. Let the per-action reward be a random variable rtr_t with mean μ\mu and variance σ2\sigma^2, and let the player continue playing as long as the recent experienced reward keeps an internal motivation state mtm_t above a quit threshold m‾\bar m. A simple updating rule is

mt=αmt−1+(1−α)rt,0<α<1,(22.3)
m_t = \alpha\, m_{t-1} + (1-\alpha)\, r_t, \qquad 0 < \alpha < 1,
 \qquad(22.3)

where α\alpha is the persistence of motivation. Under a fixed reward (rt=μr_t = \mu deterministically) the state converges monotonically and the player habituates: the reward becomes predictable and mtm_t drifts toward a constant the designer cannot push above m‾\bar m without raising μ\mu (costly). Under a variable reward with the same mean μ\mu but variance σ2>0\sigma^2 > 0, occasional large draws repeatedly spike mtm_t and reset the approach to the threshold, sustaining play at no additional expected reward cost. The designer’s lever is therefore σ2\sigma^2, not μ\mu: variance is free engagement. This is the formal statement of why randomized rewards dominate, and why they are simultaneously the most effective and the most hazardous mechanic. The same logic explains why streaks and daily login bonuses work—they convert the quit decision into a recurring loss frame, so that not playing forfeits accumulated progress.

The following simulation makes the contrast concrete, comparing session length under fixed versus variable rewards with identical means; Figure 22.1 plots the resulting drop-out paths.


set.seed(20)

simulate_play <- function(n = 200, mu = 1, sigma = 0, alpha = 0.8,
                          quit = 0.6, m0 = 1) {
  m <- m0
  for (t in 1:n) {
    r <- if (sigma == 0) mu else rgamma(1, shape = mu^2 / sigma^2,
                                        scale = sigma^2 / mu)
    m <- alpha * m + (1 - alpha) * r
    if (m < quit) return(t)          # player quits this session
  }
  n
}

reps <- 2000
fixed_len    <- replicate(reps, simulate_play(sigma = 0))
variable_len <- replicate(reps, simulate_play(sigma = 1.5))

cat("Median session length (fixed reward):   ", median(fixed_len), "\n")
#> Median session length (fixed reward):    200
cat("Median session length (variable reward):", median(variable_len), "\n")
#> Median session length (variable reward): 11

hist(variable_len, breaks = 30, col = rgb(0, 0, 1, 0.4),
     xlab = "Session length (actions before quit)", main = "",
     xlim = range(c(fixed_len, variable_len)))
hist(fixed_len, breaks = 30, col = rgb(1, 0, 0, 0.4), add = TRUE)
legend("topright", legend = c("Variable reward", "Fixed reward"),
       fill = c(rgb(0, 0, 1, 0.4), rgb(1, 0, 0, 0.4)), bty = "n")
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Figure 22.1: Simulated player drop-out under fixed versus variable reward schedules with identical mean reward. Variable rewards sustain motivation above the quit threshold for longer by repeatedly spiking the motivation state.










22.2.4 The Engagement-to-Revenue Loop

Engagement mechanics, monetization, and acquisition form a closed loop, shown in Figure 22.2. Acquisition delivers players into a core loop of action and reward governed by Equation 22.3; sustained engagement produces the behavioral investment that both converts to in-game purchases (Equation 22.1) and, through social and streaming visibility, feeds acquisition of new players. Live streaming is an empirically important arm of this loop: Y. Huang and Morozov (2025), using high-frequency Twitch data and within-day variation in top streamers’ broadcast hours for identification, estimate a positive but modest and short-lived elasticity of concurrent players to live-stream viewership (about 0.0270.027), with the strongest effects for lesser-known titles where streams resolve quality uncertainty. Influencer content cuts both ways, however: N. Li, Haviv, and Lovett (2024), studying YouTube influencers in the video-game industry, document opposing purchase and usage effects—exposure can raise purchase intent while substituting for the consumer’s own play time—so the net effect on the engagement loop is not signed a priori.
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Figure 22.2: The engagement-to-revenue loop in a free-to-play game. The core action-reward loop sustains engagement, which both monetizes through in-game purchases and feeds acquisition through social and streaming visibility.











22.3 Gamification in Marketing

Gamification is the application of game-design elements—points, levels, badges, leaderboards, challenges, streaks, and randomized rewards—to contexts whose primary purpose is not play. In marketing the canonical applications are loyalty programs (status tiers, points, progress bars), mobile engagement apps (streaks, daily goals), referral programs (unlockable rewards), and internal sales-force or service incentives (leaderboards, badges). The premise is that the engagement machinery of Equation 22.3 can be ported to serve a marketing objective—repeat purchase, app usage, word of mouth—without the underlying activity being a game.

The mechanism that gamification exploits is the conversion of an instrumental task into one with intrinsic and social reward structure. Three behavioral levers recur. First, goal gradient and endowed progress: progress toward a salient goal accelerates effort as the goal nears, and artificially endowing early progress (e.g., a loyalty card pre-stamped twice) increases completion. Second, operational transparency and effort visibility: making the effort or progress visible increases valuation and persistence. Third, social comparison: leaderboards and visible status convert a private task into a positional one. The emotional facet matters here—the satisfaction of completing a streak or holding a status tier is an affective reward, and the literature on how time and activity are experienced as fun or productive bears directly on gamified design (Etkin, Evangelidis, and Aaker 2015; Tonietto and Barasch 2020).

Gamification, however, inherits the ethical hazard of its source. The same mechanics that increase desirable engagement can manufacture compulsion, and several documented effects warn against naive deployment. Public, social gamification can backfire through slacktivist dynamics, in which a token public act of engagement reduces subsequent substantive effort—an effect of “private versus public” token support that managers of badge- and share-based programs should anticipate (Kristofferson, White, and Peloza 2013). And because gamified metrics are visible and incentivized, they invite gaming-of-the-metric: participants optimize the tracked behavior rather than the underlying objective, a generic failure of incentive design. The design question is therefore whether a gamified mechanic aligns the tracked behavior with genuine value (a well-designed loyalty tier rewarding real repeat custom) or merely manufactures a behavior that looks like value (a streak that compels logins of no benefit to the consumer). Table 22.2 contrasts value-creating with value-extracting gamification along this axis.




Table 22.2: Value-creating versus value-extracting gamification. The same mechanics serve either end; the distinction is whether the tracked behavior is aligned with consumer value and whether the design preserves the consumer’s capacity to exit.










	Dimension
	Value-creating gamification
	Value-extracting gamification





	Objective alignment
	Tracked behavior ≈\approx genuine value
	Tracked behavior decoupled from value



	Consumer welfare
	Consumer surplus rises
	Surplus transferred to firm or destroyed



	Reward structure
	Predictable, earned
	Variable-ratio, engineered for compulsion



	Transparency
	Odds and rules disclosed
	Odds opaque (e.g., undisclosed drop rates)



	Exit
	Low switching/quit cost
	High sunk-cost lock-in












22.4 Regulation of Gaming and Welfare


22.4.1 Why Regulate

The welfare case for regulating games rests on the gap between the engagement mechanics of Equation 22.3 and consumer sovereignty. When a variable-reward schedule sustains play and spending past the point a fully-informed, self-controlled consumer would choose, the consumer’s revealed behavior no longer reveals preference; the standard welfare theorems fail. Three regulatory concerns follow, in rough order of consensus. The first is minors and spending: in-game purchases by children, who lack both the means and the judgment to consent to financial commitments, made through frictionless payment. The second is gambling mechanics: loot boxes (Equation 22.2) replicate the structure of gambling, and several jurisdictions have moved to classify them as such, with consequences for age-gating and disclosure. The third is time use and overconsumption: excessive play time, particularly among adolescents, framed as a public-health concern. These motivate three corresponding instruments—spending caps and parental controls, loot-box disclosure or prohibition, and usage-restriction laws that cap or curfew play time. The remainder of this section develops the evaluation of the third, which has produced the cleanest natural experiment.



22.4.2 A Natural Experiment: Usage-Restriction Laws

The sharpest evidence on usage restriction comes from South Korea’s Shutdown Law (the “Cinderella law”), which barred players under 16 from accessing online games between midnight and 6 a.m. Jo et al. (2020) evaluate this policy on individual-level usage and spending data and reach a set of conclusions that should temper enthusiasm for blunt restriction. Regulation reduced overall game usage, but the effect was sharply heterogeneous in past behavior: it bound on average players, had a smaller effect on heavy players, and ran in the opposite direction for the very heaviest—the consumers the law was most meant to protect. And the revenue impact was negligible: restricted players reallocated rather than reduced spending. The policy lesson is that a curfew deters light, marginal players while the heaviest—plausibly the at-risk population—are unmoved or even intensify, so a blunt usage cap is poorly targeted at the welfare problem it names.



22.4.3 Identifying the Effect of a Usage Restriction

The Korean setting is valuable precisely because it permits credible identification, and Jo et al. (2020) combine three complementary designs. We state each as an estimator with its identifying assumption and what breaks it, because the combination—not any single design—is what makes the conclusion robust. The cross-cutting machinery here connects to the broader treatment of causal inference in Chapter 40.

Difference-in-differences (DiD). With an age-based cutoff defining treated (under-16) and control (just over the cutoff) players observed before and after the law, the canonical two-way fixed-effects estimator for outcome yity_{it} (usage or spending) is

yit=αi+γt+τDit+εit,(22.4)
y_{it} = \alpha_i + \gamma_t + \tau\, D_{it} + \varepsilon_{it},
 \qquad(22.4)

where αi\alpha_i and γt\gamma_t are individual and time fixed effects, Dit=1D_{it}=1 for treated players in the post-period, and τ\tau is the average treatment effect. Identification requires the parallel-trends assumption: absent the law, treated and control outcomes would have moved in parallel, 𝔼[yit(0)−yi,t−1(0)∣D]\mathbb{E}[y_{it}(0) - y_{i,t-1}(0)\mid D] is independent of treatment status. This breaks if under-16 and over-16 players were already on diverging usage trajectories (developmental differences in gaming intensity by age make this a live threat), or if the law triggered compositional change—e.g., minors migrating to unregulated platforms or borrowing adult credentials, which contaminates both the treated outcome and the control group.

Regression discontinuity (RD). The age threshold furnishes a sharp discontinuity: a player just under 16 is restricted, one just over is not. Comparing outcomes in a narrow bandwidth hh around the cutoff a0=16a_0 = 16,

τRD=lima↓a0𝔼[y∣a]−lima↑a0𝔼[y∣a],(22.5)
\tau_{\text{RD}} = \lim_{a \downarrow a_0} \mathbb{E}[y \mid a] -
                   \lim_{a \uparrow a_0} \mathbb{E}[y \mid a],
 \qquad(22.5)

identifies the local effect at the cutoff under the assumption that all other determinants of yy are continuous in age at a0a_0—players cannot precisely manipulate their recorded age, and nothing else changes discontinuously at exactly 16. Manipulation (misreported birthdates to evade the curfew) is the canonical threat and would show as a density discontinuity in the running variable; the estimate is also only local to age 16 and need not generalize to younger children.

Propensity-score matching (PSM). To compare restricted and unrestricted players who are otherwise observationally similar, each treated player ii is matched to controls with a similar propensity score e(𝐱i)=Pr(Di=1∣𝐱i)e(\mathbf{x}_i) = \Pr(D_i = 1 \mid
\mathbf{x}_i) estimated from pre-treatment covariates 𝐱i\mathbf{x}_i (past usage, spending, tenure). The matched estimator is

τ̂PSM=1N1∑i:Di=1(yi−∑jwijyj),(22.6)
\hat\tau_{\text{PSM}} = \frac{1}{N_1}\sum_{i:\,D_i=1}
   \Big( y_i - \textstyle\sum_{j} w_{ij}\, y_j \Big),
 \qquad(22.6)

where wijw_{ij} weights controls jj by closeness in e(⋅)e(\cdot). PSM identifies the effect on the treated under selection on observables (conditional unconfoundedness): treatment is as-good-as-random given 𝐱\mathbf{x}, and there is common support. It breaks under selection on unobservables—if an unmeasured trait (say, a player’s underlying self-control or propensity to seek out gaming) drives both treatment-relevant behavior and outcomes, matching on observed covariates leaves bias. PSM cannot, by construction, fix this; it is why Jo et al. (2020) triangulate with RD, whose identification does not lean on observables.

The discipline of the design is that the three estimators lean on different assumptions—parallel trends, continuity at the cutoff, selection on observables—so their agreement is more convincing than any one alone. Where they would disagree tells the analyst which assumption is binding. Table 22.3 summarizes the comparison.




Table 22.3: Three identification strategies for a usage-restriction law and the assumption each rests on. Their combination is robust because the assumptions are non-overlapping.











	Design
	Estimand
	Key assumption
	What breaks it





	DiD (Equation 22.4)
	ATT, average over time
	Parallel trends
	Diverging age trends; migration to unregulated play



	RD (Equation 22.5)
	Local effect at age 16
	Continuity at cutoff
	Age manipulation; non-generalizable locally



	PSM (Equation 22.6)
	ATT on matched sample
	Selection on observables
	Selection on unobservables (e.g., self-control)












22.4.4 A Reproducible Difference-in-Differences

The following simulation reproduces the structure of the usage-restriction evaluation—not the Korean data—to make the DiD estimator and its heterogeneity concrete. We generate treated (minor) and control players with a treatment effect that varies by baseline intensity, mirroring the central finding of Jo et al. (2020) that restriction binds on average players but not the heaviest. Table 22.4 reports the estimates overall and by baseline-intensity tercile.


set.seed(20)
library(dplyr)

n <- 4000
players <- tibble(
  id        = 1:n,
  treated   = rbinom(n, 1, 0.5),                 # under-16 (restricted) vs. control
  baseline  = rgamma(n, shape = 2, scale = 5)    # pre-period usage (hours/week)
) |>
  mutate(intensity = ntile(baseline, 3))         # 1 = light, 3 = heaviest

# Treatment effect: -30% for light, -15% for average, ~0 for heaviest players.
te <- c(`1` = -0.30, `2` = -0.15, `3` = 0.02)

panel <- players |>
  tidyr::expand_grid(post = c(0, 1)) |>
  mutate(
    effect = treated * post * te[as.character(intensity)],
    usage  = baseline * (1 + effect) +
             rnorm(n(), 0, 1) +                   # noise
             post * 0.5,                          # common time trend (seasonality)
    D      = treated * post
  )

# Two-way fixed-effects DiD via the interaction term.
did_overall <- lm(usage ~ treated + post + D, data = panel)
overall_tau <- coef(did_overall)["D"]

# Heterogeneity: estimate tau within each baseline-intensity tercile.
by_tercile <- panel |>
  group_by(intensity) |>
  group_modify(~ broom::tidy(lm(usage ~ treated + post + D, data = .x))) |>
  filter(term == "D") |>
  transmute(intensity, tau = estimate, se = std.error)

knitr::kable(
  bind_rows(
    by_tercile,
    tibble(intensity = NA, tau = overall_tau,
           se = summary(did_overall)$coefficients["D", "Std. Error"])
  ),
  digits = 3,
  col.names = c("Intensity tercile", "DiD estimate (hours/week)", "Std. error"),
  caption = NULL
)





Table 22.4: Difference-in-differences estimates of a simulated usage-restriction law, overall and by baseline-intensity tercile. The overall effect masks heterogeneity: the restriction reduces usage for light and average players but not for the heaviest, mirroring the qualitative finding of Jo et al. (2020).






	Intensity tercile
	DiD estimate (hours/week)
	Std. error





	1
	-1.143
	0.133



	2
	-1.259
	0.145



	3
	0.443
	0.480



	NA
	-0.647
	0.324














The estimated τ̂\hat\tau is sharply negative for the lightest tercile, attenuated for the middle, and indistinguishable from zero for the heaviest—the pattern that makes a blunt curfew a poorly targeted instrument. A regulator reading only the pooled coefficient would conclude the law “works”; the heterogeneity reveals that it works on exactly the players who were not the problem.



22.4.5 Loot Boxes, Disclosure, and the Limits of Restriction

The loot-box debate sharpens the regulatory dilemma. Because Equation 22.2 makes a loot box a lottery, the live policy options are (i) prohibition, classifying loot boxes as gambling and banning their sale to minors (the route taken in some jurisdictions); (ii) disclosure, mandating publication of the drop probabilities {πj}\{\pi_j\} so that Equation 22.2 is at least computable by the consumer; and (iii) spending caps and friction, limiting the rate at which a player can purchase. Disclosure is the lightest-touch instrument and the most defensible on consumer-sovereignty grounds—it restores the information the variance lever of Equation 22.3 conceals—but it does not address the behavioral force, since the appeal of randomized rewards survives full knowledge of the odds. Prohibition addresses the mechanic directly but at the cost of the surplus legitimate players derive from cosmetic randomization, and invites substitution toward unregulated grey-market trading. The general lesson of Jo et al. (2020)—that restrictions bind on marginal, not at-risk, consumers and induce reallocation rather than reduction—travels to loot boxes and counsels against assuming any single instrument is sufficient.




22.5 Key Takeaways


	The dominant free-to-play model is a price-discrimination scheme (Equation 22.1): free admission maximizes the base, and a menu of in-game purchases extracts surplus from a right-skewed willingness-to-pay distribution dominated by its upper tail. The managerial object is a conversion policy, not a price (J. Cao, Chintagunta, and Li 2023).

	Engagement is the construct that mediates admission and monetization (Hollebeek 2011; Harmeling et al. 2016; Lemon and Verhoef 2016); its engineering core is the reward schedule, and the decisive design lever is reward variance, not mean (Equation 22.3)—variance is free engagement, which is why randomized rewards are both the most effective and the most hazardous mechanic.

	Loot boxes are structurally lotteries (Equation 22.2); their behavioral force is the variable-ratio schedule, not the expected value, which is why disclosure of odds is necessary but not sufficient.

	Gamification ports game mechanics into marketing and inherits both their power and their ethical hazard; the test is whether the tracked behavior is aligned with consumer value or merely manufactured (Table 22.2), and social gamification can backfire (Kristofferson, White, and Peloza 2013).

	Usage-restriction laws are evaluable as a natural experiment, and the cleanest evidence triangulates DiD, RD, and PSM on non-overlapping assumptions (Table 22.3). The central finding (Jo et al. 2020) is that restriction binds on light and average players but not the heaviest, with negligible revenue effect—so blunt restriction is poorly targeted at the overconsumption it names (Chapter 40).









1. The colloquial taxonomy of “minnows,” “dolphins,” and “whales” maps onto quantiles of F(θ)F(\theta). The concentration is extreme: in many titles fewer than 5% of paying players, and well under 1% of all players, generate the majority of in-game-purchase revenue. This concentration is the source of both the model’s profitability and its regulatory scrutiny, because the heaviest spenders are disproportionately likely to be the vulnerable consumers (Section 22.4).





23 Marketing–Finance Interface

Marketing spends real money—on advertising, salesforces, distribution, brands, and customer relationships—and the people who allocate capital eventually ask what those expenditures are worth. The marketing–finance interface is the body of theory and empirical method that answers this question by linking marketing actions to firm value: to cash flows, to risk, and ultimately to the price an equity market sets on the firm. Its central claim is deceptively simple. The things marketing builds—brand equity, a satisfied and loyal customer base, channel and partner relationships—are assets, and like any asset they should be visible in the value of the firm even though accounting rules largely keep them off the balance sheet (Srivastava, Shervani, and Fahey 1998a; S. Srinivasan and Hanssens 2009).

Two intellectual currents meet here. From finance comes the discipline of discounted cash flow and the apparatus of asset pricing: a firm is worth the present value of its future cash flows, and a stock’s return reflects the revision of investors’ expectations about those flows. From marketing comes a theory of where those cash flows originate—in customers and the relationships, knowledge, and reputation that produce repeat purchase, price premiums, and lower acquisition costs. The interface insists that the two be made consistent: actions that create value in the product market should, under an efficient capital market, create value for shareholders (S. Srinivasan and Hanssens 2009). When they do not, either the marketing action destroyed value or the market has not yet priced it—both empirically interesting outcomes.

By the end of this chapter the reader should be able to state the market-based assets framework formally, write down and estimate the workhorse models that connect marketing to firm value (stock-return response models, persistence/VAR models, and Tobin’s qq regressions), reason carefully about what identifies a causal effect in each, and recognize the measurement traps—most acutely in accounting-based proxies for qq—that have tripped up the literature. We treat the event-study machinery for discrete marketing events (acquisitions, alliances, product introductions) as a running application, since mergers and acquisitions and strategic alliances are where the interface has produced its deepest body of evidence. The branding chapter (Chapter 11) develops the event study and stochastic-frontier capability estimators in the specific context of brand assets; here we build the general scaffolding.


23.1 Market Efficiency and the Logic of Valuation

Everything downstream rests on an assumption about how stock prices incorporate information, so it is worth stating precisely. The efficient market hypothesis classifies markets by the information set already impounded in prices. Under weak-form efficiency prices reflect the history of prices themselves; under semi-strong efficiency they reflect all public information in real time; under strong-form efficiency they reflect public and private information. The working consensus in the marketing–finance literature is that real markets sit between weak and semi-strong form: public information about marketing—an earnings release that reveals advertising’s payoff, a product-recall announcement, an alliance—moves prices, and it does so promptly though not always completely (S. Srinivasan and Hanssens 2009).

This has a sharp empirical implication. If markets are at least near-semi-strong efficient, then good news about marketing raises the stock price and bad news lowers it, and—because the price is forward-looking—the change in price at the moment news arrives is an unbiased, risk-adjusted estimate of the news’s value to shareholders. Stock-market valuation is then in sync with product-market valuation: the same actions that build value with customers build value for investors. This equivalence is what licenses the use of stock returns to value marketing, and it is the premise the event study exploits.

Formally, let VitV_{it} be the market value of firm ii’s equity at the end of period tt. The dividend-discount identity writes it as the expected present value of future cash flows to equity,

Vit=∑T=t∞(11+rit)T−t𝔼t[CFiT],(23.1)
V_{it} = \sum_{T=t}^{\infty}
  \left(\frac{1}{1+r_{it}}\right)^{T-t}\,
  \mathbb{E}_t\!\left[\mathrm{CF}_{iT}\right],
 \qquad(23.1)

where ritr_{it} is the firm’s cost of equity capital and 𝔼t[⋅]\mathbb{E}_t[\cdot] is the expectation conditional on information available at tt. Marketing enters through the cash-flow expectations. Srivastava, Shervani, and Fahey (1998a) organize marketing’s value contribution into four channels visible in Equation 23.1: marketing can accelerate cash flows (bring them forward in time), augment their level, reduce their risk (volatility and vulnerability, which lowers ritr_{it}), and raise their residual value (the terminal value beyond the explicit forecast horizon). The rest of the framework is an elaboration of how marketing assets operate through these four levers.



23.2 Market-Based Assets


23.2.1 Definition and the Resource-Based Test

The conceptual core of the interface is the market-based asset. The following landmark definition frames everything that follows.


Market-based assets “arise from the commingling of the firm with entities in its external environment,” where an asset is “any physical, organizational, or human attribute that enables the firm to generate and implement strategies that improve its efficiency and effectiveness in the marketplace” (Srivastava, Shervani, and Fahey 1998a, 2–3).



The defining feature is externality of locus: unlike a factory or a patent, a market-based asset lives in a relationship or in knowledge that spans the firm’s boundary. Srivastava, Shervani, and Fahey (1998a) distinguish two kinds. Relational market-based assets are outcomes of the firm’s relationships with external stakeholders— distributors, retailers, end customers, strategic partners. Brand equity is the relational asset between a firm and its customers; channel equity is the relational asset between a firm and its intermediaries. Intellectual market-based assets are the firm’s knowledge about its environment: the emerging and potential states of market conditions and of the entities (competitors, customers, channels, suppliers, regulators) within them.

For a resource to create sustained value it must pass the resource-based view’s four tests: it must be convertible (the firm can actually exploit it), rare, imperfectly imitable, and have no perfect substitutes (Srivastava, Shervani, and Fahey 1998a). Knowledge and relationships pass all four, which is precisely why they can support a durable competitive advantage where tangible assets—easily bought, copied, or substituted—cannot. Each asset has a stock dimension (the amount of brand equity or customer knowledge the firm possesses at a point in time) and a flow dimension (the rate at which that stock is being augmented or is decaying) (Srivastava, Shervani, and Fahey 1998a, 5). The stock–flow distinction matters for estimation: marketing expenditures are flows that accumulate, with decay, into the stock that produces cash flow—a structure we exploit in the persistence and perpetual- inventory models below.



23.2.2 From Assets to Shareholder Value

The framework’s payoff is a causal chain from marketing actions, through market-based assets and intermediate product-market outcomes, to the four shareholder-value levers of Equation 23.1. Figure 23.1 renders the chain; it is our own redrawing of the logic in Srivastava, Shervani, and Fahey (1998a) and the “chain of marketing productivity” in Roland T. Rust et al. (2004), neither reproduced from the originals.
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Figure 23.1: The marketing–finance value chain. Marketing actions build market-based assets, which generate product-market outcomes, which map onto the four shareholder-value levers of the discounted-cash-flow identity. Synthesized from Srivastava, Shervani, and Fahey (1998a) and Roland T. Rust et al. (2004).








The mechanisms behind each arrow are worth making explicit, because they convert soft marketing language into the four hard financial levers.

Accelerating cash flows. Greater brand awareness speeds consumer response to advertising and shortens the path to trial (Keller 1993), and a large installed base together with partnership networks compresses the product life cycle by speeding the adoption process (Robertson 1993). Time-to-market acceptance is a cash-flow timing variable, and—because near cash is worth more than distant cash—accelerating it raises value even when the level of cumulative cash flow is unchanged.

Augmenting the level of cash flows. Market-based assets raise revenues (brand extensions open new categories), lower costs (extensions and the relationship’s advertising efficiencies cut unit selling cost), and reduce working- and fixed-capital requirements (relationship marketing and cooperative ventures—co- branding and co-marketing alliances—let partners leverage each other’s networks and customer bases rather than build their own).

Reducing risk. The vulnerability of cash flows falls with customer satisfaction, loyalty, and retention, and stability rises as information sharing, automatic replenishment, and lower inventories smooth operations. Higher switching costs and operational integration raise the net present value of the cash-flow stream by lowering its discount rate ritr_{it}.

Enhancing residual value. A larger, more loyal, higher-quality customer base buys more and erects barriers to competitive entry, raising the terminal value that dominates Equation 23.1 for long-lived firms.

Srivastava, Shervani, and Fahey (1998a) summarize the logic in three propositions: the more market-based assets external entities help develop, the more eager and valuable those entities become to the firm; the more such assets pass the resource-based tests, the more external entities benefit; and when a firm leverages market-based assets to boost cash flows, shareholder value is created. The empirical program of the interface is, in effect, the testing of this third proposition.



23.2.3 Why Not Just Use Accounting Numbers?

A natural objection is that firms already report performance, so why build a parallel valuation apparatus. The answer is that the obvious accounting measures are poor proxies for value creation. Book value records assets at historical cost and ignores intangibles entirely; replacement value is conceptually better but practically unmeasurable for relationships and knowledge; and price–earnings multiples inherit the well-known pathologies of accrual accounting—earnings are backward-looking, unadjusted for risk, and manipulable through accruals timing. The shareholder-value approach—discounted future cash flow, as in Equation 23.1—dominates these because it is forward-looking, risk-adjusted, and harder to game (Srivastava, Shervani, and Fahey 1998a). This is also the principal reason cash flow, rather than earnings, is the preferred firm-performance variable in interface research, and it motivates the use of qq-type and stock-return measures in place of profitability ratios.




23.3 Methods for Connecting Marketing to Firm Value

Three broad estimation strategies dominate, distinguished by the nature of the marketing event and the time structure of the data. Table 23.1 contrasts them; the subsections that follow develop the two most important.




Table 23.1: Three workhorse approaches to the marketing–finance interface, with their identifying assumptions.












	Approach
	What it measures
	Core model
	Identifying assumption
	Breaks when





	Event study / stock-return response
	Value of a discrete, dated event
	Market-model abnormal returns ARit\mathrm{AR}_{it}, cumulated to CARi\mathrm{CAR}_i
	Market is semi-strong efficient; event date is exogenous and unconfounded within the window
	Information leaks before the date; confounding events share the window; the event is anticipated



	Persistence modeling (VAR)
	Long-run cumulative impact of a marketing shock, separating temporary from permanent effects
	Vector autoregression with impulse-response and unit-root analysis
	Shocks are correctly identified (ordering/IRF); the system is stable or has a well-defined permanent component
	Wrong variable ordering; structural breaks; omitted feedback channels



	Tobin’s qq / valuation regression
	Cross-sectional association of marketing assets with firm value
	qit=𝐱it⊤𝛃+αi+δt+uitq_{it} = \mathbf{x}_{it}^{\top}\boldsymbol{\beta}+\alpha_i+\delta_t+u_{it}
	Marketing regressor is exogenous conditional on controls and fixed effects
	Reverse causality; omitted intangibles; accounting proxy bias (see Section 23.4.2)










A fourth, the single-equation error-correction model (ECM), is used when the data are nonstationary and one wants to separate a long-run equilibrium relation from short-run dynamics; it recognizes the random-walk character of stock prices and is a staple of the persistence tradition (S. Srinivasan et al. 2009).


23.3.1 Stock-Return Response Modeling

The cleanest way to value a discrete marketing event is to read the value directly off the stock price, exploiting market efficiency. Begin again from the market-value identity and difference it across one period. With Eretit\mathrm{Eret}_{it} the expected (required) return on the equity and ritr_{it} the discount rate,

Vit=(1+Eretit)Vit−1+∑T=t∞(11+rit)T−tΔ𝔼t[CFiT],(23.2)
V_{it} = (1+\mathrm{Eret}_{it})\,V_{it-1}
  + \sum_{T=t}^{\infty}
    \left(\frac{1}{1+r_{it}}\right)^{T-t}
    \Delta\,\mathbb{E}_t\!\left[\mathrm{CF}_{iT}\right],
 \qquad(23.2)

where Δ𝔼t[CFiT]≡𝔼t[CFiT]−𝔼t−1[CFiT]\Delta\,\mathbb{E}_t[\mathrm{CF}_{iT}] \equiv
\mathbb{E}_t[\mathrm{CF}_{iT}] - \mathbb{E}_{t-1}[\mathrm{CF}_{iT}] is the revision in the expected cash flow for date TT that arrives during period tt. The first term is the value the firm would have had absent any news—it grows at the required return—and the second term is the capitalized value of the news itself. Rearranging gives the realized stock return as an expected component plus an abnormal component driven entirely by cash-flow-expectation revisions:

StockReturnit=Vit−Vit−1Vit−1=Eretit+1Vit−1∑T=t∞(11+rit)T−tΔ𝔼t[CFiT]⏟abnormal return ARit.(23.3)
\mathrm{StockReturn}_{it}
  = \frac{V_{it}-V_{it-1}}{V_{it-1}}
  = \mathrm{Eret}_{it}
  + \underbrace{\frac{1}{V_{it-1}}
      \sum_{T=t}^{\infty}\left(\frac{1}{1+r_{it}}\right)^{T-t}
      \Delta\,\mathbb{E}_t\!\left[\mathrm{CF}_{iT}\right]}_{\text{abnormal return }\;\mathrm{AR}_{it}}.
 \qquad(23.3)

Equation 23.3 is the theoretical justification for the event study. The abnormal return ARit\mathrm{AR}_{it} is the realized return net of its expectation, and under market efficiency it equals the present value of the cash-flow news, scaled by beginning-of-period value. To take it to data one needs a model for the expected return Eretit\mathrm{Eret}_{it}. The standard choice is the market model, a single-factor regression of the firm’s return on the market return estimated over a clean pre-event window [t0,t1][t_0, t_1]:

Rit=αi+βiRmt+εit,AR̂it=Rit−α̂i−β̂iRmt.(23.4)
R_{it} = \alpha_i + \beta_i R_{mt} + \varepsilon_{it},
\qquad
\widehat{\mathrm{AR}}_{it} = R_{it} - \hat\alpha_i - \hat\beta_i R_{mt}.
 \qquad(23.4)

Cumulating over the event window WW gives the cumulative abnormal return CARi=∑t∈WAR̂it\mathrm{CAR}_i = \sum_{t \in W}\widehat{\mathrm{AR}}_{it}, which is then regressed cross-sectionally on event characteristics to learn what drives value. The branding chapter (Chapter 11) gives the full estimator and the standard confound screens; the key identifying requirements are that the event date be exogenous and that no other value-relevant news (earnings, splits, executive turnover, buybacks, dividend changes) contaminate the window. The following code simulates the procedure end to end so the reader can see exactly where each quantity comes from.


set.seed(21)

# --- simulate a market and one firm with a known event-day jump --------------
n_est  <- 250          # estimation-window trading days
n_evt  <- 5            # event-window days (e.g., -2..+2)
alpha  <- 0.0002; beta <- 1.10
mkt_est <- rnorm(n_est, 0.0004, 0.009)
firm_est <- alpha + beta * mkt_est + rnorm(n_est, 0, 0.012)

# --- estimate the market model on the clean pre-event window -----------------
fit <- lm(firm_est ~ mkt_est)

# --- event window: true cash-flow news adds +3% on the announcement day ------
mkt_evt   <- rnorm(n_evt, 0.0004, 0.009)
news      <- c(0, 0, 0.03, 0, 0)            # day 0 carries the marketing news
firm_evt  <- coef(fit)[1] + coef(fit)[2] * mkt_evt +
             rnorm(n_evt, 0, 0.012) + news

# --- abnormal and cumulative abnormal returns --------------------------------
expected_evt <- predict(fit, newdata = data.frame(mkt_est = mkt_evt))
AR  <- firm_evt - expected_evt
CAR <- cumsum(AR)

data.frame(day = -2:2, AR = round(AR, 4), CAR = round(CAR, 4))
#>   day      AR     CAR
#> 1  -2 -0.0105 -0.0105
#> 2  -1  0.0106  0.0001
#> 3   0  0.0407  0.0408
#> 4   1 -0.0043  0.0365
#> 5   2 -0.0028  0.0337




The recovered cumulative abnormal return concentrates on day 0 and is close to the 3% shock injected, illustrating why—when the efficiency and no-confound assumptions hold—the event study delivers a clean, risk-adjusted dollar value for a marketing event.



23.3.2 Persistence Modeling

Many marketing effects are not one-day jumps but dynamic responses that build and decay over months: an advertising pulse raises awareness, which raises sales, which feeds back into the budget. Persistence modeling uses a vector autoregression (VAR) to trace the full dynamic response of firm value (or sales, or cash flow) to a marketing shock and, crucially, to separate the temporary component (which dies out) from the permanent component (which is impounded forever) (S. Srinivasan and Hanssens 2009). For a vector 𝐲t\mathbf{y}_t stacking, say, log firm value, a marketing variable, and a control,

𝐲t=𝐜+∑ℓ=1p𝚽ℓ𝐲t−ℓ+𝛜t,𝛜t∼(𝟎,𝚺),(23.5)
\mathbf{y}_t = \mathbf{c} + \sum_{\ell=1}^{p}
  \mathbf{\Phi}_\ell\,\mathbf{y}_{t-\ell} + \boldsymbol{\epsilon}_t,
\qquad \boldsymbol{\epsilon}_t \sim (\mathbf{0}, \mathbf{\Sigma}),
 \qquad(23.5)

the impulse-response function ∂𝐲t+h/∂𝛜t\partial \mathbf{y}_{t+h}/\partial
\boldsymbol{\epsilon}_t gives the effect of a unit shock hh periods out, and its long-run sum measures total persistent impact. Identification of structural shocks requires an ordering (or sign/long-run restrictions); the standard recursive ordering assumes a Cholesky causal chain that the researcher must defend. When the series are nonstationary—stock prices follow a near random walk—the analyst works with the unit-root/cointegration structure directly, typically via an error-correction representation that separates the long-run equilibrium from short-run adjustment (S. Srinivasan et al. 2009). The two pitfalls to flag are that the permanent/temporary decomposition is only as good as the unit-root inference behind it, and that an omitted feedback channel (e.g., competitor response) biases the impulse responses.




23.4 Tobin’s qq and Valuation Regressions

The most common cross-sectional measure of firm value in interface research is Tobin’s qq, the ratio of a firm’s market value to the replacement cost of its assets. Intuitively, q>1q>1 means the market values the firm above what it would cost to rebuild its assets, and the gap is attributed to intangibles and growth options—exactly the territory marketing claims. Its appeal is that it is forward-looking, risk-adjusted, and less manipulable than accounting profitability, which is why it is the dependent variable of choice in studies of how marketing assets relate to firm value (R. Grewal, Chandrashekaran, and Citrin 2010; McAlister et al. 2016; Neil A. Morgan and Rego 2009a; Wies et al. 2019). When probing the drivers of qq, the literature recommends controlling at minimum for financial leverage and cash flow, since both shift qq for reasons unrelated to marketing (Wies et al. 2019).

The traditional empirical proxy assembles qq from financial statements (V. R. Rao, Agarwal, and Dahlhoff 2004):

q=MVE+PS+DEBTTA,(23.6)
q = \frac{\mathrm{MVE} + \mathrm{PS} + \mathrm{DEBT}}{\mathrm{TA}},
 \qquad(23.6)

where MVE\mathrm{MVE} is the market value of equity (share price times shares outstanding), PS\mathrm{PS} the liquidating value of preferred stock, DEBT\mathrm{DEBT} is short-term liabilities net of short-term assets plus the book value of long-term debt, and TA\mathrm{TA} the book value of total assets. Because both numerator and denominator scale with firm size, qq is scale-independent and thus comparable as a measure of relative market performance across firms of different sizes.

A typical valuation regression then takes the form

qit=𝐱it⊤𝛃+αi+δt+uit,(23.7)
q_{it} = \mathbf{x}_{it}^{\top}\boldsymbol{\beta}
  + \alpha_i + \delta_t + u_{it},
 \qquad(23.7)

with 𝐱it\mathbf{x}_{it} the marketing variables of interest plus leverage and cash flow, αi\alpha_i firm fixed effects absorbing time-invalid heterogeneity, and δt\delta_t time effects absorbing common shocks. Identification of a causal marketing effect requires that, conditional on the controls and fixed effects, the marketing regressor be uncorrelated with uitu_{it}. This is demanding: reverse causality (valuable firms spend more on marketing), omitted intangibles (R&D or organizational capital correlated with both), and measurement error in the intangible-laden denominator all threaten it. The next two subsections address the denominator problem, which is the deepest and least appreciated.


23.4.1 Total qq: Putting Intangibles in the Denominator

Equation Equation 23.6 divides market value by physical assets at book value, ignoring the intangible capital—knowledge and organizational/brand capital—that the firm has built. R. H. Peters and Taylor (2017) argue that the neoclassical theory of investment applies to intangibles just as it does to plant and equipment, and propose a total qq that puts intangible capital into the denominator at replacement cost:

qittot=VitKitphy+Kitint=prcc_f×csho+dltt+dlc−actppegt+Kitint,(23.8)
\begin{aligned}
q^{\text{tot}}_{it}
  &= \frac{V_{it}}{K^{\text{phy}}_{it} + K^{\text{int}}_{it}} \\[2pt]
  &= \frac{\text{prcc\_f}\times\text{csho} + \text{dltt} + \text{dlc} - \text{act}}
          {\text{ppegt} + K^{\text{int}}_{it}},
\end{aligned}
 \qquad(23.8)

where the market value VitV_{it} is equity (price prcc_f times shares csho) plus the book value of debt (dltt + dlc) minus current assets (act), KitphyK^{\text{phy}}_{it} is the replacement cost of physical capital (gross property, plant, and equipment, ppegt), and KitintK^{\text{int}}_{it} is the replacement cost of intangible capital. Earlier qq proxies omitted the intangible term entirely (Fazzari, Hubbard, and Petersen 1987; Erickson and Whited 2011), biasing qq upward for intangible-intensive firms.

Intangible capital is itself accumulated by the perpetual-inventory method. For internally created knowledge capital, the end-of-period stock evolves as

Git=(1−δRD)Gi,t−1+RDit,(23.9)
G_{it} = (1-\delta_{\mathrm{RD}})\,G_{i,t-1} + \mathrm{RD}_{it},
 \qquad(23.9)

with Gi0=0G_{i0}=0, real R&D expenditure RDit\mathrm{RD}_{it} (treated as zero when missing (Lev and Radhakrishnan 2005)), and an industry-specific depreciation rate δRD\delta_{\mathrm{RD}} (the BEA R&D rates, defaulting to 15% when unavailable (W. C. Y. Li and Hall 2018)). Organizational and brand capital are built analogously from a fraction of past selling, general, and administrative (SG&A) spending—which bundles advertising (brand), employee training (human capital), and distribution systems. Intangible capital is costlier to adjust than physical capital, a friction the neoclassical model takes seriously. Figure 23.2 simulates the knowledge-capital recursion to make the stock–flow logic concrete.


# Knowledge-capital accumulation by perpetual inventory (eq. mf-knowcap).
set.seed(21)
years      <- 1:15
rd_flow    <- 100 * (1.08)^(years - 1) * exp(rnorm(length(years), 0, 0.05))
delta_rd   <- 0.15                       # BEA-style default depreciation
G <- numeric(length(years)); G[1] <- rd_flow[1]
for (t in 2:length(years)) {
  G[t] <- (1 - delta_rd) * G[t - 1] + rd_flow[t]
}

plot(years, G, type = "o", pch = 16,
     xlab = "Year", ylab = "Replacement cost",
     main = "Knowledge capital as a depreciated stock of R&D flows",
     ylim = range(c(G, rd_flow)))
lines(years, rd_flow, type = "o", col = "steelblue", pch = 1)
legend("topleft", bty = "n",
       legend = c("Knowledge-capital stock G_t", "Annual R&D flow"),
       col = c("black", "steelblue"), pch = c(16, 1), lty = 1)
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Figure 23.2: Knowledge capital as a depreciated stock of past R&D flows, simulated by the perpetual-inventory recursion.








The stock GtG_t rises well above any single year’s flow because past investments persist (depreciating at δRD\delta_{\mathrm{RD}}); this is exactly the wedge that Equation 23.8 restores to the denominator and that a naive physical-capital qq ignores.



23.4.2 Why Accounting Proxies for qq Mislead

A blunt warning is in order, because the convenience of Equation 23.6 has seduced a generation of marketing papers. Bendle and Butt (2018a) label these financial-statement constructions accounting-based approximations of Tobin’s qq (AATQ) and argue they depart from qq’s original meaning in ways that systematically favor the marketing variables researchers most want to study. Their critique has several edges. AATQ are not comparable across industries because the off-balance-sheet wedge varies by sector; they do not in fact isolate tangible assets in the denominator; and there is no theoretical reason for AATQ to equilibrate at one, contrary to a common assumption inherited from the original qq. Worse, when AATQ exceeds one—the empirically typical case—it can rise even in response to wasted investment, so an AATQ increase is consistent with both genuine value creation and value-neutral or value-destroying strategies. The net effect is a bias toward overstating the effectiveness of investments in market-based assets, precisely because those assets are the unrecorded items (brand equity, customer satisfaction) that the AATQ denominator omits. The methodological lesson is to prefer a qq that books intangibles into the denominator (Equation 23.8), to lean on within-firm variation through fixed effects, and to treat any AATQ-based effect as suggestive until corroborated.




23.5 Discrete Events: M&A, Alliances, and Innovation

The interface’s richest evidence comes from discrete, dated events whose value the event study can isolate. Mergers and acquisitions (M&A) are the canonical case, and the marketing question is sharp: what kind of combination creates value? Two hypotheses compete. The similarity (relatedness) hypothesis holds that value comes from combining firms with overlapping products, markets, or technologies, through scale and consolidation; the complementarity hypothesis holds that value comes from combining firms whose resources differ and fill each other’s gaps. Table 23.2 organizes the core findings; note that the studies disagree because the motive for the merger determines which logic applies.




Table 23.2: Selected M&A studies at the marketing–finance interface, illustrating the similarity-versus-complementarity tension.











	Study
	DV
	Key IV
	Finding





	H. Singh and Montgomery (1987)
	Cumulative portfolio abnormal returns
	Acquirer–target relatedness (technological / product-market)
	Related firms create more value



	Shelton (1988)
	Merger dollar gains
	Product-market fit
	Related firms create more value



	Harrison et al. (1991)
	ROA
	Differences in R&D, capital, administrative intensity
	R&D complementarity boosts unrelated acquisitions



	Datta, Pinches, and Narayanan (1992)
	Wealth effects
	Bids, financing, acquisition type; served-market overlap
	Similar firms create more value



	Ramaswamy (1997)
	ROA
	Distance in coverage, efficiency, marketing, client mix, risk
	Differences impede horizontal bank mergers



	M. Hitt et al. (1998)
	ROA
	Product-market relatedness and resource complementarity
	Resource complementarities aid success



	Larsson and Finkelstein (1999)
	Synergy realization
	Combination potential, integration, low employee resistance
	Complementary operations + integration raise synergy



	Swaminathan, Murshed, and Hulland (2008)
	CAR (event study)
	Strategic-emphasis alignment; resource similarity/complementarity
	Both similarity and complementarity create value, under different motives










The financing and timing of deals carries information of its own. Cash deals are received more favorably than stock-financed deals, because paying with equity signals that managers believe their stock is overvalued; this adverse reaction to equity financing is permanent, with negative acquirer returns persisting five years post-takeover (Agrawal, Jaffe, and Mandelker 1992; Loughran and Vijh 1997). Excess cash is no panacea—announcement returns fall with an acquirer’s cash holdings, consistent with managers shielded from external capital-market discipline making poorer investment choices (Harford 1999). There is broad evidence of post-merger underperformance on average (Agrawal and Jaffe 2000), yet the cross-section is informative: small acquirers earn favorable long-run returns (M. L. Mitchell and Stafford 2000; Moeller, Schlingemann, and Stulz 2004); undervalued, high book-to-market “value” acquirers outperform overvalued “glamour” acquirers, whose overconfident managers face weaker scrutiny (Sudarsanam and Mahate 2003); bull-market acquisitions underperform bear-market ones as hubris inflates synergy estimates in upswings (Bouwman, Fuller, and Nain 2009); deals for privately held or subsidiary targets generate buyer gains through illiquidity discounts and concentrated post-deal monitoring (Fuller, Netter, and Stegemoller 2002; Conn et al. 2005); serial acquirers with high valuations destroy value once organic growth stalls (Moeller, Schlingemann, and Stulz 2005); CEO ownership lifts long-run returns (Cosh, Guest, and Hughes 2006); business similarity and the disposal of non-core assets through divestitures and spin-offs both raise shareholder value (Megginson, Morgan, and Nail 2004); and cross-border deals favor developed-market acquirers entering emerging markets, especially in R&D- and brand-intensive businesses where intellectual assets matter (Chari, Ouimet, and Tesar 2009).

Swaminathan, Murshed, and Hulland (2008) bring marketing’s distinctive variable—strategic emphasis—to this literature. Following Mizik and Jacobson (2003), they operationalize a firm’s strategic emphasis as advertising minus R&D expenditure, scaled by total assets in the pre-merger year, and define strategic-emphasis alignment as the absolute difference between acquirer and target emphasis. Their event study of 206 deals shows that when merging firms are poorly aligned, diversity (complementarity) improves value, whereas when they are well aligned, value is enhanced by a consolidation motive—reconciling the similarity/complementarity debate by making the merger’s motive the moderator. Marketing assets thus shape M&A value creation directly.

The interface also documents how M&A interacts with the customer franchise. Umashankar, Bahadir, and Bharadwaj (2021) find that acquisitions tend to reduce customer satisfaction, as executives’ attention shifts from customers to financial integration; the resulting dissatisfaction can cannibalize the very synergies the deal was meant to capture, though the presence of marketing expertise in the firm’s upper echelons mitigates the damage. Even the market for the dealmakers themselves responds to organizational structure: high-performing M&A bankers, especially early in their careers, migrate from bulge-bracket banks toward focused boutiques as cross-subsidization of underperforming divisions pushes talent out, which in turn shapes deal outcomes (Gao, Wang, and Yu 2024).

Strategic alliances extend the same logic to looser combinations. Swaminathan and Moorman (2009) show that alliance announcements create value for the announcing firm, and that network position governs how much: a firm’s abnormal returns are most favorable when network efficiency (access to non-redundant partner capabilities) and density (interconnection among partners) are moderate, while network reputation and centrality have no effect; a firm’s marketing-alliance capability—its accumulated skill at managing prior alliances—positively drives value creation. Networks amplify alliance benefits, facilitate compliance, and signal partner and alliance quality. Construction of the network variables uses a window of prior years (five in Swaminathan and Moorman (2009), seven in related work (Gulati and Gargiulo 1999; Schilling and Phelps 2007)), and because partnerships form through referrals rather than at random, the authors estimate a selection model alongside the value-creation model (Verbeek and Nijman 1992). Their controls follow the intangible-asset tradition: installed base, relationship investment, marketing and advertising expenditures, and R&D, each entered through a Koyck (geometric-lag) function and combined via principal components to tame multicollinearity (Dutta, Narasimhan, and Rajiv 1999), plus alliance experience, partner size, intra- versus inter-industry scope (Rindfleisch and Moorman 2001), and repeat partnering.

Innovation events round out the picture: a firm’s aggregate investment decisions shape not only its own value but the growth and volatility of its entire industry, as D. R. King and Slotegraaf (2011) document across 377 industries over sixteen years, where investments in value creation and value appropriation interact intricately with the industry environment. Related work on the value of innovation in acquisitions is treated alongside R&D in D. R. King, Slotegraaf, and Kesner (2008).



23.6 Marketing, Information, and the Stock Market

Beyond discrete deals, a growing literature studies how marketing assets shape the information environment of the stock and shows that marketing’s financial payoff runs partly through investors, not only customers. Cheong, Hoffmann, and Zurbruegg (2021) find that advertising lowers stock-price synchronicity—the degree to which a firm’s return moves in lockstep with its industry—implying that advertising conveys firm-specific information to investors and is valued for that, over and above its demand effects. Firm-generated social content has measurable, security-level consequences: Lacka et al. (2021) define price impact as the effect on the variance of a stock’s price and estimate the permanent and temporary price impacts of S&P 500 IT firms’ tweets, finding that tweets carrying both valence and subject matter about consumer or competitor orientation produce permanent price impact, whereas tweets carrying only one attribute move prices only temporarily—and negative-valence tweets about competitors generate the largest permanent impacts. The broader case that marketing creates measurable firm value, and how to assess its effectiveness and efficiency, is made by Hanssens and Pauwels (2016), and the meta-analytic synthesis of marketing’s firm-value effects across studies is provided by Edeling and Fischer (2016). The general framing of performance outcomes in marketing—and the multiple, sometimes conflicting metrics managers must reconcile—is laid out by Katsikeas et al. (2016), and the broad correspondence between marketing and finance assets-to-value logic traces back to Kimbrough et al. (2009) and Srivastava, Shervani, and Fahey (1998a).

A complementary result concerns the human-capital side of the interface. S. J. Anderson, Chandy, and Zia (2018) show that improving both marketing and finance skills raises profits, but through different pathways: marketing/sales skill lifts profit via a growth focus (higher sales, more product and employee investment), while finance/accounting skill lifts it via an efficiency/cost focus. The managerial implication is a fit argument—marketing skill is the better fit for startups chasing growth, finance skill for mature firms optimizing cost.



23.7 Adjacent Constructs: Agility and Complexity

Two firm-level constructs increasingly appear as moderators or controls in interface studies, and both are measured from mandatory disclosures, which makes them attractive instruments.

Corporate agility—a firm’s ability to adapt to environmental change—is hypothesized to raise survival rates (Lehn 2021). Because firms must report accurately to the SEC, the measure built from disclosures is reliable; Lehn (2021) operationalize agility as the sensitivity of a firm’s competitive responses to rivals’ threats—specifically, the sensitivity of its product similarity (or dissimilarity) to rivals’ products to the rivals’ own similarity to the firm—and distinguish agility from mere flexibility.

Firm complexity is captured by accounting reporting complexity (ARC), “the difficulty to understand, prepare, audit, and analyze the financial reports,” operationalized as the count of accounting items disclosed in XBRL 10-K filings (Hoitash and Hoitash 2017, 262). ARC is inversely associated with financial-reporting quality and positively associated with audit delay and audit fees, and—because it is built from the focal firm’s own line items rather than from text that may reference other firms—it captures firm complexity more cleanly than dictionary-based linguistic measures (Hoitash and Hoitash 2022; Loughran and McDonald 2020a, 2020b). Complementary complexity proxies include operating-segment counts, foreign operations, and the linguistic readability of filings via the Fog Index (Gunning et al. 1952) and 10-K length. Complexity has downstream consequences: as it rises, analysts struggle to forecast accurately (Hoitash, Hoitash, and Yezegel 2021), and corporate social responsibility is positively correlated with greater ARC (Garcia, Villiers, and Li 2020).



23.8 Frontier Topics in Corporate Finance for Marketing

The interface continues to expand into the financing events that bracket a firm’s public life, where marketing assets act as quality signals to capital providers.

Venture capital. Early intellectual-property signals matter for seed funding: Rieger, Dreller, and Engelen (2024) show, on a Crunchbase–USPTO dataset of 5,370 ventures, that ventures filing trademark applications are more likely to secure VC funding, with the effect strongest in the first 100 days, in low-technological-uncertainty industries, and in non-clustered locations—evidence that trademarks are early credible signals of venture quality.

Initial public offerings. Firms can use innovation potential as a credible quality signal at the IPO: Z. Cao et al. (2022) find it positively associated with the IPO’s initial value and first-day returns and negatively associated with insider selling, with patents weighing most on insider sales and pre-announcements weighing most on first-day returns. The modern IPO landscape has also shifted—firms emphasize growth metrics (such as user counts) over traditional financials and go public roughly twice as old as in the 1980s, amid a larger retail-investor base, which has prompted proposals for triggered disclosure.

Customer-based corporate valuation. When a firm’s value derives transparently from its subscriber base, the customer franchise can be valued directly: McCarthy, Fader, and Hardie (2017) use DISH Network and Sirius XM data to estimate firm value from customer-level acquisition, retention, and spend dynamics—bringing the market-based- asset logic full circle by valuing the firm from its customers up.

Initial coin offerings. A nascent literature studies token sales as a financing mechanism, supported by emerging data infrastructure (Czaja and Röder 2021; Lyandres, Palazzo, and Rabetti 2022; Hsieh and Oppermann 2021; Momtaz 2020; Belitski and Boreiko 2021; Campino, Brochado, and Rosa 2022).



23.9 Key Takeaways


	The marketing–finance interface treats brands, customers, channels, and market knowledge as market-based assets that pass the resource-based tests and create shareholder value through four levers of the discounted-cash-flow identity: accelerating, augmenting, de-risking, and raising the residual value of cash flows (Srivastava, Shervani, and Fahey 1998a).

	Under near-semi-strong market efficiency, the change in stock price at the moment marketing news arrives is a risk-adjusted estimate of its value, which is what the event study and stock-return response model exploit (Equation 23.3).

	Persistence/VAR models separate temporary from permanent effects of marketing shocks; Tobin’s qq regressions measure the cross-sectional value of marketing assets but require careful identification.

	Accounting-based proxies for qq (AATQ) are biased toward overstating market-based-asset effects; prefer a total qq that books intangible capital into the denominator at replacement cost (R. H. Peters and Taylor 2017; Bendle and Butt 2018a).

	In M&A and alliances, both resource similarity and complementarity create value—the merger’s motive, captured by strategic-emphasis alignment, decides which logic applies (Swaminathan, Murshed, and Hulland 2008; Swaminathan and Moorman 2009).





23.10 Further Reading

The foundational statement of the market-based-assets framework is Srivastava, Shervani, and Fahey (1998a), with the productivity-chain elaboration in Roland T. Rust et al. (2004); the methodological review of stock-market approaches to marketing is S. Srinivasan and Hanssens (2009) and the meta-analytic synthesis is Edeling and Fischer (2016). For Tobin’s-qq measurement, read R. H. Peters and Taylor (2017) alongside the cautionary Bendle and Butt (2018a). The M&A and alliance applications are best entered through Swaminathan, Murshed, and Hulland (2008) and Swaminathan and Moorman (2009).





24 Privacy

Privacy is the governance problem at the center of data-driven marketing. Every personalized recommendation, every retargeted advertisement, every loyalty program rests on a flow of personal information from the consumer to the firm—and that flow is the same thing consumers say they want to restrict. The tension is not incidental; it is structural. Firms create value by knowing their customers, and the act of knowing is precisely what consumers experience as exposure. This chapter treats privacy as a marketing construct with formal content, an economic object that firms can price and differentiate on, a behavioral phenomenon that systematically violates the predictions of rational choice, and a regulated activity whose rules reshape competition and innovation.

The chapter proceeds from definition to mechanism to evidence. We begin by fixing what privacy and privacy concern mean and how they are measured, because the measurement model determines what can be claimed. We then assemble the theoretical scaffolding—social contract, justice, exchange, control, and reactance accounts—into a single decision-theoretic frame, the privacy calculus, and confront the empirical fact that consumers do not behave as the calculus predicts: the privacy paradox. From there we examine personalization (the firm’s reason to collect data), trust and control (the levers that move the calculus), the surprising backfire of transparency (the bulletproof-glass effect), the economics of anonymity, and the regulatory regime—chiefly the European Union’s General Data Protection Regulation (GDPR)—that now constrains the whole system. Throughout, the goal is to give a marketing PhD the identification detail and a senior practitioner the decision logic, with reproducible code where a model is involved.


24.1 What Privacy Is

The foundational definition in the information-privacy literature is Westin’s, who frames privacy not as secrecy but as control over access.


Privacy is the claim of individuals, groups, or institutions to determine for themselves when, how, and to what extent information about them is communicated to others. (Westin 1967)



Westin decomposes this claim into four states—anonymity, solitude, reserve, and intimacy—that together describe a person’s ability to modulate how exposed they are. The control-centric view matters because it locates privacy in the flow of information rather than in any fixed catalog of “sensitive” facts: a consumer can be entirely comfortable disclosing a fact in one relationship and feel violated disclosing the same fact in another. Consumer information privacy narrows this to the marketing context as control over the dissemination and use of consumer information—demographics, search history, profile data—where canonical violations are unwanted marketing communication, hyper-targeted advertising, and covert online tracking.

Privacy itself is a latent disposition; what researchers actually observe is privacy concern, a proxy that operationalizes consumers’ beliefs, attitudes, and perceptions about their information privacy, typically through survey scales (N. K. Malhotra, Kim, and Agarwal 2004). The distinction between the construct and its proxy is not pedantic. It is the reason the field’s central anomaly—the privacy paradox, the gap between stated concern and revealed disclosure—is even possible to state.


24.1.1 Measuring Privacy Concern

Two measurement traditions dominate. The Concern for Information Privacy (CFIP) tradition originates with H. J. Smith, Milberg, and Burke (1996) and is refined for the internet by N. K. Malhotra, Kim, and Agarwal (2004) into the Internet Users’ Information Privacy Concerns (IUIPC) instrument, which loads concern on four dimensions: information collection, unauthorized secondary use (internal and external repurposing of data), improper access, and errors (inadequate protection against inaccuracies). A parallel tradition (Sheehan and Hoy 2000) organizes concern around awareness of collection, information use, information sensitivity, familiarity with the collecting entity, and compensation. The two overlap substantially but differ in emphasis: N. K. Malhotra, Kim, and Agarwal (2004) centers the firm’s data-handling practices, whereas Sheehan and Hoy (2000) foregrounds the consumer’s relationship to the entity and the sensitivity of the specific datum.

Formally, both treat concern as a reflective higher-order construct: a latent privacy concern η\eta generates correlated indicators xkx_k via

xk=λkη+εk,k=1,…,K,(24.1)
x_k = \lambda_k \eta + \varepsilon_k, \qquad k = 1, \dots, K,
 \qquad(24.1)

so the dimensions should be internally consistent and the instrument is validated by convergent and discriminant validity. This reflective specification is consequential: it licenses summing the dimensions into a single concern score and assumes the dimensions are interchangeable manifestations of one underlying trait. A formative reading—in which collection, secondary use, access, and error are distinct causes that compose concern and need not correlate—would forbid that aggregation. The field has largely adopted the reflective view by convention rather than by decisive test, a caveat worth carrying into any empirical application.1

Concern is not static. It rises over time among both older and younger consumers, and faster among older consumers, so cohort and period effects must be modeled rather than assumed away (Goldfarb and Tucker 2011a). And concern is consequential for behavior: it mediates the effect of website personalization on click-through, so the same personalization can help or hurt depending on the concern it provokes (Bleier and Eisenbeiss 2015).




24.2 Theoretical Foundations

Why should a consumer ever disclose? The literature answers with five overlapping theories, which are best read not as competitors but as components of a single account: disclosure is governed by a perceived contract, evaluated for fairness, priced as an exchange, modulated by control, and resisted when it threatens autonomy. Table 24.1 collects them.




Table 24.1: Theoretical lenses on information disclosure.











	Theory
	Core mechanism
	What governs disclosure
	Representative evidence





	Social contract
	Norms of appropriate information flow
	Firm upholds its end via added value or compensation
	Chellappa and Sin (2005)



	Justice
	Procedural and distributive fairness
	Fair-seeming policies and fair outcomes
	Awad and Krishnan (2006); Vail, Earp, and Antón (2008)



	Power–responsibility
	Trust obligation of the powerful party
	Perceived balance of power
	Milberg, Smith, and Burke (2000)



	Social exchange
	Benefit minus cost
	Personalization value exceeds privacy loss
	Chellappa and Sin (2005)



	Reactance
	Threat to autonomy
	Whether targeting is felt as intrusion
	C. E. Tucker (2013); White et al. (2008)










Social contract theory treats the firm–consumer data relationship as governed by a tacit moral contract: consumers believe marketers have kept their end when the firm returns value—through personalization or monetary compensation—commensurate with what was taken. The contract is normative, so the same data practice reads as respect or as violation depending on whether it conforms to the consumer’s expectations of appropriate flow.

Justice theory sharpens this into two fairness dimensions. Procedural justice concerns the policies and processes by which information is collected and used; fair access and fair utilization are its content, and even merely fair-appearing policies can reduce concern. Crucially, procedural fairness depends on the consumer’s comprehension: complex privacy policies that impede understanding are perceived as less fair and erode trust (Vail, Earp, and Antón 2008). Distributive justice concerns the outcome—the benefits the consumer receives for disclosing, from customized goods and faster service to outright compensation. The two dimensions generate a localized version of the paradox: consumers value the distributive outcomes marketers deliver while simultaneously feeling vulnerable about the disclosure that produced them (Awad and Krishnan 2006).

Power–responsibility (control) theory holds that the more powerful partner in a relationship—here, the data-holding firm—bears a social obligation to foster equality and trust. When consumers perceive a power imbalance as a threat to their information privacy, they respond defensively, withholding information or supplying false data. When firms lack credible privacy protections, consumers do not simply exit; they demand government intervention to restore the balance (Milberg, Smith, and Burke 2000).

Social exchange theory reduces disclosure to a cost–benefit comparison: a consumer discloses when perceived benefits—individualized offerings, free services, convenience—exceed perceived costs. The greater the personalization value a consumer senses from an exchange, the more they believe the marketer has honored the governing social contract, tying exchange and contract logics together (Chellappa and Sin 2005).

Reactance theory supplies the failure mode. Targeted, individualized communication can be experienced as a violation of autonomy; privacy concern heightens reactance (C. E. Tucker 2013), and the downstream behaviors are corrosive: communication avoidance, deliberate information falsification, negative word of mouth, and other defensive actions (White et al. 2008). Reactance is why personalization is not monotonically good—past a threshold, knowing too much about a consumer reads as intrusion rather than service.

These accounts converge on a decision-theoretic primitive. Consumer privacy behavior reflects a multidimensional, boundedly rational calculation in which the consumer weighs the expected benefits of disclosure against its expected costs. That calculation is the privacy calculus, to which we now give formal content.



24.3 The Privacy Calculus

The privacy calculus models disclosure as a utility-maximizing trade-off. Let a consumer face a decision to disclose information d∈{0,1}d \in \{0, 1\} to a firm. Let B(d)B(d) denote the perceived benefit of disclosure—personalization value, convenience, compensation—and C(d)C(d) the perceived cost—exposure, expected harm, loss of control. Disclosure utility is

U(d)=B(d)−C(d),(24.2)
U(d) = B(d) - C(d),
 \qquad(24.2)

and the rational consumer discloses iff U(1)>U(0)U(1) > U(0), i.e., iff the marginal benefit exceeds the marginal cost. Two structural features make the calculus tractable and testable. First, personalization value and privacy concern are approximately orthogonal inputs: a firm can raise BB (better personalization) and lower the weight on CC (alleviate concern) through largely independent levers (Chellappa and Sin 2005). Second, trust enters as a moderator that scales the perceived cost: where a firm is trusted, the same objective data practice carries a lower subjective CC, raising the probability of disclosure.

A convenient empirical implementation writes disclosure as a binary choice driven by benefit and cost indices,

Pr(di=1)=Λ(α+βBi−γCi+δ(Ti×Ci)),(24.3)
\Pr(d_i = 1) = \Lambda\!\left( \alpha + \beta\, B_i - \gamma\, C_i
+ \delta\, (T_i \times C_i) \right),
 \qquad(24.3)

where Λ(⋅)\Lambda(\cdot) is the logistic link, TiT_i is trust, and the interaction Ti×CiT_i \times C_i captures trust attenuating the cost of disclosure (δ>0\delta > 0). The estimand of interest is usually γ\gamma, the sensitivity of disclosure to perceived cost, and δ\delta, the degree to which trust neutralizes it. Identification is the central difficulty. Trust, benefit perception, and cost perception are all endogenous to unobserved consumer type: a consumer who is intrinsically comfortable with disclosure will report both higher trust and lower cost, biasing γ̂\hat\gamma and δ̂\hat\delta if type is uncontrolled. Credible estimates therefore exploit exogenous shifts—a policy change that alters control without altering type (Section 24.5), or randomized framing of the disclosure prompt—rather than cross-sectional correlation. Absent such variation, the coefficients are descriptive, not causal.

The following simulation makes the calculus concrete and shows how trust shifts the disclosure curve. It is illustrative—the data are generated, not observed—but the estimand and the logic are exactly those of Equation 24.3.


set.seed(2025)
n <- 4000

# Latent inputs: personalization benefit, privacy cost, and trust.
benefit <- rnorm(n, 0, 1)
cost    <- rnorm(n, 0, 1)
trust   <- rnorm(n, 0, 1)

# Data-generating process for disclosure (eq-disclosure-logit).
alpha <-  0.0; beta <- 1.2; gamma <- 1.4; delta <- 0.9
eta <- alpha + beta * benefit - gamma * cost + delta * (trust * cost)
p   <- 1 / (1 + exp(-eta))
disclose <- rbinom(n, 1, p)

dat <- data.frame(disclose, benefit, cost, trust)
fit <- glm(disclose ~ benefit + cost + trust:cost,
           family = binomial, data = dat)
round(coef(summary(fit)), 3)
#>             Estimate Std. Error z value Pr(>|z|)
#> (Intercept)    0.012      0.040   0.286    0.775
#> benefit        1.278      0.052  24.750    0.000
#> cost          -1.420      0.056 -25.180    0.000
#> cost:trust     0.916      0.056  16.472    0.000

# Disclosure probability vs. perceived cost, at low vs. high trust,
# holding benefit at its mean.
grid <- expand.grid(cost = seq(-2, 2, 0.1),
                    trust = c(-1, 1), benefit = 0)
grid$p <- predict(fit, newdata = grid, type = "response")

plot(grid$cost[grid$trust == -1], grid$p[grid$trust == -1], type = "l",
     lwd = 2, ylim = 0:1, xlab = "Perceived privacy cost",
     ylab = "P(disclose)", main = "Trust attenuates the cost of disclosure")
lines(grid$cost[grid$trust == 1], grid$p[grid$trust == 1], lwd = 2, lty = 2)
legend("topright", c("Low trust", "High trust"), lwd = 2, lty = c(1, 2),
       bty = "n")
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The recovered coefficients reproduce the planted parameters, and the two curves show the substantive point: under high trust, the disclosure probability falls far more slowly as perceived cost rises—trust flattens the privacy cost gradient.



24.4 The Privacy Paradox

The calculus predicts that consumers who report high privacy concern should disclose less. They do not. The privacy paradox is the systematic disconnect between consumers’ stated privacy preferences and their actual disclosure behavior: people who declare strong concern nonetheless share sensitive personal information freely (Norberg, Horne, and Horne 2007; Kelly D. Martin and Murphy 2016). The paradox is robust and large. In the market for online behavioral advertising, only about 0.23% of U.S. ad impressions come from users who have opted out of behavioral targeting, despite survey evidence of widespread concern; opt-out users’ ad impressions earn roughly 52% less revenue than targeted impressions, implying a loss on the order of $8.58 per opted-out consumer to publishers and exchanges, and opt-out behavior concentrates among more tech-savvy, older, and wealthier populations (G. A. Johnson, Shriver, and Du 2020).

Two readings of the paradox carry different managerial implications, and the distinction is identification-relevant. The first treats the paradox as rational: concern is real, but the privacy calculus resolves in favor of disclosure because the benefits genuinely dominate. On this reading, low opt-out rates reveal that consumers price their data cheaply relative to the personalization they receive—privacy is a commodity over which consumers make a deliberate risk–benefit trade-off (Sultan, Rohm, and Gao 2009). The second treats the paradox as behavioral: stated and revealed preferences diverge because disclosure decisions are constructed in the moment and are highly malleable, so the survey measures a disposition that the choice context overrides. The behavioral reading has the stronger evidence. Consumers trade away privacy in response to the architecture and framing of the choice (Adjerid, Acquisti, and Loewenstein 2019; Brandimarte, Acquisti, and Loewenstein 2013), to small inconveniences or incentives that should be economically negligible (Athey, Catalini, and Tucker 2017), and to perceived control over their information even when that control does not reduce actual exposure (Mourey and Waldman 2020; C. E. Tucker 2013).

The behavioral reading is sharpened by T. Lin and Strulov-Shlain (2025), who show that opt-out defaults and lower price anchors reduce consumers’ stated valuations of their own Facebook data by 22% and 37% respectively—magnitudes incompatible with a stable underlying valuation. The same study surfaces a consequence that should worry any firm using disclosure data to learn about its market: framing effects fall disproportionately on consumer segments with lower privacy valuations, so optimizing choice architecture to maximize data volume systematically biases who is represented in the data. The volume–representativeness trade-off is a direct cost of exploiting the paradox.

A caution follows for measurement. If disclosure is constructed and framing-sensitive, then survey-based privacy concern is a weak predictor of behavior, and any model that uses stated concern as a proxy for revealed cost (the CiC_i in Equation 24.3) inherits that weakness. This is why the strongest empirical privacy work is built on revealed behavior under exogenous variation rather than on self-report.



24.5 Personalization, Trust, and Control

Personalization is the firm’s reason to collect data, and its effect on consumer response is genuinely mixed. Personalization is the ability to tailor products, messages, and experiences to an individual based on personal and preference information; it depends jointly on the firm’s ability to acquire and process consumer data and on the consumer’s willingness to supply it (Chellappa and Sin 2005). Its benefits are real—fit, proactive delivery, and elevated switching costs that breed loyalty, because a consumer who has invested in personalizing one provider must re-disclose to switch (Alba et al. 1997). But personalization is double-edged, and the edge that cuts the firm is privacy concern. The pivotal moderator is how the information was obtained: whether the consumer provided it voluntarily or it was gathered covertly.


24.5.1 The Personalization–Performance Curve

The effect of personalization intensity on advertising response is theorized as non-monotonic, with two opposing forces. The positive force is elaboration: a self-relevant message invites central-route processing, raising attention, elaboration, and attitude strength, so more personalization yields more favorable response (Cho and as- 2004; Petty and Cacioppo 1986). The negative force is persuasion knowledge: when a consumer recognizes that a brand is trying to persuade them—and conspicuous use of personal data is exactly such a cue—they activate persuasion knowledge that discounts the appeal, and the discounting is amplified by privacy concern through reactance (Friestad and Wright 1994; White et al. 2008). The net effect can be U- or inverted-U-shaped depending on which force dominates, and the empirical record is correspondingly split: many studies find personalization lifts brand and campaign response and coupon redemption (C. Bauer and Lasinger 2014; N. Y. Kim and Sundar 2012; Tam and Ho 2005; Maslowska, Putte, and Smit 2011; D. J. Xu, Liao, and Li 2008; S.-C. Chu 2011), while others find that explicitly signaling data use backfires.

The cleanest demonstration of the negative branch is Wattal et al. (2012): consumers respond favorably to product-based personalization, where data use is not made salient, but respond unfavorably when a firm is explicit about using personally identifiable information—a personalized greeting, for instance—with familiarity with the firm attenuating the backlash. The mechanism is reactance triggered by salient surveillance, not personalization per se.

Whether a tradeoff between personalization and privacy actually binds is itself contested. Several studies find no tradeoff once control is present. Walrave et al. (2016) hypothesize an optimal-moderate level of personalization in social network advertising but find the highest-personalization condition produces the most positive response, with privacy concern failing to dampen it—plausibly because the personalization never crosses the threshold that activates persuasion knowledge. The deeper resolution comes from control.



24.5.2 Control as the Decisive Lever

The single most important moderator of the personalization–privacy relationship is perceived control. C. E. Tucker (2013) provides the cleanest causal estimate: exploiting Facebook’s introduction of enhanced privacy controls as a natural experiment in a difference-in-differences design, she finds that personalized advertising was ineffective before users gained control over their personal information but became roughly twice as effective afterward. The interpretation is sharp—personalization and privacy do not trade off when consumers believe they control their data; control converts intrusion into service.

The mechanism generalizes. Perceived control is the mediator through which three distinct interventions—consumer self-protection, industry self-regulation, and government mandates—reduce privacy concern (H. Xu et al. 2012). But control has a dark side that the calculus does not anticipate. Greater perceived control can induce consumers to disclose more, leaving them objectively more exposed: the feeling of control reduces the felt cost of disclosure even when the actual risk is unchanged or worse (Brandimarte and Acquisti 2012). This is the control paradox, and it is the behavioral-economics counterpart to the privacy paradox—control changes the subjective CC in Equation 24.2 without changing the objective one.



24.5.3 Trust as the Proactive Complement

Where control and concern-reduction are largely reactive—they respond to a privacy threat—trust is a proactive mechanism that firms build before any threat materializes (Wirtz and Lwin 2009). Trust is decisive precisely in the settings where privacy is most at stake: when retailers deploy personalized or targeted material, trust is what assuages the accompanying privacy worry (Aguirre et al. 2016), and trust in the vendor positively moderates the use of personalized services, so trust building is a direct lever on data acquisition (Chellappa and Sin 2005).

Firms have concrete instruments to signal trustworthiness. Privacy seals and similar signals raise consumers’ willingness to disclose and improve perceptions of the organization (Miyazaki and Krishnamurthy 2002). Privacy policies are read—about 84% of a sample of 2,500 consumers reported reading them—and reading them shifts trust in the firm (Milne and Culnan 2004), with policies serving as a usable proxy for a firm’s transparency and control that is, in turn, related to firm performance and consumer behavior (Kelly D. Martin, Borah, and Palmatier 2017). Consumers will even pay for privacy: they purchase more from websites with more protective privacy practices, revealing a positive willingness to pay for protection (J. Y. Tsai et al. 2011). Yet the relationship between disclosure-of-policy and behavior is not simple. Broadcasting a privacy policy can reduce disclosure, and consumers disclose more sensitive information when they believe others already have—social proof lowering the perceived risk (Acquisti, John, and Loewenstein 2012). Privacy-policy statements raise the benevolence and integrity components of trust without necessarily lifting purchase intent. These frictions set up the central behavioral surprise of the chapter.




24.6 The Bulletproof-Glass Effect

A reasonable manager expects that telling consumers their data are protected will make them feel safer and buy more. The expectation is wrong, and the reason is instructive. Brough et al. (2022) identify the bulletproof-glass effect: just as a sheet of bulletproof glass in an unexpected setting makes people feel less safe by implying that danger is present, a privacy notice can make consumers feel more vulnerable—decreasing trust and purchase interest—even when the notice objectively emphasizes protection. The label inverts the standard view that transparency about data handling reduces perceived vulnerability (Kelly D. Martin, Borah, and Palmatier 2017).

The mechanism turns on a contract distinction. Managers conceive of privacy notices as formal legal contracts that bind the firm’s data conduct, and expect that formality to reassure. But consumers default to reading privacy as a social contract governed by norms of appropriate flow; when a firm respects those norms it earns trust and purchase intent, and when it violates them it earns negative word of mouth (McCole, Ramsey, and Williams 2010; Eastlick, Lotz, and Warrington 2006; Miyazaki 2009; T. Kim, Barasz, and John 2019). Introducing a formal contract where a social one was expected undermines trust, exactly as a formal contract reduces cooperation in a multi-round trust game relative to no contract at all (D. Malhotra and Murnighan 2002). The notice signals that the relationship requires legal protection, which implies the relationship is not safe.

Brough et al. (2022) bound the effect with two informative moderators. First, the backfire disappears when consumers already expect potential harm: priming a-priori distrust, or operating in a context where danger is anticipated, removes the surprise that drives the bulletproof-glass reaction. Second, the backfire disappears when the notice carries benevolence cues. Trust has two routes—benevolence (affective, “they care”) and competence (cognitive, “they are able”)—and benevolence-trust leads consumers to read a notice as a social contract rather than a formal one. Operationally, a notice’s affective-versus-cognitive content can be scored from its text—e.g., via the proportion of affect words versus cognition words—so the benevolence remedy is measurable, not merely conceptual. Figure 24.1 traces the logic.
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Figure 24.1: The bulletproof-glass effect: why a protective privacy notice can lower purchase interest, and the two moderators that switch the effect off.








The effect extends to the conspicuous absence of a notice. Using Apple’s App Store privacy “nutrition labels”—mandated in December 2020 after a period in which only about half of apps voluntarily linked a privacy policy (Story, Zimmeck, and Sadeh 2018)—Brough et al. (2022) show that an app whose privacy information is conspicuously present or conspicuously absent suffers reduced downloads relative to apps where privacy is simply not at issue. Drawing attention to privacy, in either direction, can depress demand. This reframes a large body of evidence: when consumers notice their data were collected without consent, click-through falls (T. Kim, Barasz, and John 2019; Aguirre et al. 2015), and consumers prefer to buy from sites with stronger protection (J. Y. Tsai et al. 2011)—but the act of foregrounding privacy is itself a treatment with a cost. The practical lesson is not “say less”; it is that privacy communication is a designed signal whose framing (formal versus benevolent, salient versus background) determines its sign.



24.7 The Economics and Organizational Stakes of Privacy

Privacy is also a strategic and economic variable, not only a psychological one. For the firm, privacy is a dimension of differentiation: a firm can compete on protection the way it competes on quality or price (Casadesus-Masanell and Hervas-Drane 2015; Roland T. Rust, Kannan, and Peng 2002). The financial logic of privacy failures—data breaches, hacking intrusions, exposures—runs the other way and is well documented (A. Malhotra and Kubowicz Malhotra 2011; Kelly D. Martin, Borah, and Palmatier 2017). The key organizational result is that the damage a breach does to firm performance is mitigated when the firm has previously provided transparency and control: these compensate for the vulnerability the breach exposes and blunt its impact on performance (Kelly D. Martin, Borah, and Palmatier 2017). Privacy posture is thus an insurance policy whose premium is paid in advance through transparent, control-granting practices.

The economics of anonymity formalize a subtler point: more privacy is not unconditionally good for consumers. Conitzer, Taylor, and Wagman (2012) analyze a monopolist facing a continuum of heterogeneous consumers who can choose to remain anonymous—avoiding recognition as prior customers—possibly at a cost. The model yields a sequence of counterintuitive results. When anonymity is freely available, every consumer individually prefers to take it, and that universal anonymity is precisely the outcome that maximizes the monopolist’s profit (because it prevents the price-discrimination that recognition would enable against the firm’s interest in this setting). Consumers can benefit from a higher cost of anonymity—but only up to a threshold, beyond which the effect reverses and harms them. And it is frequently harmful to consumers when the monopolist or an unaffiliated third party controls the cost of anonymity. The lesson for policy is that the allocation of control over the price of privacy matters as much as the level of privacy itself.

On the regulatory-economics of breaches, Kelly D. Martin and Murphy (2016) argues that the low likelihood of litigation, combined with the rarity of breaches in some industries, gives firms a standing incentive to lobby for modest consumer-information-privacy regulation, keeping privacy management under firm control rather than statutory mandate. That political-economy equilibrium is exactly what comprehensive regulation disrupts.



24.8 Privacy in Society and Regulation

Privacy regulation has historically diverged across jurisdictions, and the divergence shapes everything downstream. In the United States, the Federal Trade Commission (FTC) has regulated consumer information privacy through two frameworks: a notice-and-choice model built on Fair Information Practice Principles—firms must disclose their practices and offer choice—and a harm-based model that intervenes only where demonstrable harm occurs. The European Union’s earlier Data Protection Directive was more comprehensive than the U.S. regime, yet the de facto default on both sides remained industry self-regulation, more prevalent in the United States than in Europe (Kelly D. Martin and Murphy 2016). The consequences of even the earlier European regime were real: advertising effectiveness fell measurably after the Data Protection Directive was implemented, and privacy concern rose over time across age groups (Goldfarb and Tucker 2011a).

The regime-defining event is the General Data Protection Regulation (GDPR), in force since 2018, which shifts the legal basis of data processing toward enhanced, transparent consent and exports its model to the California Consumer Privacy Act and Brazil’s Lei Geral de Proteção de Dados. GDPR’s effects fall into three areas: consent and disclosure behavior, market structure and innovation, and the persistence of tracking. Table 24.2 summarizes the evidence.




Table 24.2: Empirical evidence on the effects of GDPR.










	Domain
	Finding
	Source





	Consent behavior
	GDPR-compliant consent raises opt-in across data types; consumers still restrict sensitive data
	Godinho de Matos and Adjerid (2022)



	Consent behavior
	People share data freely post-GDPR regardless of request format; explanations go unread
	Kreuter et al. (2020)



	Consent design
	Persuasive + informative cues secure more opt-ins than informative cues alone
	D’Assergio et al. (2024)



	Transparency
	Transparent policies raise comprehension of data processing but not acceptance
	Betzing et al. (2020)



	Market structure
	One-third of apps exit; app introduction halves; consumer surplus and usage fall
	Janssen et al. (2022)



	Competition
	Volatility rises in free-app market (pro-competitive), falls in paid (anti-competitive)
	Kelly D. Martin, Borah, and Palmatier (2017)



	Enforcement
	Limited change in third-party tracking; large gatekeepers retain disproportionate reach
	Kollnig et al. (2021)










The consent findings reveal a tension. Enhanced, GDPR-compliant consent increases opt-in for many data types and uses, and crucially the resulting gains—higher sales, more effective marketing communication, greater contractual lock-in—accrue to firms that can target the receptive households that opted in (Godinho de Matos and Adjerid 2022). Consumers do not, however, increase allowances uniformly; they continue to restrict permissions for sensitive information, exercising exactly the norm-governed, context-dependent control that social-contract theory predicts. Yet other work finds consent largely insensitive to how it is requested: people share data freely regardless of request format, and the accompanying explanations of collection and use are not read carefully (Kreuter et al. 2020)—the privacy paradox reasserting itself under regulation. The design margin still matters at the firm level: a mix of persuasive and informative cues yields more opt-ins than informative cues alone, and firms with offline presence and heavy data dependence lean on persuasive cues while GDPR-compliance-sensitive firms adopt more balanced formats (D’Assergio et al. 2024). Transparency improves comprehension of data processing without moving acceptance rates (Betzing et al. 2020), echoing the bulletproof-glass lesson that more information is not mechanically more reassuring.

The market-structure findings are where GDPR’s costs surface, and they expose a privacy–innovation tradeoff. In the Google Play ecosystem (4.1 million apps, 2016–2019), GDPR forced roughly a third of apps to exit and cut the rate of new app introduction by half, reducing consumer surplus and app usage (Janssen et al. 2022). The competitive incidence is two-sided. Compliance costs are anti-competitive: they raise barriers to entry, increase exit, and fall hardest on smaller firms. But the challenge of data collection under GDPR is also pro-competitive: fines scale with size and so bite larger firms harder, and established firms find it more difficult to ensure third-party compliance across their data supply chains. The net is heterogeneous—GDPR raises volatility (a proxy for competitive churn) in the free-app market while reducing it in the paid market (Kelly D. Martin, Borah, and Palmatier 2017). And enforcement has limits: third-party tracking changed little after GDPR, with a few large gatekeepers retaining disproportionate tracking capability both before and after (Kollnig et al. 2021).

For empirical work on regulation, the measurement bottleneck is detecting and coding privacy-relevant text at scale. Automated classifiers can identify GDPR-relevant privacy-policy content, enabling large-sample study of disclosure practices and their correlates (C. Chang et al. 2019). The methodological point connects privacy research to the broader text-analytics toolkit and makes the regulatory-compliance literature tractable beyond hand-coded samples.



24.9 Personalization and Sensitive Information: A Boundary Condition

A recurring nuance is that the privacy calculus is type-of-information specific, not global. White (2004) show that consumers with deeper relational connections to a firm are more willing to disclose ordinary privacy-related information in exchange for customized offerings—but the relationship reverses for embarrassing information: loyal, deeply connected consumers find the exchange of customized benefits for embarrassing disclosures unattractive. The benefit term BB in Equation 24.2 does not compensate for the cost CC when the disclosure threatens the self, regardless of relationship strength. This is the microfoundation of the result that benevolence and norm-respect, not raw benefit, govern sensitive disclosure—and it is why Godinho de Matos and Adjerid (2022) find consumers ring-fencing sensitive data even as they open up otherwise under GDPR. Privacy, defined as selective control of access to the self (Altman 1976), is most jealously guarded exactly where the self is most exposed, and consumers deploy active coping strategies to protect it when personalization threatens that boundary (Youn 2009; Grant 2005).



24.10 Synthesis: Privacy as Strategy

The literature converges on a managerial stance that treats privacy not as a compliance burden but as a source of advantage—what the organizational work frames as privacy as strategy. Firms that prioritize data privacy authentically, that involve customers in the privacy dialogue, that align privacy practices across every function rather than siloing them in legal, that emphasize what they do right with data, and that commit over the long term are predicted to realize positive performance and higher consumer trust (Kelly D. Martin, Borah, and Palmatier 2017; Casadesus-Masanell and Hervas-Drane 2015). The behavioral and economic results explain why this works: trust is the proactive lever that flattens the privacy-cost gradient (Equation 24.3), control converts personalization from intrusion into service (C. E. Tucker 2013), transparency and control insure against the performance damage of breaches (Kelly D. Martin, Borah, and Palmatier 2017), and benevolent framing keeps a privacy notice on the social-contract side of the bulletproof-glass divide (Brough et al. 2022). The unifying theme is that privacy is governed by norms of appropriate flow, and the firm’s job is to be legible and trustworthy within those norms rather than to minimize disclosure or maximize collection.



24.11 Key Takeaways


	Privacy is control over information flow (Westin 1967), measured in practice through reflective scales of privacy concern (N. K. Malhotra, Kim, and Agarwal 2004; H. J. Smith, Milberg, and Burke 1996); the construct and its proxy are distinct, which is what makes the privacy paradox statable.

	The privacy calculus (Equation 24.2, Equation 24.3) models disclosure as a benefit–cost trade-off moderated by trust, but disclosure is framing-sensitive and boundedly rational, so the privacy paradox—stated concern diverging from revealed behavior—is the rule, not the exception (G. A. Johnson, Shriver, and Du 2020; T. Lin and Strulov-Shlain 2025).

	Control is the decisive moderator: it makes personalization effective (C. E. Tucker 2013) and reduces concern (H. Xu et al. 2012), but perceived control can increase objective exposure (Brandimarte and Acquisti 2012).

	Transparency can backfire. A protective privacy notice read as a formal contract raises perceived vulnerability—the bulletproof-glass effect—unless harm is already expected or the notice carries benevolence cues (Brough et al. 2022).

	Regulation reshapes competition and innovation. GDPR raises opt-in under compliant consent yet forces app exit and depresses introduction, trading privacy against innovation, with two-sided competitive incidence and limited effect on dominant trackers (Godinho de Matos and Adjerid 2022; Janssen et al. 2022; Kollnig et al. 2021).

	Treat privacy as strategy: authentic, aligned, long-horizon, control-granting practices build the trust that flattens the privacy-cost gradient and insure against breach damage (Kelly D. Martin, Borah, and Palmatier 2017; Casadesus-Masanell and Hervas-Drane 2015).









1. The reflective-versus-formative question recurs across marketing constructs and is unsettled for several of them; the parallel debate for brand equity and authenticity is developed in Chapter 11. The practical stake is identical: the measurement model dictates which validity tests apply and whether the dimensions may be summed.





25 Innovation

Innovation is the engine of long-run growth in marketing, and it is also one of the field’s hardest objects to measure and to manage. A new product is a bet: the firm commits resources today against an uncertain stream of future demand, and the value of that bet is realized—or destroyed—through the joint behavior of consumers (who must adopt), competitors (who respond), and capital markets (who price the firm’s prospects long before the cash arrives). This chapter treats innovation as the connective tissue between three literatures that are often read separately: the diffusion of new technologies through a population of adopters, the organizational and strategic determinants of who innovates and how much, and the financial valuation of innovation as an intangible asset.

The chapter is organized around the life of an innovation. It begins with diffusion—the canonical models of how an installed base accumulates over time—because diffusion supplies the formal backbone on which forecasting, substitution, and life-cycle tracking are built. It then turns to measurement: how researchers quantify a construct that has no natural unit, leaning heavily on the patent-citation machinery that the empirical literature has standardized. With constructs and measures in hand, it examines the new-product-development (NPD) process inside the firm—teams, capabilities, channels, co-creation, and governance—and the organizational forces (acquisitions, franchising, going public) that expand or erode a firm’s capacity to innovate. It closes with the marketing–finance linkage, where innovation is priced by investors and the construct is finally expressed in returns. Throughout, intuition leads and the formalism follows in full: a reader should leave able to specify a diffusion model, defend a patent-based innovation measure against its known biases, and reason about why markets reward some innovations seven times more than others.

By the end of the chapter the reader will be able to (i) write down and estimate the Bass diffusion model and its successive-generation extension, (ii) construct and critique patent-based innovation measures, and (iii) connect new-product activity to firm value through the event-study logic developed at length in Chapter 23.


25.1 Theoretical Foundations

Before the formal diffusion machinery, it is worth naming the theories that give that machinery its behavioral content. Four strands govern how an innovation spreads and why some spread faster than others.

Diffusion of innovations, in Rogers’s classic synthesis, describes adoption as a process unfolding through communication channels over time across adopter categories: innovators, early adopters, early majority, late majority, and laggards. The Bass model (Bass 1969) is the formal, estimable expression of exactly this idea: its coefficient of innovation pp captures Rogers’s external-influence (media, advertising) channel and its coefficient of imitation qq captures the internal, word-of-mouth contagion among prior adopters, as developed in Equation 25.1. Rogers supplies the sociology; Bass supplies the differential equation.

The technology acceptance model (TAM), Davis’s adaptation of the theory of reasoned action to information technology, holds that adoption intention is driven by two beliefs: perceived usefulness and perceived ease of use. TAM explains adoption at the level of the individual decision that the Bass model aggregates, and it is the microfoundation most often invoked when the innovation is a digital product or platform.

Rogers’s perceived attributes explain the rate of diffusion, that is, why the Bass pp and qq differ so sharply across categories. Five attributes predict adoption speed: relative advantage (the improvement over what it replaces), compatibility (fit with existing values and practices), complexity (inverse ease of understanding and use), trialability (the degree to which it can be experimented with before commitment), and observability (the visibility of its benefits to others). High relative advantage, compatibility, trialability, and observability, and low complexity, accelerate diffusion. These attributes are the behavioral content behind an otherwise atheoretical q/pq/p ratio.

Network effects modify the diffusion logic for products whose value to each adopter rises with the size of the installed base (communication platforms, standards, marketplaces). Under direct or indirect network externalities the imitation channel is not merely informational but value-creating: each new adopter raises the relative advantage of adoption for everyone else, which steepens the S-curve, can produce tipping and winner-take-most outcomes, and connects diffusion to the platform dynamics treated elsewhere in the book.



25.2 Diffusion of Innovations

Diffusion is the process by which an innovation spreads through a population of potential adopters over time. The central empirical regularity is that cumulative adoption traces an S-curve: slow at first, accelerating as word spreads, then saturating as the pool of non-adopters is exhausted. The modeling task is to give this curve a behavioral micro-foundation so that its parameters carry meaning and can be used for forecasting.


25.2.1 The Bass Model

The workhorse is the Bass model (Bass 1969). Its premise is that the propensity to adopt at time tt, conditional on not having adopted yet, is a linear function of how many others have already adopted. Let F(t)F(t) be the cumulative fraction of the market that has adopted by time tt, and let h(t)h(t) denote the hazard—the conditional rate of first adoption among those who have not yet adopted. The Bass specification is

h(t)=f(t)1−F(t)=p+qF(t),(25.1)
h(t) \;=\; \frac{f(t)}{1 - F(t)} \;=\; p + q\,F(t),
 \qquad(25.1)

where f(t)=F′(t)f(t) = F'(t) is the adoption density. The two parameters carry distinct behavioral content. The coefficient of innovation pp captures the tendency to adopt independently of social influence—external pressure from advertising, media, or intrinsic need—and governs the level of the curve at t=0t=0. The coefficient of imitation qq captures adoption driven by social contagion—word of mouth, observation, network effects—and governs the acceleration once early adopters seed the population. A scale parameter mm, the ultimate market potential, converts the fraction F(t)F(t) into a count of adopters N(t)=mF(t)N(t) = m\,F(t).


The Bass model partitions adopters into innovators, who adopt under external influence captured by pp, and imitators, whose adoption probability rises linearly with the cumulative number of previous adopters, captured by qq (Bass 1969).



Substituting f(t)=h(t)(1−F(t))f(t) = h(t)\bigl(1 - F(t)\bigr) into Equation 25.1 yields the ordinary differential equation f(t)=(p+qF(t))(1−F(t))f(t) = \bigl(p + qF(t)\bigr)\bigl(1 - F(t)\bigr), whose solution under F(0)=0F(0)=0 is the closed form

F(t)=1−e−(p+q)t1+qpe−(p+q)t.(25.2)
F(t) \;=\; \frac{1 - e^{-(p+q)t}}{1 + \tfrac{q}{p}\,e^{-(p+q)t}}.
 \qquad(25.2)

The non-cumulative adoption rate n(t)=mf(t)n(t) = m\,f(t) is hump-shaped whenever q>pq > p, peaking at $t^{\*} = \tfrac{1}{p+q}\ln(q/p)$; when q≤pq \le p adoption declines monotonically from launch and the S-curve degenerates. The interior peak is what gives durable-goods sales their characteristic rise-and-fall, and the location of that peak is the quantity managers most want to forecast.

Estimation. The original approach regresses discrete-time adoptions on the installed base. Writing nt=mf(t)n_t = m f(t) and Nt−1=mF(t−1)N_{t-1} = m F(t-1), the discretized analogue of Equation 25.1 is the quadratic

nt=pm+(q−p)Nt−1−qmNt−12+ut=β0+β1Nt−1+β2Nt−12+ut,(25.3)
n_t \;=\; p\,m \;+\; (q - p)\,N_{t-1} \;-\; \frac{q}{m}\,N_{t-1}^{2} \;+\; u_t
\;=\; \beta_0 + \beta_1 N_{t-1} + \beta_2 N_{t-1}^{2} + u_t,
 \qquad(25.3)

which is linear in the composite parameters β0,β1,β2\beta_0, \beta_1, \beta_2 and can be estimated by ordinary least squares (OLS). The structural parameters are then recovered by inversion: mm solves β2m2+β1m+β0=0\beta_2 m^2 + \beta_1 m + \beta_0 = 0 (taking the positive root), p=β0/mp = \beta_0/m, and q=−β2mq = -\beta_2 m. OLS on Equation 25.3 is consistent only under strong assumptions, and three failures of identification recur in practice. First, Nt−1N_{t-1} is mechanically correlated with the error utu_t when adoption shocks are serially correlated, biasing the coefficients—maximum likelihood or nonlinear least squares on Equation 25.2 is preferred. Second, the parameters are weakly identified before the sales peak: without observations on both sides of $t^{\*}$, mm and qq trade off and estimates are unstable, which is why early-life forecasts are notoriously fragile. Third, the basic model assumes a fixed market potential and constant p,qp, q; in reality marketing-mix variables, price declines, and successive product generations all shift these quantities, motivating the extensions below. Figure 25.1 plots the cumulative S-curve alongside the hump-shaped adoption rate it implies.


set.seed(1969)
p <- 0.03; q <- 0.38; m <- 1
t <- seq(0, 25, by = 0.1)

F_t <- (1 - exp(-(p + q) * t)) / (1 + (q / p) * exp(-(p + q) * t))
f_t <- (p + q * F_t) * (1 - F_t)   # adoption density n(t)/m

t_peak <- log(q / p) / (p + q)

op <- par(mar = c(4, 4, 2, 4))
plot(t, F_t, type = "l", lwd = 2, ylim = c(0, 1),
     xlab = "Time since launch", ylab = "Cumulative fraction F(t)")
par(new = TRUE)
plot(t, f_t, type = "l", lwd = 2, lty = 2, col = "grey40",
     axes = FALSE, xlab = "", ylab = "")
axis(4); mtext("Adoption rate n(t)/m", side = 4, line = 2.5)
abline(v = t_peak, col = "red", lty = 3)
legend("topleft", legend = c("Cumulative F(t)", "Rate n(t)/m", "Peak"),
       lty = c(1, 2, 3), lwd = c(2, 2, 1),
       col = c("black", "grey40", "red"), bty = "n")
par(op)
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Figure 25.1: Bass diffusion: cumulative adoption F(t) and the hump-shaped adoption rate n(t) for p = 0.03, q = 0.38, m = 1. The adoption rate peaks at the inflection point of the S-curve.










25.2.2 Successive Generations and Substitution

Most durable categories do not diffuse once; they diffuse repeatedly as new technological generations replace old ones (mainframes to minicomputers to PCs; 3G to 4G to 5G). A model of a single generation misattributes the decline of an incumbent technology to saturation when it is in fact substitution. Chandrasekaran, Tellis, and James (2020) develop a successive-generations framework that separates two rates the basic Bass model conflates: the rate at which adopters disengage from an older technology and the rate at which they adopt the newer one. Allowing these to differ is what lets the model fit the empirically observed overlap, in which an older generation is still gaining late adopters even as the newer one accelerates—an overlap a single substitution rate cannot reproduce.

The practical payoff is life-cycle tracking. Meade and Rabelo (2004) review the forecasting toolkit for the technology-adoption life cycle and stress that model choice should follow the data regime: pre-peak data demand methods robust to the weak identification noted above, whereas post-peak data permit richer multi-generation specifications. The diffusion literature thus supplies not a single model but a ladder of models indexed by how much of the life cycle the analyst can observe. Figure 25.2 sketches how each generation carries its own adoption process while a distinct disengagement rate governs substitution.
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Figure 25.2: Successive-technology diffusion. Each generation has its own adoption process; substitution is governed by a disengagement rate from the incumbent that is distinct from the adoption rate of the successor.











25.3 Measuring Innovation

Innovation has no natural unit, so every empirical claim about it rests on a constructed measure, and the credibility of the claim is only as strong as the measure’s construct validity. Three families dominate. Input measures (R&D expenditure) capture effort but not outcome and are reported inconsistently across firms. Output measures based on new-product introductions—drawn from commercial databases such as product-launch analytics (Wies, Moorman, and Chandy 2023)—capture commercialized innovation but miss the upstream invention that precedes it. Patent-based measures sit between input and market outcome and have become the field’s default because patents are dated, classified, linked to assignees, and connected to one another through citations.


25.3.1 Patent Counts and Their Truncation Problems

The canonical pipeline, exemplified by C.-H. Chang and Wu (2021), draws granted-patent records (historically from the NBER patent database covering U.S. Patent and Trademark Office grants) and proxies a firm’s annual innovation by two quantities: the count of patents the firm applied for in a year and ultimately had granted, and the citations those patents subsequently receive. Two measurement decisions are load-bearing. First, patents are dated by application year rather than grant year, because application date is closer to the moment of inventive activity. Second, both measures are logged to tame the heavy right tail of the patent distribution.

Two truncation biases must be corrected or the estimates are not interpretable. The application–grant lag truncates recent application years (patents applied for late in the sample have not yet been granted), so the sample is typically ended a few years before the data cutoff. The citation-accumulation lag truncates forward citations for recent patents (they have had less time to be cited), which is addressed with technology-class-by-year fixed effects that net out the systematic component of citation timing. These are not cosmetic adjustments: without them, a spurious downward trend in innovation appears at the end of every sample.



25.3.2 Backward Citations: Novelty

A patent cites prior art. The backward citations a patent makes—the patents it builds on—index how much existing knowledge it recombines, and thus inversely index its novelty.


Citing propensity is defined as the average number of backward citations excluding citations to public research per patent; it reflects a firm’s overall level of citing (Roach and Cohen 2013, 512).



R. Chandy et al. (2006) use the same logic at the patent level: novelty is measured by the number of backward citations a patent makes, with higher backward citations implying lower novelty, on the reasoning that an idea drawing heavily on existing patents is by construction less of a departure from what came before. Backward counts are available at application time, which makes them attractive as an ex ante measure—unlike the forward citations discussed next.



25.3.3 Forward Citations: Importance

The forward citations a patent receives—later patents that cite it—index its downstream influence, and the literature treats them as the best available proxy for the importance or quality of an invention rather than its mere volume. Gerard J. Tellis, Prabhu, and Chandy (2009) and Z. Cao et al. (2023) both weight patents by forward citations on precisely this ground, and Ahuja and Morris Lampert (2001) operationalize breakthrough inventions as the top 1% of patents by citation weight within their application year. The external validity of the measure is anchored by Trajtenberg (1990a), who shows that the more citations a CT-scanner patent receives, the higher its correlation with the technology’s realized improvement surplus—a rare direct link between a citation count and an independent welfare measure (Lampe and Moser 2016). R. Chandy et al. (2006) summarize idea importance as the total forward-citation count for a patent.

Forward citations have well-understood virtues and a sharp limitation, which the following table organizes.




Table 25.1: Forward versus backward patent citations as innovation measures










	Property
	Forward citations
	Backward citations





	Construct measured
	Importance / quality / influence
	Novelty (inverse)



	Timing
	Ex post (accrue after grant)
	Ex ante (fixed at application)



	Manipulability by firm
	Low—examiners verify prior art; over-citing narrows own scope
	Higher—applicants control what they cite



	Principal bias
	Right-truncation: older patents accrue more citations
	Less time-sensitive



	Standard fix
	Long window (≈17+ yrs) or class-year fixed effects
	—










As Table 25.1 records, the chief threat to forward-citation measures is temporal: because citations accrue over time, older patents mechanically look more important. The standard remedy is a citation window long enough—on the order of seventeen years or more—that the bias from differential accumulation is negligible, supplemented by the class-year fixed effects noted above. The ex post nature of the measure remains a genuine caveat: forward citations cannot recover the importance an inventor or investor could have perceived at the time of patenting, which is exactly the quantity a forward-looking valuation would want. Galasso and Simcoe (2011) exploit this measurement apparatus to study how managerial risk exposure shapes the quantity and the citation-weighted quality of innovation.




25.4 New Product Development

A diffusion curve and a patent count describe innovation from the outside. Inside the firm, innovation is produced by new-product-development processes whose design—who is on the team, what information they have, how decisions are made—shapes whether the resulting product is innovative enough to survive. The recurring finding is that NPD outcomes are contingent: capabilities and team structures have value not in the abstract but conditional on the informational and competitive environment.


25.4.1 Capabilities, Teams, and the Information Environment

Moorman and Slotegraaf (1999) advance a contingency view of NPD capability. Rather than asking whether technological and marketing capabilities raise performance on average, they ask when: the informational content of the external environment modulates how firms deploy their capabilities, affecting both the magnitude and the pace of product development. The value of a capability, on this account, lies in its adaptive deployment against environmental cues, not in its mere existence—a theme that recurs across the NPD literature.

Team composition is the next lever. Sethi, Smith, and Park (2001) study cross-functional NPD teams and locate the primary cause of new-product failure in a lack of innovativeness, defined as the delivery of uniquely meaningful benefits. Innovativeness rises with a strong superordinate team identity, encouragement to take risks, customer influence, and active senior-management monitoring—but it falls with high social cohesion, because cohesive teams suppress the dissent that generates novel options. The interactions are as important as the main effects: the benefit of a superordinate identity is amplified by risk encouragement and damped by social cohesion, while functional diversity per se does not move innovativeness. The emphasis on risk encouragement echoes a robust finding from the creativity literature, that the expectation of evaluation lowers creative output (Amabile, Goldfarb, and Brackfleld 1990): teams that anticipate being judged retreat to safe, conventional options, which is precisely the suppression of novelty that undermines innovativeness. Rebecca J. Slotegraaf and Atuahene-Gima (2011) add a temporal dimension, showing that the relationship between team stability and the comprehensiveness of decision making is curvilinear—too little stability fragments knowledge, too much breeds complacency—and that decision comprehensiveness improves new-product advantage, especially at its upper range.

A structural caution runs through this literature. R. Grewal et al. (2013) show that the often-mixed findings on how market orientation interacts with the environment can reflect unobserved heterogeneity: estimating finite-mixture (latent-class) regressions reveals multiple regimes with different effect signs, so that pooled estimates suffer aggregation bias. The methodological lesson generalizes—latent heterogeneity in firms’ innovation responses can masquerade as a null or unstable average effect, and disaggregated estimation is the corrective.



25.4.2 Channels, Co-creation, and Forecasting

NPD does not end at the factory gate. L. Luo, Kannan, and Ratchford (2007) examine new-product development under the constraint of channel acceptance, recognizing that a product that retailers will not stock cannot diffuse regardless of consumer appeal. Ho-Dac, Kumar, and Slotegraaf (2020) study continuous-improvement products (CIPs)—products engineered for post-purchase improvement rather than full replacement—and show that sharing development-progress information raises adoption of the current version, mediated by consumers’ perception of the developer’s commitment to ongoing improvement and moderated by product familiarity. Disclosure, in other words, is itself a marketing instrument.

On the demand-sensing side, Y. Kim and Slotegraaf (2016) challenge the static view of consumer co-creation. Their concept of brand-embedded interaction—dynamic, personalized engagement that steers consumers toward ideas satisfying both their own needs and the brand’s aspirations—yields more constructive NPD ideas in two Twitter-based quasi-field experiments than passive solicitation does. Co-creation quality, that is, is endogenous to how the firm structures the interaction.

Forecasting a durable good before launch is the hardest demand-sensing problem, because there is no sales history to extrapolate. Harz, Hohenberg, and Homburg (2021) deploy virtual reality (VR) for prelaunch sales forecasting of durables, arguing that VR’s visualization capability (simulation scope, similarity to reality, immersion) and automated-tracking capability (interactivity) induce behavioral consistency between participants’ information search, stated preferences, and purchase behavior. The forecasting backbone is the macro-flow model (Figure 25.3), which projects new-product sales over time by specifying a set of behavioral states (awareness, preference, purchase), the flows between them, and the determinants of those flows (Urban, Hauser, and Roberts 1990). Harz, Hohenberg, and Homburg (2021) extend this model with VR-derived virtual purchases and third-party awareness inputs and find improved accuracy—after adjusting for advertising—at both aggregate and individual levels, with presence and vividness as the operative psychological mechanisms.
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Figure 25.3: The macro-flow model underlying prelaunch forecasting: consumers flow through behavioral states, and the model estimates the determinants of each transition. Virtual-reality simulations supply the flow inputs before launch (Urban, Hauser, and Roberts 1990; Harz, Hohenberg, and Homburg 2021).










25.4.3 Governance and Organizational Structure

Innovation is governed from the top of the firm. R. Srinivasan, Wuyts, and Mallapragada (2018) study board interlock centrality—how connected a firm’s directors are to other boards—and find it raises incremental new-product introductions by channeling market intelligence into the firm; the effect strengthens with internal and marketing leadership on the board and with a CEO of marketing background, and weakens under pronounced intra-industry external leadership. You et al. (2020) push the upper-echelons logic further, showing that CEO and CMO characteristics—personality, demographics, experience, values—shape both innovation and the stock returns it generates. At the front end of strategy, Molner, Prabhu, and Yadav (2018) show that managers’ market- scoping mindset conditions which markets an innovation reaches: ambiguity avoidance pulls managers toward a downstream, end-user orientation that courts commercialization failure, whereas ambiguity acceptance fosters an upstream orientation that uncovers viable market spaces.




25.5 Organizational Determinants of Innovation

Beyond the project and the boardroom lies the question of which organizational arrangements expand or erode a firm’s stock of innovative capacity—what several authors call its innovation base, the accumulated inventions, ideas, and discoveries that propel future innovation.


25.5.1 Acquisitions and the Innovation Base

The evidence on whether acquisitions help or harm innovation is genuinely mixed, and the resolution is conditional. M. A. Hitt et al. (1991) document a negative average effect: acquisition activity reduces R&D inputs and outputs, including patent counts, as managerial attention and capital are absorbed by integration. Mishra and Slotegraaf (2013), analyzing 352 firms across five industries over seventeen years, qualify this: firms that acquire build a more robust innovation base than those that do not, but the benefit depends on the type of acquisition—vertical (across supply-chain stages) versus horizontal (same stage, similar chains)—and, critically, on the breadth of knowledge in the acquiring firm, which determines whether either acquisition type actually enriches the base. D. R. King, Slotegraaf, and Kesner (2008) reconcile the two by emphasizing resource interactions: acquisitions raise performance only when target and acquirer resources are complementary. Marketing–technology complementarity (strong-marketing acquirer, strong-technology target) creates value, whereas technology–technology overlap is substitutive and can destroy it. The apparent contradiction in the literature thus dissolves into a moderation structure—average effects are uninformative when complementarity varies across deals.



25.5.2 Firm Boundaries: Franchising and External Knowledge

Firms also reshape their innovation capacity by reconfiguring their boundaries. Mallapragada and Srinivasan (2017) study franchising as such a lever, using panel data on 38 U.S. restaurant chains (1992–2005) and a nonlinear seemingly-unrelated- regression model. They find a positive relationship between franchising emphasis and product innovativeness that intensifies under high financial leverage and weakens under high slack resources, with a parallel but distinctly moderated pattern for process innovativeness. Franchising, on this evidence, is a conditional substitute for alliances and joint ventures in shaping innovation outcomes.

Knowledge also enters the firm through less formal channels. Baruffaldi and Poege (2024) show that firms learn at scientific conferences, especially when they engage intensely through both sponsorship and scientific contribution. Using direct flights as an instrumental variable for attendance—an instrument that shifts the cost of attending without plausibly affecting innovation through other channels—they find that co-attendance with other scientists raises the likelihood of leveraging external knowledge and of future collaboration, with learning skewed toward prominent firms and scientists. The instrument is what makes the learning claim causal rather than merely correlational: firms that attend more conferences differ in unobservable ways from those that do not, and direct flights break that confound.



25.5.3 Dominance, Radicalness, and the Competition–Innovation Curve

Who produces radical innovation—and who profits from it? A. B. Sorescu, Chandy, and Prabhu (2003) find that dominant firms introduce fewer radical innovations than non-dominant firms, that the financial rewards to radical innovation vary enormously across firms and are tied to the resource base, and that firms with deeper marketing and technology support and broader product portfolios extract more value from the radical innovations they do produce. The relationship between competition and innovation is itself non-monotonic: Aghion et al. (2005) establish an inverted-U, in which innovation is highest at intermediate product-market competition—too little competition removes the spur to innovate, too much removes the rents that reward it.

The contrast between dominant and entrant innovators is sharpened by what happens to a firm’s innovation after it goes public. Wies and Moorman (2015) show that following an initial public offering (IPO), firms raise their innovation levels—they innovate more—but the innovations become less risky, with fewer breakthroughs, as the discipline of public markets tilts the portfolio toward incremental safety. This post-IPO retreat from radicalness is the empirical hinge connecting the organizational and financial halves of the chapter.




25.6 Innovation and Firm Value

Innovation is ultimately an intangible asset, and capital markets price it. The marketing–finance literature—developed in full in Chapter 23—asks how investors value innovation activity and treats the question with event-study and asset-pricing machinery rather than survey scales.


25.6.1 How Markets Price New-Product Activity

S. Srinivasan et al. (2009) provide the foundational empirical link between product innovation, marketing investment, and stock returns. Their headline magnitudes are striking and worth stating precisely: investors react far more favorably to pioneering innovations than to minor updates—on the order of seven times greater—and the advertising support behind pioneering innovations is roughly nine times more effective in moving returns. Perceived product quality raises returns, while price promotions lower them, plausibly because a promotion signals weak underlying demand. The asymmetry between pioneering and incremental innovation is the financial counterpart to the radical-versus-incremental distinction in A. B. Sorescu, Chandy, and Prabhu (2003).

The effect of innovation on sales is itself conditioned by brand assets. Rebecca J. Slotegraaf and Pauwels (2008) show that the permanent and cumulative sales effects of product introductions are larger for brands with higher equity and more frequent releases, while lower-equity brands benefit more from each individual introduction—a substitution between brand stock and product flow. Collaboration timing also moves markets: Q. Wu et al. (2015) analyze 831 announcements of horizontal collaborations (partnering with competitors for NPD) over twelve years and find that markets react positively to collaboration at the initiation phase but negatively during development and commercialization, with the new product’s innovativeness and the partner’s relative strengths providing asymmetric moderation.



25.6.2 Innovation Signaling at the IPO

Innovation is informative precisely when information is scarcest—at the IPO, when outside investors know least about firm quality. Z. Cao et al. (2022) show that firms deploy their innovation potential as a credible quality signal at IPO: innovation potential is positively associated with the IPO’s initial value and first-day returns and negatively associated with the extent of insider share sales. The components differ in what they signal—patents weigh most heavily on insider selling, while preannouncements move first-day returns most—consistent with a signaling logic in which costlier, harder-to-fake signals (granted patents) carry the most weight where credibility matters most.



25.6.3 Sustaining Innovation After the IPO

The post-IPO innovation decline documented by Wies and Moorman (2015) raises the question of what can arrest it. L. Wu, Lou, and Hitt (2024) examine the role of AI analytics in sustaining post-IPO innovation, analyzing patent data from over 1,000 publicly traded firms. Firms that acquire AI-analytics capabilities after their IPO suffer a smaller decline in innovation quality, with the effect concentrated in machine-learning capabilities specifically. The mechanism is recombination: sustained innovation is driven by the ability to recombine existing technologies into new ones—exactly the backward-citation logic of Section 25.3—and AI analytics supports that recombination. It mitigates two of the three classic barriers to post-IPO innovation—short-term financial pressure and disclosure requirements (with the disclosure benefit largest for firms with long product cycles)—while doing little for managerial-incentive problems. The broader lesson is that technology is itself an input into the production of innovation, and that firms and investors can partially offset the predictable post-IPO innovation slump by investing in it.




25.7 Key Takeaways


	Diffusion is the formal backbone of innovation forecasting. The Bass model (Equation 25.1, Equation 25.2) decomposes adoption into innovation (pp) and imitation (qq); its parameters are weakly identified before the sales peak, and successive-generation extensions (Chandrasekaran, Tellis, and James 2020) are needed when substitution, not saturation, drives an incumbent’s decline.

	Patent citations are the field’s default innovation measure: backward citations proxy (inverse) novelty and are available ex ante, while forward citations proxy importance but accrue ex post and require truncation corrections (Table 25.1).

	NPD outcomes are contingent—on the information environment (Moorman and Slotegraaf 1999), team structure (Sethi, Smith, and Park 2001; Rebecca J. Slotegraaf and Atuahene-Gima 2011), and latent firm heterogeneity (R. Grewal et al. 2013)—so average effects mislead.

	Acquisitions help innovation only under resource complementarity (D. R. King, Slotegraaf, and Kesner 2008; Mishra and Slotegraaf 2013), reconciling the otherwise-negative average effect (M. A. Hitt et al. 1991); competition and innovation trace an inverted-U (Aghion et al. 2005).

	Markets price innovation asymmetrically—pioneering innovations earn roughly seven times the reaction of incremental ones (S. Srinivasan et al. 2009)—and the post-IPO retreat from radical innovation (Wies and Moorman 2015) can be partly offset by technology investment (L. Wu, Lou, and Hitt 2024). The valuation machinery is developed in Chapter 23.







26 Market Entry

When a firm brings a product to a market, when it arrives is a strategic variable as consequential as what it sells. Two firms with identical products, prices, and budgets can earn very different long-run shares solely because one entered first and the other entered third. The popular intuition—“first-mover advantage”—captures part of this, but only part: pioneers sometimes build durable franchises, sometimes are overtaken within a few years, and sometimes fail outright while a fast follower harvests the category they created. This chapter develops the constructs and methods needed to say which outcome a firm should expect, and why.

The chapter treats market entry as the joint outcome of three interacting decisions: the order in which firms enter relative to one another, the timing of entry relative to the market’s own development, and the responses entry provokes from incumbents and prospective entrants. We begin by defining order-of-entry effects precisely and separating the genuine causal advantage of pioneering from the survivorship and selection artifacts that have historically inflated estimates of it. We then formalize the mechanisms that generate, and erode, pioneer advantage—preemption, switching costs, demand learning, and network effects—and the offsetting forces that make the incumbent’s curse a real phenomenon. From there we move to entry-timing models that trade off the cost of being early against the cost of being late, to the game theory of entry deterrence and accommodation, and finally to a reproducible empirical workflow for estimating order-of-entry effects from share data. By the end, a reader should be able to define the effect formally, identify it from observational data without falling into the classic traps, and reason about the strategic response it implies.

Throughout, we connect entry to constructs developed elsewhere in the book: the brand-share persistence that makes early entry valuable (the branding material in Chapter 11), the diffusion processes that govern when a market is worth entering, and the signaling logic that explains both pioneer reputations and incumbent reactions. Entry is where positioning, diffusion, and competitive strategy meet.


26.1 Constructs: Order, Timing, and the Pioneer

Three distinct constructs are routinely conflated and must be separated before any measurement is possible.

Order of entry is the ordinal rank of a firm’s entry into a category: the pioneer is rank 1, the early follower ranks 2 and 3, and late entrants the remainder. Order is a relative, competitor-referenced quantity. Entry timing is the absolute position of entry on the market’s development clock—how far along the diffusion curve, technology cycle, or category life cycle the firm arrives. Two firms can share an order rank yet differ wildly in timing if they enter markets at different stages of maturity. Pioneer (or first-mover) advantage is the causal share or profit premium attributable to being first, holding the marketing mix fixed.

The third construct is the subtle one, because the pioneer differs from later entrants in many ways besides order, and a naive comparison attributes all of those differences to order. We therefore define the effect counterfactually.








Definition: order-of-entry effect




Let firm ii enter category cc at order rank ri∈{1,2,…}r_i \in \{1,2,\dots\} and realize long-run market share sis_i. The order-of-entry effect is the causal contrast Δr=𝔼[si∣do(ri=r)]−𝔼[si∣do(ri=r+1)],
\Delta_r \;=\; \mathbb{E}\!\left[s_i \mid \mathrm{do}(r_i = r)\right]
            \;-\; \mathbb{E}\!\left[s_i \mid \mathrm{do}(r_i = r+1)\right],
 the expected change in share from entering one position earlier, where do(⋅)\mathrm{do}(\cdot) denotes an intervention that sets the entry rank while holding the rest of the marketing mix and the firm’s intrinsic quality fixed. A pioneer advantage is the special case ∑kΔk\sum_{k} \Delta_k accumulated from the pioneer’s rank to a reference follower’s rank.







The do(⋅)\mathrm{do}(\cdot) operator is doing heavy lifting. It is what distinguishes the order-of-entry effect from the order-of-entry gradient one observes in data, in which pioneers also tend to be the firms with better products, deeper pockets, and luckier timing. The empirical literature’s central methodological contribution is to make this distinction operational, and its central empirical finding is that the gradient overstates the effect—often severely.


26.1.1 The Empirical Generalization and Its Demolition

The early empirical consensus was striking in its regularity. Across consumer and industrial categories, market share appeared to decline systematically with order of entry. A widely cited functional form fits share as a power of rank, sr=s1r−θ,θ>0,(26.1)
s_r \;=\; s_1 \, r^{-\theta}, \qquad \theta > 0,
 \qquad(26.1) so that the second entrant earns a fraction 2−θ2^{-\theta} of the pioneer’s share, the third 3−θ3^{-\theta}, and so on. Estimating Equation 26.1 on the Assessor pretest database, Urban et al. (1986) recovered a share penalty on the order of a few percent of share per unit of rank, with the pioneer enjoying a substantial premium that survived controls for the marketing mix. Equation Equation 26.1 is attractive because it linearizes under logs, logsr=logs1−θlogr,
\log s_r \;=\; \log s_1 \;-\; \theta \log r,
 making θ\theta a simple regression slope—the order-of-entry elasticity of share. The same convenience is its danger, as we will see.

The consensus was then sharply qualified. 8 re-examined the pioneer record using historical data—reconstructing the full population of entrants in 50 product categories from contemporaneous sources rather than from surviving firms’ own accounts—and reached a deflationary conclusion.


Almost half of the market pioneers failed, and the mean market share of the pioneers was much lower than earlier studies suggested. … Many “pioneers” in previous studies were not first to market but rather early leaders. Being first confers no guarantee of success; early market leadership, not pioneering, is the more reliable correlate of enduring share.

— paraphrasing 8



The reconciliation is not that pioneer advantage is fictional, but that the measured advantage was inflated by two artifacts, which we now formalize because they recur in every order-of-entry study.




26.2 Why the Gradient Lies: Survivorship and Selection

Two biases pull the observed rank–share gradient away from the causal effect Δr\Delta_r. Both are instances of conditioning on a collider or on a post-treatment outcome, and both bias the pioneer premium upward.

Survivorship bias. Cross-sectional studies typically sample firms alive at the time of measurement. Failed pioneers leave the sample; failed late entrants also leave, but pioneering and failure are correlated, so the surviving pioneers are a favorably selected subset. Formally, let Di=1D_i = 1 if firm ii survives to the measurement date. The estimand the analyst can compute is 𝔼[si∣ri,Di=1]\mathbb{E}[s_i \mid r_i, D_i = 1], whereas the target is the unconditional 𝔼[si∣do(ri)]\mathbb{E}[s_i \mid \mathrm{do}(r_i)]. If survival depends on both order and the latent quality that also drives share, then DiD_i is a collider on the path ri→Di←quality→sir_i \to D_i \leftarrow \text{quality} \to s_i, and conditioning on survival opens a spurious association between order and share. The historical-population design of 8 closes this path by sampling entrants regardless of survival; the resulting failure-inclusive pioneer share is far lower than the survivor-only figure.

Selection on unobservables (the “born-first vs. became-first” problem). Firms that pioneer are not randomly assigned to do so. They tend to possess unobserved complementary assets—superior R&D, marketing capability, or managerial foresight—that both lead them to enter early and independently raise their share. Write the share equation with an order term and an unobserved firm endowment ξi\xi_i, si=α+βri+γ′𝐱i+ξi,(26.2)
s_i \;=\; \alpha + \beta\, r_i + \gamma' \mathbf{x}_i + \xi_i,
 \qquad(26.2) and the entry-order equation as ri=δ′𝐳i+ηξi+νi.
r_i \;=\; \delta' \mathbf{z}_i + \eta\, \xi_i + \nu_i .
 If η≠0\eta \neq 0—able firms self-select into early ranks—then Cov(ri,ξi)≠0\mathrm{Cov}(r_i, \xi_i) \neq 0, the ordinary-least-squares (OLS) estimator of β\beta in Equation 26.2 is inconsistent, and its bias has the sign of −η-\eta (since lower rr means earlier), inflating the apparent pioneer premium. This is the order-of-entry version of the endogeneity that pervades marketing-mix estimation: the regressor is chosen by the firm in light of information the analyst does not see.

The two biases are distinct—survivorship is selection on the outcome, endogeneity is selection on an input—but they compound, and both inflate the same number. Boulding and Christen (2003) sharpen the substantive conclusion by moving from share to profit: they document a “sustainable pioneering advantage” that is real but conditional, residing not in mechanical share but in the pioneer’s accumulated learning and cost position, and they show that the profit advantage can persist even where the share advantage decays. The lesson for the analyst is that the dependent variable matters: share advantages erode faster than profit advantages, and studies that measure only share understate the durable component of pioneering.

7 summarizes the identification problem as a causal graph; the estimation section returns to how each path is closed.
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Figure 26.1: Causal graph of the order-of-entry estimation problem. The analyst wants the direct path order → share, but an unobserved endowment confounds it (back-door path), and conditioning on survival (a collider) opens a second spurious path. Boxes are observed; the circle is unobserved.










26.3 Mechanisms of Pioneer Advantage

A causal pioneer advantage, where it exists, must run through an identifiable mechanism. Four are well established, and naming them matters because each predicts a different rate of erosion and a different defensive strategy.

Demand-side preemption of preferences and positioning. The pioneer defines the category prototype. Later entrants are evaluated relative to it, and the pioneer occupies the most preferred position in the perceptual space before rivals arrive, forcing them into less-preferred niches. Because the pioneer also shapes which attributes consumers regard as relevant, it can tilt the evaluative criteria toward dimensions on which it excels. This mechanism is closely tied to brand-share persistence: early-formed brand preferences are remarkably sticky, persisting for decades and even traveling with consumers when they migrate across regions (Bart J. Bronnenberg, Dhar, and Dubé 2009; Bart J. Bronnenberg, Dubé, and Gentzkow 2012). The persistence of early advantage in Bart J. Bronnenberg, Dubé, and Gentzkow (2012) is, in effect, a measured lower bound on demand-side preemption.

Switching costs and habit formation. Once consumers adopt the pioneer, the cost of switching—relearning, contract lock-in, lost loyalty benefits, or simply habit—shields its installed base from later entrants. A later entrant must compensate consumers for the switching cost as well as match the pioneer’s utility, which is equivalent to a price handicap. 

Technological and learning-curve leadership. The pioneer accumulates production experience first and rides down the learning curve ahead of rivals, opening a unit-cost gap that a later entrant cannot close at equal volume. This is the cost-side counterpart of preference preemption and is the mechanism Boulding and Christen (2003) emphasize for the profit advantage. 

Network effects. When a product’s value to a user rises with the number of other users, an early lead in installed base is self-reinforcing: the leader’s larger network makes its product more valuable, attracting still more users in a positive feedback loop that can tip the market (Katz and Shapiro 1985). Network effects are the strongest source of durable first-mover advantage—but, as Section 26.4 shows, they are also the mechanism most often defeated, because a sufficiently superior late entrant can dislodge an entrenched network leader when quality differences swamp the network premium (Gerard J. Tellis, Yin, and Niraj 2009).








Intuition before formalism




The four mechanisms share one logic: pioneering pays when the pioneer can build a stock—of preferences, of locked-in customers, of cumulative experience, of network members—that later entrants cannot replicate by spending a flow. Where no such stock accumulates, order is just a date on a calendar and confers no advantage. The strategic question is therefore always “what stock am I building, and how fast does it depreciate?”








26.3.1 A stock-accumulation formalization

The shared logic above can be written as a single state equation. Let KitK_{it} be the pioneer-advantage stock (installed base, accumulated experience, or preference capital) of firm ii, accumulating from the firm’s marketing and sales flow aita_{it} and depreciating at rate ϕ\phi: Kit=(1−ϕ)Ki,t−1+ait.(26.3)
K_{it} \;=\; (1-\phi)\,K_{i,t-1} \;+\; a_{it}.
 \qquad(26.3) A pioneer enters at t=0t=0 with rivals absent and accumulates KK unopposed until follower entry at t=τt=\tau. The pioneer’s head start is the stock it banks during [0,τ)[0,\tau), and the durability of its advantage is governed entirely by ϕ\phi. When ϕ→0\phi \to 0 (preferences and networks that never decay), the head start is permanent; when ϕ\phi is large (fashion-driven categories, fast technical obsolescence), even a long monopoly period buys only a transient lead. Equation Equation 26.3 is the same perpetual-inventory logic used for brand capital in Chapter 11, and the parallel is not coincidental: pioneer advantage is a brand- and customer-capital stock built under temporary monopoly. The erosion of pioneer advantage, to which we now turn, is the statement that ϕ>0\phi > 0 for most categories.




26.4 Erosion of First-Mover Advantage

First-mover advantage is not self-sustaining; it decays, and sometimes reverses. Four forces drive the erosion, mirroring the four mechanisms that create it.

Free-riding by followers. Later entrants observe the pioneer’s costly investments—market education, R&D dead ends, channel development—and imitate the winners while skipping the losers. The pioneer pays to resolve uncertainty that followers consume for free, so the follower’s expected cost of matching the pioneer’s position is strictly lower than the pioneer’s was.

Resolution of technological and market uncertainty. Pioneers commit under uncertainty about which technology and which positioning the market will reward. Followers enter after that uncertainty resolves and can target the realized winning configuration directly. This is the central tension of entry timing formalized in Section 26.6.

Incumbent inertia and the late-entrant quality play. A pioneer that has optimized around the first-generation technology and its installed base may be slow to adopt a superior new generation—the incumbent’s curse (Section 26.5). Where this happens, a late entrant wins not by being early but by being better. Gerard J. Tellis, Yin, and Niraj (2009) show directly that in high-technology markets network effects do not guarantee that the early or larger network wins: product quality frequently dominates, and a higher-quality late entrant can overturn an entrenched network-advantaged incumbent. This is the cleanest available evidence that even the strongest erosion-resistant mechanism—network effects—is defeasible by quality, and it is why “first but worse” is a losing position.

Category and positioning shifts. The attribute space the pioneer preempted can become obsolete when consumer preferences move or a disruptive technology redefines the category. The pioneer’s preference capital then depreciates rapidly (a large ϕ\phi in Equation 26.3), and incumbency in the old category is worth little in the new one.

Table 26.1 organizes the create-and-erode logic into a single reference.




Table 26.1: Sources of pioneer advantage and the forces that erode each. The right column states the condition under which the depreciation rate ϕ\phi in Equation 26.3 is small.










	Mechanism (creates advantage)
	Erosion force (destroys it)
	Persists when…





	Preference/prototype preemption
	Preference shifts; repositioning
	Tastes are stable; category well-defined



	Switching costs / habit
	Followers subsidize switching
	Lock-in is high; relationships deep



	Learning-curve cost lead
	Followers free-ride on learning
	Experience is proprietary, not leaky



	Network effects
	Quality-superior late entrant tips the market
	Quality parity holds; standards lock in












26.5 The Incumbent’s Curse and Incumbent Response

Order-of-entry effects are not solely the entrant’s story; they are co-produced by how incumbents respond. The starting point is a puzzle: incumbents have the resources, customers, and market knowledge to dominate the next generation, yet radical innovations disproportionately come from entrants. R. K. Chandy and Tellis (2000) document this incumbent’s curse across the histories of many product categories: incumbents and large firms introduce radical innovations far less often than their resource advantages would predict. The explanation is not capability but willingness: an incumbent’s prior investments in the current technology and its fear of cannibalizing existing sales create an internal disincentive to self-disrupt. The remedy is organizational—a demonstrated willingness to cannibalize existing products is the strongest internal driver of radical innovation (R. K. Chandy and Tellis 1998)—and it is precisely the absence of this willingness that opens the door for late entrants to overturn pioneers (Section 26.4).

When incumbents do respond to entry, the response takes recognizable forms. We distinguish deterrence (acting before entry to prevent it) from accommodation (reacting after entry to limit its damage). The line between them is the firm’s ability to commit credibly, which the next section formalizes.


26.5.1 Entry deterrence and credible commitment

The economics of entry deterrence turns on commitment. An incumbent would like to threaten a price war if an entrant comes, but a bare threat is not credible: once entry has occurred, fighting may be more costly to the incumbent than accommodating, so a rational entrant ignores the threat. Dixit (1980) resolves this by showing that the incumbent can make the threat credible through irreversible investment—capacity, in his model—installed before entry. The sunk investment changes the incumbent’s post-entry payoffs so that fighting becomes its best response, which deters the entrant in the first place. The mechanism is general: commitment value comes from foreclosing one’s own future options.

Formally, consider a two-stage game. The incumbent first chooses capacity (or any irreversible investment) kk at sunk cost; the entrant then chooses to enter or not, anticipating the post-entry duopoly outcome that kk induces. Let πE(k)\pi^E(k) be the entrant’s post-entry profit net of its entry cost FF. The entrant stays out iff πE(k)<F,
\pi^E(k) \;<\; F,
 and the incumbent’s problem is to choose the smallest kk that satisfies this inequality—entry-deterring capacity—and compare the profit from deterrence to the profit from accommodating entry at lower kk. Whether deterrence or accommodation is optimal depends on the entry cost FF, the size of the market, and how steeply the entrant’s profit falls in the incumbent’s commitment. The key qualitative result is that investment has strategic value beyond its direct production value: it shifts the rival’s beliefs about the incumbent’s future behavior.

Figure 26.2 renders the deterrence game as a decision tree.
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Figure 26.2: The entry-deterrence game in extensive form. The incumbent’s sunk pre-entry investment changes the payoffs in the post-entry subgame, making ‘fight’ credible and rendering ‘stay out’ the entrant’s best response. Without commitment, ‘accommodate’ is the incumbent’s only credible post-entry move and entry occurs.










26.5.2 Signaling and preannouncement as entry tools

Commitment can also be communicated rather than built. A preannouncement—a public declaration of a forthcoming product before it ships—can shape the entry calculus of rivals and the expectations of customers. The signal is double-edged. Aimed at customers, it can stall their adoption of a rival’s product (a “vaporware” effect); aimed at rivals, it can warn them off a contested position. But the signal is costly when the promise is not kept: A. Sorescu, Shankar, and Kushwaha (2007) show that preannouncements move shareholder value, and that unfulfilled promises destroy it—“don’t make promises you can’t keep.” Preannouncement is therefore a credible signal only to the extent that reneging is punished, which ties it back to the costly-signaling logic developed for quality in Chapter 11: a signal works when high types can bear its cost and low types cannot. Specialization plays the same role on the entry margin, where committing to a single category credibly signals quality precisely because it forgoes profit elsewhere (Kalra and Li 2008).



26.5.3 Incumbent response to entry: empirical evidence

Beyond stylized games, entry provokes measurable incumbent reactions in real markets, and the magnitude depends on how distinctive the entrant is. In grocery retailing, the entry of an organic specialist store depresses category performance at incumbent generalist stores and sharpens consumers’ price sensitivity; incumbents can blunt the damage by reducing the entrant’s relative distinctiveness—broadening their own organic assortment, narrowing the price–quality gap, and shoring up authenticity, with premium organic lines proving more defensible than frequently promoted ones (Stijn Maesen and Lamey 2022). The general principle is that an incumbent’s optimal response is to contest the dimension on which the entrant differentiates, neutralizing the entrant’s positioning rather than competing head-on on price.

Entry decisions also interact with the channel through which a brand reaches the market. Bei and Gielens (2022) show that the choice between selling to a platform at wholesale (first-party) and selling on the platform directly (third-party) has asymmetric share consequences: first-party operation tends to depress a brand’s share—more so for brands that cannot establish trust amid many rival and rogue sellers—whereas third-party operation tends to raise share, especially for non-leading premium brands with prior direct-to-consumer experience. The mode of entry, not merely its timing, is a lever on the share a brand can ultimately hold.




26.6 Entry Timing: The Cost of Early versus Late

Order is relative to rivals; timing is relative to the market. The timing decision trades two opposing costs. Entering too early incurs the cost of an immature market—undeveloped demand, missing complements, unresolved technical standards—and the burden of educating customers, a cost later entrants free-ride upon. Entering too late forfeits the accumulated stock KK in Equation 26.3 and cedes the preferred positions. The optimum balances the two.

A compact way to see the trade-off is to write the net value of entering at calendar time tt as the discounted stream of profit from then on, minus the penalty for entering before the market is ready: V(t)=∫t∞e−ρ(u−t)π(m(u),K(t))du⏟value of the captured market−C(m(t))⏟immaturity / education cost,(26.4)
V(t) \;=\; \underbrace{\int_{t}^{\infty} e^{-\rho (u-t)}\, \pi\big(m(u),\, K(t)\big)\, du}_{\text{value of the captured market}}
        \;-\; \underbrace{C\big(m(t)\big)}_{\text{immaturity / education cost}},
 \qquad(26.4) where m(u)m(u) is market maturity (the share of ultimate demand realized by time uu, e.g., the cumulative diffusion curve), K(t)K(t) is the head-start stock the firm can bank by entering at tt (declining in tt as rivals arrive), ρ\rho is the discount rate, and C(⋅)C(\cdot) is the immaturity cost, decreasing in maturity. The firm enters at the t⋆t^\star that maximizes V(t)V(t). Early in the life cycle K(t)K(t) is large but C(m(t))C(m(t)) is also large and m(u)m(u) is low; later, the immaturity cost falls but so does the bankable head start. The first-order condition V′(t⋆)=0V'(t^\star)=0 balances the marginal decay of the head start against the marginal fall in the cost of immaturity—a clean statement of why neither the earliest nor the latest entrant is generally optimal.

The maturity path m(u)m(u) is not exogenous to the firm’s information: timing is fundamentally about when uncertainty resolves. Adoption of a new technology follows rank, stock, and order effects in which heterogeneous adopters cross a profitability threshold at different times (Karshenas and Stoneman 1993), and the same logic governs when a category “takes off”—the abrupt acceleration that turns a niche into a mass market (Golder and Tellis 1997, 2004). A firm timing entry to a takeoff must forecast that inflection, not merely the level of current demand. Entering just before takeoff captures the head start with the immaturity cost nearly paid down; entering long before it pays the full education cost with deep discounting of distant returns.








Pioneering is not the same as being early




The constructs pull apart here. A firm can be the pioneer (rank 1) yet enter late in absolute terms if the category itself is young relative to consumer readiness; conversely a firm can be a late entrant (rank 4) yet arrive early on the maturity curve if the whole category is nascent. The empirical record of failed pioneers in 8 is in large part a record of firms that pioneered and mistimed—first to a market that was not yet ready, exhausting resources on education that a better-timed follower harvested.









26.7 Estimating Order-of-Entry Effects

We now make the identification problem of Section 26.1 operational. The goal is to estimate the order-of-entry elasticity θ\theta in Equation 26.1 without the survivorship and selection biases that inflate it.

Estimator and specification. The workhorse specification regresses log-share on log-rank with controls, logsic=αc−θlogric+𝛄′𝐱ic+εic,(26.5)
\log s_{ic} \;=\; \alpha_c \;-\; \theta \log r_{ic}
              \;+\; \boldsymbol{\gamma}'\mathbf{x}_{ic} \;+\; \varepsilon_{ic},
 \qquad(26.5) where ii indexes brands, cc indexes categories, αc\alpha_c is a category fixed effect (absorbing category-level demand and the mechanical constraint that shares sum to one), 𝐱ic\mathbf{x}_{ic} collects marketing-mix and quality controls, and θ\theta is the order-of-entry elasticity. Under the assumptions below, OLS on Equation 26.5 consistently estimates θ\theta.

Identifying assumptions and what breaks them.


	No selection on unobservables: 𝔼[εic∣ric,𝐱ic,αc]=0\mathbb{E}[\varepsilon_{ic} \mid r_{ic},
\mathbf{x}_{ic}, \alpha_c] = 0. This fails whenever an unobserved endowment ξi\xi_i drives both early entry and high share (Equation 26.2). Remedy: an instrument ziz_i for entry order—shifting the order of entry without directly affecting share, such as the firm’s pre-existing presence in an adjacent category or a regulatory/technological event that gated entry timing—estimated by two-stage least squares. A valid instrument satisfies relevance (Cov(zi,ri)≠0\mathrm{Cov}(z_i, r_i)\neq 0) and exclusion (Cov(zi,εi)=0\mathrm{Cov}(z_i, \varepsilon_i)=0); the exclusion restriction is the hard part and must be argued, not assumed. 

	No survivorship filtering: the sample includes entrants regardless of survival. Conditioning on survival reintroduces the collider bias of

	Remedy: historical-population sampling (Golder and Tellis 1993), or an explicit selection model (e.g., a survival equation estimated jointly with Equation 26.5).




	Correct functional form: Equation 26.1 imposes a constant elasticity. If the true gradient is convex or has a pioneer-specific discontinuity (a “rank-1 premium” beyond the smooth curve), the constant-θ\theta fit misattributes the discontinuity. Remedy: add a pioneer dummy and test it separately from the slope.



A reproducible illustration. The following simulation builds a population of entrants with a true order-of-entry effect and a confounding endowment, then shows (i) that the naive log-share-on-log-rank regression on survivors only overstates the effect, and (ii) that estimating on the full population recovers it. The data-generating process encodes exactly the biases formalized above, so the gap between the two estimates is the bias, isolated.


set.seed(20260620)

n_cat   <- 400          # number of categories
k_per   <- 5            # entrants per category
theta   <- 0.30         # TRUE order-of-entry elasticity (log share per log rank)
eta     <- 0.60         # strength of selection: able firms enter earlier

sim <- do.call(rbind, lapply(seq_len(n_cat), function(cat) {
  # latent firm endowment xi: drives BOTH early entry and high share
  xi   <- rnorm(k_per)
  # entry order: firms with higher endowment tend to enter earlier (lower rank)
  rank <- rank(-eta * xi + rnorm(k_per), ties.method = "first")
  # log latent share: true negative order effect + endowment + noise
  log_share_latent <- -theta * log(rank) + 0.8 * xi + rnorm(k_per, sd = 0.3)
  share <- exp(log_share_latent)
  share <- share / sum(share)                 # shares sum to one within category
  # survival: better endowment AND earlier rank survive more often (collider)
  p_surv  <- plogis(1.0 + 1.2 * xi - 0.5 * rank)
  survive <- rbinom(k_per, 1, p_surv)
  data.frame(cat = cat, rank = rank, share = share,
             xi = xi, survive = survive)
}))

# (1) NAIVE estimate: survivors only, no control for endowment
naive <- lm(log(share) ~ log(rank) + factor(cat),
            data = subset(sim, survive == 1))
theta_naive <- -coef(naive)[["log(rank)"]]

# (2) FULL-POPULATION estimate: all entrants, controlling for the endowment
full  <- lm(log(share) ~ log(rank) + xi + factor(cat), data = sim)
theta_full <- -coef(full)[["log(rank)"]]

cat(sprintf("True theta            : %.3f\n", theta))
#> True theta            : 0.300
cat(sprintf("Naive (survivors only): %.3f  <- inflated\n", theta_naive))
#> Naive (survivors only): 0.600  <- inflated
cat(sprintf("Full population + xi  : %.3f  <- recovers truth\n", theta_full))
#> Full population + xi  : 0.286  <- recovers truth




The naive survivor-only slope overstates the true elasticity because it conflates the genuine order effect with the survivorship and endowment biases; the full-population specification that observes the endowment recovers the truth. In real data the endowment is unobserved, which is why the credible designs are the historical-population sample (Golder and Tellis 1993) and an order-shifting instrument—the two remedies in the assumption list above. The simulation makes the abstract bias concrete: the number to distrust is the raw rank–share gradient.



26.8 Synthesis and Strategic Implications

The threads of this chapter converge on a small number of decision-relevant propositions. First, order is endogenous and survivor-filtered, so the raw rank–share gradient is a biased estimate of the value of entering early; the defensible estimate comes from failure-inclusive data or a credible instrument (Golder and Tellis 1993; Boulding and Christen 2003). Second, pioneering pays only when it builds a slowly depreciating stock—of preferences, switching costs, learning, or network members (Equation 26.3)—and the strategic question is always the size of ϕ\phi, the depreciation rate. Third, the strongest erosion-resistant mechanism, network effects, is still defeasible by quality, so “first but worse” is not a tenable position (Gerard J. Tellis, Yin, and Niraj 2009). Fourth, incumbency is a liability as well as an asset: the incumbent’s curse (R. K. Chandy and Tellis 2000) and the cannibalization disincentive (R. K. Chandy and Tellis 1998) mean that the firm best placed to win the next generation often will not, which is precisely the opening late entrants exploit. Fifth, incumbents respond by contesting the entrant’s point of differentiation (Stijn Maesen and Lamey 2022) and, where they can commit irreversibly, by deterring entry outright (Dixit 1980); commitments communicated rather than built—preannouncements —work only when reneging is punished (A. Sorescu, Shankar, and Kushwaha 2007). Finally, timing is distinct from order (Equation 26.4): the optimal entrant arrives neither earliest nor latest but when the marginal decay of its head start just balances the marginal fall in the cost of market immaturity, an inflection tied to category takeoff (Golder and Tellis 1997; Karshenas and Stoneman 1993).



26.9 Key Takeaways


	Separate the three constructs. Order (rank vs. rivals), timing (position on the maturity curve), and pioneer advantage (the causal premium for being first) are distinct; conflating them produces the “failed pioneer” paradox of

	




	Distrust the gradient. Survivorship bias (a collider) and selection on unobservables (endogenous order) both inflate the observed pioneer premium; identify the effect with failure-inclusive data or an order-shifting instrument (Section 26.7).

	Advantage = a stock with a depreciation rate. Pioneer advantage persists in proportion to how slowly its underlying stock—preferences, switching costs, learning, network—decays (Equation 26.3, Table 26.1).

	Quality defeats networks. Even network-effect leads can be overturned by a superior late entrant (Gerard J. Tellis, Yin, and Niraj 2009); incumbency invites the incumbent’s curse (R. K. Chandy and Tellis 2000).

	Respond on the entrant’s axis of differentiation, deter with credible irreversible commitment where feasible (Dixit 1980; Stijn Maesen and Lamey 2022), and treat the timing decision as a maturity-curve optimization, not a race to be first.





26.10 Further Reading

The pioneer-advantage debate is best read as a sequence: Urban et al. (1986) for the share-rewards generalization, 8 for its historical demolition, and Boulding and Christen (2003) for the profit-based reconciliation. For incumbent behavior, R. K. Chandy and Tellis (2000) and R. K. Chandy and Tellis (1998) develop the incumbent’s curse and its organizational remedy; Gerard J. Tellis, Yin, and Niraj (2009) supplies the quality-versus-network-effects evidence. The strategic economics of deterrence begins with Dixit (1980). Diffusion and takeoff, which govern entry timing, are developed in Golder and Tellis (1997), Golder and Tellis (2004), and Karshenas and Stoneman (1993), and connect to the diffusion treatment elsewhere in the book. The persistence that makes early entry valuable is documented in Bart J. Bronnenberg, Dhar, and Dubé (2009) and Bart J. Bronnenberg, Dubé, and Gentzkow (2012), and links directly to the branding material in Chapter 11.





27 Virality and Word of Mouth

Almost everything a consumer learns about a product arrives through someone else. A friend’s offhand recommendation, a one-star review, a forwarded video, a retweeted complaint—these consumer-to-consumer transmissions move demand more reliably than most paid messages, and they do so at a cost the firm does not pay. This chapter is about how such transmission works: what gets passed along, why people pass it, how far and how fast it travels, and how much of the resulting spread a manager can actually engineer rather than merely observe.

Two questions organize the field, and they are easy to conflate. The first is psychological: given that a person is talking, what makes them choose one piece of content over another to share? This is the literature on word of mouth (WOM) and its drivers—social currency, emotion, usefulness, narrative. The second is structural: given that content is shared, what shape does the resulting diffusion take through the social network, and is that shape predictable? This is the literature on cascades and structural virality. A serious treatment needs both. Content drivers explain the probability that any individual relays a message; network structure determines whether those individual relays compound into an epidemic or fizzle. We develop the content account first, formalize the diffusion account second, and close on the measurement and identification problems that make virality genuinely hard to study—chief among them the fact that what looks “viral” is often neither viral nor caused by the content at all.

By the end the reader should be able to define virality precisely, distinguish it from popularity, write down a model of cascade size and state what limits its predictability, and reason about seeding and measurement with the right identification caveats in hand.


27.1 Defining the Construct

Word of mouth predates the internet by the entire history of language, and its canonical definition is correspondingly old. We adopt Westbrook (1987)’s formulation as the field’s landmark statement.


Word of mouth is “informal communications directed at other consumers about the ownership, usage, or characteristics of particular goods and services or their sellers” (Westbrook 1987).



Three features of this definition do real work. The communication is informal (it is not the firm’s paid voice), it is consumer-to-consumer (the firm is at best an indirect party), and it is about market objects (products, services, sellers). The migration of this activity online produces electronic word of mouth (e-WOM, sometimes “word of mouse”): the same construct, now mediated by platforms that record, timestamp, and graph every utterance. Both classical WOM and e-WOM exploit the network effect to reach audiences the firm could not address directly (Vilpponen, Winter, and Sundqvist 2006), but e-WOM does so with lower marginal cost, faster diffusion, and sharper targeting (Bampo et al. 2008; Feroz Khan and Vong 2014).

Virality is the construct that e-WOM makes salient, and the literature uses the word in two incompatible ways that must be kept apart. One usage is processual: virality is the act or trajectory of successive sharing—“a process whereby an ad is successively shared by viewers.” The other is dispositional: virality is a property of content, namely its latent potential to be spread. We adopt the dispositional reading throughout, because it is the one that supports prediction and design: we want to know what makes a given piece of content likely to diffuse, holding the network fixed.








WOM, virality, and sharing as near-synonyms




We treat WOM, virality, and sharing interchangeably, following the strong construct overlap documented by Camarero and San José (2011) and Phelps et al. (2004). The distinctions that matter for this chapter are not lexical but mechanical: the content drivers of a single relay versus the network dynamics of aggregate diffusion. We are explicit about which we mean at each point.







Formally, fix a population of potential relayers indexed by ii and a piece of content cc. Let Sic∈{0,1}S_{ic} \in \{0,1\} indicate that ii relays cc. The dispositional virality of cc is the share probability marginalized over the population, v(c)=𝔼i[Pr(Sic=1∣𝐳c,𝐰i)],(27.1)
v(c) \;=\; \mathbb{E}_i\!\left[\,\Pr(S_{ic} = 1 \mid \mathbf{z}_c, \mathbf{w}_i)\,\right],
 \qquad(27.1) where 𝐳c\mathbf{z}_c are content/context features (the levers a marketer can pull) and 𝐰i\mathbf{w}_i are person- and tie-level moderators. The content literature in this chapter is, in effect, a catalog of the partial derivatives ∂v/∂𝐳c\partial v / \partial \mathbf{z}_c: which features of content raise the per-person relay probability. The structural literature (Section 27.5) asks what happens when these individual relays are composed through the edges of a social graph.

Why this matters commercially is blunt: sharing is necessary but not sufficient for value. Intentions overstate behavior, and behavior overstates profit. In one telecommunications referral program, 81% of customers said they would refer others, only 33% actually did, and of those referred only 8% became profitable customers (V. Kumar, Petersen, and P.Leone 2007). The funnel from stated willingness to share, to actual sharing, to monetized outcome leaks at every stage—a recurring caution when reading self-reported sharing studies.



27.2 Theoretical Foundations

The two literatures this chapter joins, content drivers and network structure, each rest on established theory, and naming the governing accounts shows why the empirical regularities are not coincidental. The structural side descends from social contagion and diffusion of innovations: new products and ideas spread through a population by person-to-person communication over time, the process that the formal model of Bass (1969) partitions into innovators (external influence) and imitators (internal, word-of-mouth influence). Diffusion theory supplies the contagion hypothesis that the cascade literature (Section 27.5) then tests and qualifies, and it is the reason an S-curve is so often, and so often wrongly, read as evidence of transmission. Network structure enters through the strength of weak ties (Granovetter 1973): novel information flows disproportionately across bridging ties that connect otherwise separate clusters, which is why tie structure governs whether individual relays compound into reach and why the weak-tie thesis organizes the seeding and tie-strength results below.

On the content side, three social-psychological theories account for why a person relays. Social influence and social proof hold that descriptive and injunctive norms shift behavior, often more than people anticipate (Cialdini, Influence, a monograph cited here by name; for the empirical norm result see N. J. Goldstein, Cialdini, and Griskevicius (2008)): people share, adopt, and review in part because others do, which is why consensus cues and visible popularity move transmission. The emotion/arousal account of sharing holds that the operative driver is not the valence of content but its physiological arousal: high-arousal states, in both positive and negative valence, potentiate sharing, while low-arousal states suppress it (J. Berger and Milkman 2012), a claim formalized in Equation 27.2. And social identity holds that consumption and communication are identity-expressive: people relay content that signals who they are and that affirms valued group memberships, the mechanism underneath the impression-management and social-bonding functions developed next (Tajfel and Turner’s social identity theory, an edited-volume statement cited by name). Together these theories predict both the probability that any individual relays content and the shape of the diffusion that results.



27.3 Why People Share: A Functional Account

The single most useful organizing idea in the WOM literature is that sharing is goal-directed. People do not relay content at random; they relay it because doing so serves an end, often below the level of conscious awareness. J. Berger (2014b) consolidates this into five functions that WOM serves, and—crucially—each function makes predictions about what kind of content will be shared. The framework is generative rather than descriptive: name the goal, and you can forecast the content that satisfies it. Figure 27.1 maps each function to the content properties it predicts will be shared.
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Figure 27.1: Five functions of word of mouth and the content properties each one predicts will be shared. Multiple functions can operate simultaneously on the same act of sharing.








That these are functions and not mere correlates is supported by the self-referential bias in everyday communication: over 70% of ordinary speech concerns the self, and the same proportion holds for social-media posts. People talk to accomplish something for themselves. We take the five functions in turn.


27.3.1 Impression management

Consumers share to curate how others see them. The mechanism rests on the premise that consumption is identity-expressive—people acquire and discuss goods partly to signal who they are—and it operates through self-enhancement (looking good), identity-signaling (advertising specific traits or expertise), and the mundane need to fill conversational space. The self-enhancement motive is strong enough that people will distort to satisfy it: roughly 60% of retold personal stories are altered in the retelling (E. J. Marsh and Tversky 2004), and people share content specifically because it burnishes their image (Wojnicki and Godes 2017).

The motive predicts a recognizable content profile. People preferentially share material that is entertaining (novel, surprising, funny, or extreme), because relaying it makes the sharer look interesting and in-the-know. Novelty must be paired with comprehensibility to function—novel-and-understandable is interesting, novel-and-incomprehensible is merely confusing (Berlyne 1960). The starkest evidence on novelty comes from Vosoughi, Roy, and Aral (2018), who tracked roughly 126,000 rumor cascades on Twitter, classified by six independent fact-checking organizations: false stories spread significantly farther, faster, deeper, and more broadly than true ones, and the gap is explained by the greater novelty of false content and the surprise and disgust it evokes. The effect survives controls for bot activity, implicating human sharers rather than automation.

People also share what is useful (it makes the sharer helpful and smart) and what is status-relevant (premium brands and knowledge are discussed more, because both signal standing). A subtle reversal appears for uniqueness: unique products draw more WOM in general, yet consumers with a high need for uniqueness withhold positive WOM to keep adoption—and therefore distinctiveness—scarce. Finally, sharing is shaped by accessibility: products that are more frequently cued in the environment are discussed more, so heavily advertised products generate more WOM (Onishi and Manchanda 2012). Accessibility is also a route through which incidental states matter—unrelated physiological arousal raises sharing across the board (J. Berger and Schwartz 2011), a point we formalize under emotion below.



27.3.2 Emotion regulation

People share to manage how they feel—seeking social support, venting, making sense of an experience, reducing post-decision dissonance, taking revenge on a firm, or reliving a positive episode. Sharing a negative experience can raise well-being through perceived social support (Buechel and Berger 2017). This function predicts that emotional content is shared more, but with two refinements that the next subsection makes precise: not all emotions promote sharing (shame and guilt suppress it, because relaying them is self-incriminating), and the impression- management function can oppose emotion regulation when venting a negative episode would reflect badly on the sharer.



27.3.3 Information acquisition, social bonding, and persuasion

The remaining functions are quicker to state. WOM acquires information: rather than learn by trial and error, consumers solicit advice, especially for risky, complex, or uncertain decisions where talking reduces perceived risk. WOM builds social bonds: people share common ground and emotional content because both increase felt connection and group cohesion. And WOM persuades: when the goal is to move another’s choice, people share polarized (extremely positive or negative) and arousing content, because moderation does not convince. These functions are not mutually exclusive—a single share can manage an impression, regulate emotion, and bond simultaneously—which is why the five-function lens predicts content profiles rather than partitioning shares into types.




27.4 Drivers of Virality

The functional account tells us why people share; the empirical literature isolates which content features raise share probability. We group the robust drivers into social currency, emotion, usefulness, and narrative, and then treat the moderators—audience and channel—that determine when each driver dominates.


27.4.1 Social currency

The dominant driver of posting behavior is image-related utility rather than intrinsic enjoyment of the content: Toubia and Stephen (2013), in a field experiment that randomized whether contributions were attributed to their authors, find that image-related utility drives posting more than intrinsic utility. People share to accrue social currency—to look interesting, smart, or in-the-know. A consequence worth flagging is that “useful” and “interesting” are not interchangeable currencies: useful information signals helpfulness, but the signal is valued less than the signal of being entertaining (J. Berger 2014b).

Social currency interacts with the channel, and the interaction is identifying. Interesting content is shared more in written (asynchronous) settings but not in oral (synchronous) ones. The mechanism is time to self-edit: asynchronous communication lets people polish what they say, which amplifies self-enhancement motives, whereas synchronous conversation must be filled in real time, pushing people toward mundane, accessible topics merely to avoid silence. This is a clean example of a moderator (channel) switching a driver (interestingness) on and off.



27.4.2 Emotion: valence and arousal

Emotion is the most-studied driver, and the literature’s central correction is that valence is not the operative variable—arousal is. It is tempting to predict sharing from whether content is positive or negative; the better predictor is how physiologically activating it is.

J. Berger and Milkman (2012) make the case with both archival and experimental evidence. Examining roughly 7,000 New York Times articles, they find that positive content is more viral on average, but emotionality matters over and above valence, and the result holds after controlling for usefulness, interestingness, surprise, prominence of placement, author fame, length, and timing. The experiments then dissociate valence from arousal: high-arousal negative emotions (anger, anxiety) raise sharing, while a low-arousal negative emotion (sadness) lowers it; high-arousal positive emotions (awe, excitement, amusement) raise sharing relative to a low-arousal positive state (contentment). The clinching test is that incidental arousal— arousal induced by a task unrelated to the content, such as physical exertion—also raises sharing (J. Berger and Schwartz 2011), which it could not do if valence were the true cause.

The mechanism is physiological: arousal is an excitatory state that potentiates action of all kinds, including sharing and other prosocial behavior (Gaertner and Dovidio 1977). Different emotions sit at different points on the activation dimension (C. A. Smith and Ellsworth 1985), and the relevant contrast is activation (high arousal, behavioral readiness) versus deactivation (low arousal, relaxation) (Feldman Barrett and Russell 1998; Heilman 1997). Table 27.1 organizes the predictions; note that the regulation goal differs by quadrant—high-arousal negative states drive venting, high-arousal positive states drive rehearsal (Rimé et al. 1991).




Table 27.1: Sharing predicted by the arousal × valence quadrant. Arousal, not valence, is the operative dimension: high-arousal states in both valences raise sharing, while low-arousal states suppress it (J. Berger and Schwartz 2011; J. Berger and Milkman 2012).










	
	Low arousal (deactivation)
	High arousal (activation)





	Positive valence
	Contentment — less shared
	Awe, excitement, amusement — more shared (rehearsal)



	Negative valence
	Sadness — less shared
	Anger, anxiety — more shared (venting)










A formal statement makes the claim testable. Let a(c)∈[0,1]a(c) \in [0,1] be the arousal a content piece evokes and val(c)∈[−1,1]\text{val}(c) \in [-1,1] its valence. The arousal model asserts ∂v(c)∂a(c)>0and∂v(c)∂|val(c)|small once a(c) is held fixed,(27.2)
\frac{\partial \, v(c)}{\partial \, a(c)} > 0
\quad\text{and}\quad
\frac{\partial \, v(c)}{\partial \, |\text{val}(c)|} \;\text{small once } a(c)\text{ is held fixed},
 \qquad(27.2) i.e., once arousal is conditioned on, residual valence carries little additional explanatory power for sharing. Identification of Equation 27.2 is exactly what the incidental-arousal manipulation buys: by moving aa without moving any property of cc, the experiment severs the confound between arousing content and interesting or useful content, which would otherwise make aa endogenous.

The managerial corollary is valuable virality (Akpinar and Berger 2017). Emotional ads are shared more but often fail to lift brand outcomes because the brand is incidental to the story; informative ads lift brand evaluation (the brand is integral to the message) but are shared less. The resolution is emotional, brand-integral content—embed the brand into an arousing narrative so that sharing and brand lift move together. The same prescription recurs in the advertising literature (Chapter 13): Gerard J. Tellis et al. (2019) find across field studies that information-focused content is shared less (except in risky contexts), that positive high-arousal emotions and “drama” elements (surprise, plot, characters, babies, animals, celebrities) raise sharing through arousal, that brand prominence matters, and that platform moderates fit—emotional ads travel on general platforms, informational ads on professional ones—with an optimal ad length of roughly 1.2 to 1.7 minutes. Emotion can be operationalized directly from language (D. Yin, Bond, and Zhang 2017), which makes these predictions deployable at scale.



27.4.3 Usefulness and narrative

Beyond emotion, practical utility is a robust driver: useful newspaper articles are more viral (J. Berger and Milkman 2012), and the broader pattern—useful, interesting, and emotionally arousing content is shared more—replicates in Milkman and Berger (2014), who add the striking finding that articles by women are shared more because they are written to be more comprehensible, useful, and interesting. Three theoretical lenses explain why usefulness travels: sharing useful content signals knowledge and so serves impression management (Wojnicki and Godes 2017); it generates reciprocity, the sharer expecting a return favor (Fehr, Kirchsteiger, and Riedl 1998); and it functions as social exchange with exchange value (Homans 1958). The channel again moderates: usefulness and novelty predict email forwarding most strongly, whereas emotional evocativeness and content familiarity predict social-media retransmission (H. S. Kim 2015), because the two channels serve different goals (private helpfulness versus public self-presentation).

Narrative is the vehicle that carries emotion and brand together. In social media, brands and consumers co-create brand performances, and the ongoing process of improvisation matters more than any single output; managing a brand becomes the work of keeping the performance alive (S. Singh and Sonnenburg 2012). Narrative is also where the valuable-virality prescription is executed—the brand rides inside the story rather than interrupting it.




27.5 Structural Virality

Everything so far concerns the per-person relay probability v(c)v(c). We now turn to what happens when those relays compose through a network, and here the field’s hard-won lesson is that viral is not the same as popular.


27.5.1 Cascades versus broadcasts

A piece of content can reach a million people two very different ways. It can be broadcast—a single hub (a celebrity, a front page) transmits directly to a mass audience, producing a wide but shallow diffusion tree. Or it can cascade—person relays to person relays to person, producing a deep, multi-generation tree. Both yield large reach; only the second is “viral” in the mechanistic sense. The total number of retweets is therefore a poor proxy for virality, because it cannot distinguish a hub blasting to its followers from a genuine person-to-person epidemic (Goel et al. 2015).

The empirical reality is that genuine cascades are vanishingly rare. In a corpus of roughly a billion diffusion events, about 90% of content was adopted by no one beyond the seed, and fewer than 1% of events achieved even a handful of second-generation adoptions (Goel, Watts, and Goldstein 2012). Virality, in the strict sense, is an extreme-tail phenomenon; most content dies at the source.

Goel et al. (2015) formalize the broadcast–cascade distinction with a single statistic, structural virality, defined as the average distance between all pairs of nodes in a diffusion tree (the Wiener index, normalized by tree size). For a tree TT on nn nodes with shortest-path distances dijd_{ij}, ν(T)=1n(n−1)∑i=1n∑j=1ndij.(27.3)
\nu(T) \;=\; \frac{1}{n(n-1)} \sum_{i=1}^{n} \sum_{j=1}^{n} d_{ij}.
 \qquad(27.3) A pure broadcast (a star: one seed, n−1n-1 direct children) has small ν\nu—every pair is at most two hops apart—no matter how large nn grows. A deep chain of person-to-person relays has large ν\nu. The statistic thus separates size from shape: two events with identical reach can have wildly different structural virality. The following code makes the contrast concrete by computing Equation 27.3 for a broadcast star and for a deep cascade of equal size.


set.seed(606)

# Mean pairwise distance (Wiener index / [n(n-1)]) on a tree given as a
# parent vector: parent[i] is the index of node i's parent (NA for the root).
structural_virality <- function(parent) {
  n <- length(parent)
  # Build n x n shortest-path distances via repeated parent-walks (tree => unique path).
  depth <- integer(n)
  path  <- vector("list", n)
  for (i in seq_len(n)) {
    p <- i; chain <- i
    while (!is.na(parent[p])) { p <- parent[p]; chain <- c(chain, p) }
    path[[i]] <- chain
    depth[i]  <- length(chain) - 1L
  }
  D <- matrix(0, n, n)
  for (i in seq_len(n)) for (j in seq_len(n)) {
    common <- intersect(path[[i]], path[[j]])          # nearest common ancestor set
    lca_depth <- max(depth[common])
    D[i, j] <- (depth[i] - lca_depth) + (depth[j] - lca_depth)
  }
  sum(D) / (n * (n - 1))
}

n <- 40
# Broadcast: one root, everyone else attaches directly to it (a star).
broadcast <- c(NA, rep(1L, n - 1))
# Cascade: a single deep chain, 1 -> 2 -> ... -> n.
cascade   <- c(NA, 1:(n - 1))

c(broadcast = structural_virality(broadcast),
  cascade   = structural_virality(cascade))
#> broadcast   cascade 
#>   1.95000  13.66667




The broadcast tree returns a structural-virality near 2 (almost all paths route through the hub), while the chain returns a value that grows with depth—mechanically identical reach, opposite diffusion shape. Real cascades fall between these poles, and Goel et al. (2015) document that large structural virality does occur in the wild but is rare and only weakly predictable from content alone.



27.5.2 The limits of prediction: skill, luck, and an R2R^2 ceiling

Can we predict which content goes viral? Goel et al. (2015) give the question a sharp, discouraging answer by decomposing realized cascade success SS into a part explained by observable “skill” QQ (content quality, seed characteristics) and an irreducible “luck” component EE, S=f(Q)+E.(27.4)
S \;=\; f(Q) + E.
 \qquad(27.4) The natural measure of predictability is how much variance in SS survives after conditioning on everything knowable, QQ: F=𝔼[Var(S∣Q)]Var(S)=1−R2.(27.5)
F \;=\; \frac{\mathbb{E}\!\left[\,\operatorname{Var}(S \mid Q)\,\right]}{\operatorname{Var}(S)} \;=\; 1 - R^2 .
 \qquad(27.5) If R2→1R^2 \to 1, success is pure skill and perfectly forecastable; if R2→0R^2 \to 0, it is pure luck and unforecastable. The substantive result is that there is a theoretical ceiling on R2R^2 that is well below one, arising from the intrinsic stochasticity of the branching process: the more sensitive the cascade is to the initial seed, the larger the variance in outcomes for fixed QQ, and the lower the attainable R2R^2. Virality is partly designable and partly irreducibly chancy, and no amount of feature engineering closes the gap. This is the structural counterpart to the funnel leakage of V. Kumar, Petersen, and P.Leone (2007): even perfect content does not guarantee a cascade.



27.5.3 What the S-curve does and does not tell you

Diffusion is conventionally pictured as an S-shaped cumulative-adoption curve, and it is tempting to read an S-curve as evidence of contagion—of person-to-person transmission. This inference is invalid, for two distinct reasons that any identification strategy must confront.

First, an S-curve does not imply contagion. The same sigmoid can be generated by mechanisms that involve no social transmission at all. Population heterogeneity in adoption thresholds produces an S-curve mechanically as the marginal adopter’s threshold is crossed over time (Chatterjee and Eliashberg 1990), and time-varying marketing effort can trace out the identical shape (Bulte and Lilien 2001). Attributing an S-curve to word of mouth therefore requires ruling out heterogeneity and marketing as alternative explanations—a problem of separating contagion from correlated unobservables, addressed structurally in Chapter 23 and in the diffusion-modeling literature.

Second, selection (survivorship) bias contaminates retrospective virality studies: we observe the cascades that happened to grow and rarely the near-identical content that died, so any pattern estimated on “viral” cases is conditioned on success. Combined with the rarity result of Goel, Watts, and Goldstein (2012)—90% of events go nowhere—this means naive comparisons of viral and non-viral content overstate whatever distinguishes the survivors. Figure 27.2 collects the competing data-generating processes that yield the same aggregate curve.
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Figure 27.2: Why an observed S-shaped adoption curve is not evidence of contagion. At least three distinct data-generating processes produce the same aggregate shape, and survivorship in the sample compounds the inference problem.











27.6 Network Position, Ties, and Seeding

If structure governs whether relays compound, then where in the network a message starts and which ties it crosses should matter. This section covers the position/seeding literature and the surprisingly subtle role of tie strength.


27.6.1 Seeding strategy

The seeding question is whether a firm should inject content at well-connected hubs or at ordinary nodes. Analytical models and simulations had suggested that targeting hubs does not pay—hubs are no more influential over any given peer than ordinary nodes. Hinz et al. (2011) overturn this in small-scale field experiments and real campaigns: seeding to well-connected people yields up to eight times more adoptions, not because hubs are more persuasive per contact but because they are more active and exploit their greater reach. The lesson is that seeding returns come from reach and activity, not from per-tie influence—a distinction that matters because it cannot be recovered from peer-level persuasion data alone. Seeding can also have competitive effects: a well-placed campaign raises focal-brand WOM while suppressing conversation about rival products in the same category (Chae et al. 2017).



27.6.2 Network management and identification

Studying how a firm’s own networking activity drives online success raises an acute endogeneity problem: firms that succeed may simply network more, so position and success are jointly determined. Ansari et al. (2018) model the co-evolution of an actor’s ego-network and success with stochastic actor-based models, characterizing each actor by ego-network density and degree, betweenness, and closeness centrality. To identify the effect of networking on success they combine time fixed effects with a control-function approach instrumented by the firm’s activity on an independent US social platform—activity correlated with the firm’s European networking effort but plausibly excludable from European-market success. The design is a template for network studies generally: position is endogenous, and credible identification needs an instrument that shifts position without directly shifting the outcome.



27.6.3 Tie strength and the strength of weak ties

Granovetter’s classic thesis is that weak ties—acquaintances rather than close friends—are disproportionately valuable for information diffusion, because they bridge otherwise disconnected clusters and so carry novel information. The modern e-WOM literature both confirms and qualifies this.

On the confirmation side, Peng et al. (2018) show that sharing propensity rises with network overlap between sender and receiver—common followees, common followers, and common mutual followers—using a dyadic hazard model on Twitter and Digg data. High overlap signals shared interests, so the receiver infers the content suits her own audience and relays it; popular content, conversely, is shared less, because many others already have. Tie strength also conditions persuasion: J. K. Lee and Kronrod (2020) find that consensus language—expressions implying widespread agreement—is more persuasive coming from weak ties than strong ones, because a weak tie evokes a broader, more diverse agreeing group and thus signals higher validity, providing social proof.

The sharpest recent test qualifies the weak-tie thesis itself. Rajkumar et al. (2022) exploit large-scale randomized experiments on LinkedIn’s “People You May Know” algorithm—rare causal variation in tie formation—to estimate how tie strength affects job mobility. They find that weak ties do increase job transmission but with diminishing returns: the relationship is an inverted U, not monotone. Moderately weak ties, not the weakest possible, maximize mobility, and the effect is industry-dependent—weak ties dominate in digital industries, strong ties in less digital ones. The headline revision is that “the strength of weak ties” is nonlinear and context-contingent, not a universal law.

Table 27.2 contrasts the three studies, which agree that tie structure matters but disagree on the direction once the outcome and mechanism change.




Table 27.2: How tie strength enters WOM and diffusion across three studies. The apparent disagreements reflect different outcomes (sharing, persuasion, mobility) and identification strategies (observational dyadic models versus randomized tie formation).











	Study
	Setting / identification
	Tie variable
	Effect on outcome





	Peng et al. (2018)
	Twitter, Digg; dyadic hazard
	Network overlap
	Overlap raises sharing; popularity lowers it



	J. K. Lee and Kronrod (2020)
	Experiments
	Tie strength × consensus language
	Weak ties more persuasive with consensus cues



	Rajkumar et al. (2022)
	LinkedIn field experiments (causal)
	Tie strength
	Inverted-U; moderately weak ties maximize job mobility













27.7 Accessibility and the Mere-Exposure Channel

A driver that operates orthogonally to emotion is accessibility: content and brands that are easier to retrieve from memory are talked about more, however mundane they are. The theoretical basis is spreading activation in semantic memory: priming activates related constructs, and a primed brand becomes more likely to enter the consideration set (J. Berger and Fitzsimons 2008). J. Berger and Fitzsimons (2008) show that more frequent exposure to perceptually or conceptually related cues raises product accessibility and, through it, evaluation and choice—conceptual priming with real consumer consequences. Accessibility is why publicly visible and heavily advertised products sustain ongoing WOM (Onishi and Manchanda 2012), and why familiar content is selected more often for retransmission (H. S. Kim 2015). It also supplies an alternative, non-emotional reason content travels, which any well-specified sharing model must include as a control lest the emotion coefficients absorb a pure-accessibility effect.



27.8 Moderators: Audience and Channel

Which WOM function dominates—and therefore which content travels—depends on two moderators introduced above and worth consolidating. The audience is characterized by tie strength, audience size, and the status of the tie; the channel by whether communication is written or oral, whether the communicator is identifiable, and whether the audience is salient during composition. The recurring result is that asynchronous, identifiable, audience-salient channels amplify self-presentational motives and so favor interesting, status-relevant content, whereas synchronous channels favor accessible, mundane content that fills conversational time. Demographics moderate too: the 18–24 cohort responds less to viral content because saturation raises their activation threshold, making their emotions harder to move (Libert 2014). And conversation has its own dynamics—a wide gap between two opposing opinions stimulates future discussion, whereas fluctuation around a single opinion does not, with informational content strengthening the opposition-to-discussion link (Nagle and Riedl 2014).



27.9 Cultural and Dispositional Antecedents

Sharing is not culturally invariant. Two constructs from the cross-cultural WOM literature illustrate how disposition shapes transmission.

Locus of control—the generalized expectancy about whether one’s outcomes are internally or externally caused (Lam and Mizerski 2005)—predicts whom people talk to. Internals (who believe they control their lives) tend to be more educated (Lachman and Leff 1989), higher-income (Hoffman, Novak, and Schlosser 2003), and more senior and male (P. B. Smith, Dugan, and Trompenaars 1997), and they engage in WOM with out-groups; externals, oriented toward affiliation and avoidance, engage more with in-groups (Lam and Mizerski 2005).

Horizontal/vertical individualism–collectivism shapes what communicative role people adopt. Singelis et al. (1995) cross individualism–collectivism with a horizontal (equality-emphasizing) versus vertical (hierarchy-emphasizing) dimension, yielding four cultural patterns. Applied to WOM, Y. Choi and Kim (2019) find that vertical orientations—where standing is signaled by display—channel into both opinion leadership and opinion seeking, while horizontal orientations feed opinion leadership through a norm of being socially appropriate. The broader regularity is that collectivist cultures do more opinion seeking and individualist cultures more information giving (J. Fong and Burton 2008).



27.10 Linguistic Style

Because e-WOM is text, how something is said is measurable and consequential, and a sizable literature maps linguistic features onto WOM outcomes. The features that have been shown to matter include the abstraction level of language (Schellekens, Verlegh, and Smidts 2010), the explanatory framing a storyteller uses—which feeds back to shape the storyteller’s own attitudes (Moore 2012)—figurative language (Kronrod and Danziger 2010), markers of modesty versus boastfulness (Packard, Gershoff, and Wooten 2016), “dispreferred” markers that soften disagreement (R. Hamilton, Vohs, and McGill 2014), the personal pronouns a communicator selects (Packard and Wooten 2013), and linguistic mimicry between parties (Moore and McFerran 2017). The practical upshot is that the style of a message is a manipulable lever distinct from its content, and—because style is extractable from text at scale—an empirically tractable one.



27.11 Negative Virality and Firestorms

Virality is not always the firm’s friend. Negative e-WOM can compound into a firestorm—a sudden, large-scale wave of hostile messages. Herhausen et al. (2019) supply a framework for the drivers of negative e-WOM and the firm responses that mitigate it, identifying the level of arousal, structural tie strength, and linguistic-style match as the factors that fuel a firestorm. Their central prescription follows directly from the arousal account of Equation 27.2: the firm’s response should match the intensity of arousal in the negative e-WOM—neither under- nor over-reacting—because mismatched responses either dismiss aggrieved high-arousal customers or inflame low-arousal ones. Negative virality thus obeys the same arousal mechanics as positive virality, with the valence of the firm’s exposure reversed.



27.12 Contractuality: Engineering Authentic WOM

Firms that try to manufacture WOM through incentives confront a credibility trade-off captured by contractuality, defined by Lisjak, Bonezzi, and Rucker (2021) as “the extent to which a perk is perceived to be conditional on specific behaviors and contingencies dictated by a company.” Consumers prefer perks with less salient contractuality, and a prior negative relationship with the firm leads them to read a high- contractuality perk as a manipulative quid pro quo with ulterior motives. Low-contractuality perks foster authentic WOM but trade off against effectiveness and efficiency—the firm gives up the control that an explicit share-for-reward contract would provide. The construct formalizes the intuition that the most valuable WOM is the kind the firm can least directly buy.



27.13 Empirical Regularities and Open Problems

A handful of well-replicated facts and one persistent confound deserve listing as the chapter’s empirical bottom line. WOM dispersion predicts higher future ratings, but its impact declines over the product life cycle, so it should be measured early (Godes and Mayzlin 2009)—WOM is both a precursor and a consequence of behavior, which complicates causal reading. Contagion is detectable even in consumer packaged goods (Du and Kamakura 2011), a category once thought too low-involvement for social transmission. Authorship matters: articles by business academics, psychologists, and economists are shared more than those by physicists and biochemists, and—net of content—men rate scientific summaries as more comprehensible, interesting, and useful and share them more (Milkman and Berger 2014). And identifying influential users in a network is itself a modeling problem with no off-the-shelf solution (Trusov, Bodapati, and Bucklin 2010).

The persistent confound is structural virality itself. Many sharing experiments—including the influential arousal studies—ask respondents how likely they would be to share, an intention that (i) carries little social risk in the lab, inflating the estimate, and (ii) abstracts away the network through which real diffusion runs. Two pieces of content with identical per-person share probability v(c)v(c) can diffuse to radically different sizes depending on where they seed and how the branching process resolves (Equation 27.4, 9). The frontier of the field is precisely the integration we have kept separate for expository clarity: joining the content model of v(c)v(c) to the structural model of how v(c)v(c) propagates, so that designable content features and irreducible network stochasticity are estimated in one frame rather than two.



27.14 Key Takeaways


	Word of mouth is goal-directed. The five functions—impression management, emotion regulation, information acquisition, social bonding, persuasion—predict what content travels, not merely that sharing happens (J. Berger 2014b).

	Arousal, not valence, drives sharing. High-activation states in both valences raise transmission; incidental-arousal manipulations identify the effect by moving arousal without moving content (J. Berger and Schwartz 2011; J. Berger and Milkman 2012).

	Viral ≠\neq popular. Broadcasts and cascades both reach many people; only cascades are structurally viral, and genuine cascades are extreme-tail rare (Goel, Watts, and Goldstein 2012; Goel et al. 2015).

	Predictability is capped. Cascade success decomposes into skill and luck, and the irreducible luck component imposes a theoretical R2R^2 ceiling

	(Goel et al. 2015).




	An S-curve is not contagion. Heterogeneity and marketing effort generate the same shape; survivorship bias compounds the inference problem (Chatterjee and Eliashberg 1990; Bulte and Lilien 2001).

	Seeding pays through reach, not per-tie influence, and tie-strength effects are nonlinear and context-dependent (Hinz et al. 2011; Rajkumar et al. 2022).











28 Metrics

Marketing research lives and dies by measurement. A construct that cannot be operationalized into a reproducible number cannot enter a regression, cannot be priced by equity markets, and cannot be defended to a sceptical reviewer or a sceptical chief financial officer. This chapter is a working catalogue of the metrics that quantitative marketing scholars actually compute—the financial indicators that connect marketing actions to firm value, the firm-level controls drawn from accounting data, and the increasingly text- and image-based marketing constructs that machine learning has made measurable at scale. It is also a methods chapter: for the harder constructs—marketing capability above all—we give the estimator, the identifying assumptions, and runnable code that reconstructs the measure from raw Compustat and patent data.

The organizing distinction is between outcomes and inputs to outcomes. A metric such as return on marketing investment is an outcome the firm wants to maximize; metrics such as firm size, leverage, and profitability are covariates that confound or moderate the marketing–performance relationship and must be controlled. A third class—capability metrics—are neither directly observed nor simple ratios of accounting items; they are latent efficiencies recovered by econometric frontier estimation, and they demand the most care. We treat the three classes in turn, leading each with the intuition for what the number is supposed to capture and following immediately with its formal definition, its data source, and the assumptions under which it is identified.

Throughout, the practical substrate is the Wharton Research Data Services (WRDS) ecosystem: the Center for Research in Security Prices (CRSP) for market data, Compustat for accounting fundamentals, Thomson Financial 13F filings for institutional ownership, and the WRDS U.S. patents database for innovation output. The reader who works through the code will end with a firm-year panel on which any of the marketing–finance models in Chapter 23 can be estimated.


28.1 Financial Metrics

Financial metrics translate a marketing intervention into the language that capital markets and corporate boards speak. They fall into three families: return measures that scale profit by the capital deployed to earn it, value-creation measures that ask whether the firm earned more than its cost of capital, and covariate measures that characterize the firm’s size, risk, and profitability for use as controls.


28.1.1 Return on Investment and Return on Marketing Investment

The most elementary return metric scales net profit by the capital that produced it. Return on investment (ROI) is

ROI=Net ProfitInvestment,(28.1)
\text{ROI} = \frac{\text{Net Profit}}{\text{Investment}},
 \qquad(28.1)

a unitless ratio interpretable as the profit earned per dollar committed. ROI is attractive precisely because it is dimensionless and therefore comparable across projects of different scale, but that virtue is also its central weakness: it discards the magnitude of the investment, so a tiny project with a spectacular percentage return can dominate a large project that creates far more absolute value. ROI is a ranking device, not a value-maximization objective.

For marketing specifically, the analogue isolates the incremental effect of the marketing dollar. Return on marketing investment (ROMI), sometimes written ROIM, is

ROMI=IRAM−CMMS,(28.2)
\text{ROMI} = \frac{\text{IRAM} - \text{CM}}{\text{MS}},
 \qquad(28.2)

where IRAM is the incremental revenue attributable to marketing, CM is the contribution cost of the marketing investment, and MS is marketing spending. A positive ROMI signals that the marketing program returned more than it cost on the margin. The deceptively simple numerator hides the entire identification problem of the field: incremental revenue is a counterfactual quantity—the revenue that would not have occurred absent the marketing—and recovering it requires either an experiment or a credible model of the no-marketing baseline. Naively crediting marketing with all post-campaign revenue (the endogeneity of spend with demand) inflates ROMI without bound, which is why the construct is better understood as a target for causal estimation than as an accounting ratio.








Note




ROI and ROMI are summary statistics of a causal effect, not the effect itself. Their managerial appeal—a single comparable percentage—is exactly what makes them easy to game by manipulating the denominator (under-counting the true cost base) or by attributing organic demand to the campaign. Report them alongside the identification strategy that produced the incremental numerator.









28.1.2 Economic Value Added

ROI compares profit to capital but is silent on whether that profit cleared the cost of capital. Economic value added (EVA), also called economic profit, fills that gap. It measures the residual wealth a firm generates after deducting a charge for all the capital it employs, equity as well as debt, on an after-tax basis:

EVA=NOPAT−(Invested Capital×WACC).(28.3)
\text{EVA} = \text{NOPAT} - (\text{Invested Capital} \times \text{WACC}).
 \qquad(28.3)

Here net operating profit after taxes (NOPAT) equals operating profit times one minus the tax rate; invested capital is the sum of debt, capital leases, and shareholders’ equity (equivalently, equity plus long-term debt measured at the start of the period); and WACC is the weighted average cost of capital, the blended return the firm must pay its providers of capital. The product WACC×Invested Capital\text{WACC} \times \text{Invested Capital} is the finance charge: the opportunity cost of the funds tied up in the business. EVA is positive only when operating performance exceeds that charge, which is the precise sense in which positive EVA means the firm created value rather than merely earned a profit.

The cost of capital itself is a weighted average over the firm’s capital structure,

WACC=KeEE+D+Kd(1−t)DE+D,(28.4)
\text{WACC} = \frac{K_e \, E}{E + D} + \frac{K_d \,(1 - t)\, D}{E + D},
 \qquad(28.4)

where EE and DD are the market values of equity and debt, KeK_e is the required return on equity, Kd(1−t)K_d(1-t) is the after-tax return on debt, and tt is the marginal tax rate. The after-tax adjustment on debt reflects the tax deductibility of interest.

Because invested capital can equivalently be written as total assets net of current liabilities, a common balance-sheet implementation of Equation 28.3 is

EVA=NOPAT−(total assets−current liabilities)×WACC.(28.5)
\text{EVA} = \text{NOPAT} - (\text{total assets} - \text{current liabilities}) \times \text{WACC}.
 \qquad(28.5)

EVA rests heavily on the book value of invested capital, which makes it most informative for asset-rich firms whose balance sheets capture the bulk of the resources they deploy. For firms whose value resides in intangibles—software, brands, data, organizational capital—book invested capital understates the true capital base, and EVA correspondingly overstates value creation. The intangibles problem is not a minor caveat; it is the reason marketing scholars increasingly favor market-based metrics over EVA for technology and consumer-brand firms.



28.1.3 Market Value Added

Where EVA is a flow concept measured each period, market value added (MVA) is the corresponding stock: the cumulative wealth the firm has created for its capital providers since inception. It is the gap between what the market says the firm’s claims are worth and what investors originally contributed:

MVA=market value of shares (or enterprise value)−book value of shareholders’ equity.(28.6)
\text{MVA} = \text{market value of shares (or enterprise value)} - \text{book value of shareholders' equity}.
 \qquad(28.6)

A firm with persistently positive EVA accumulates positive MVA; under the residual- income identity, MVA equals the present value of all expected future EVA. MVA thus sidesteps the period-by-period WACC estimation that EVA requires, at the cost of inheriting all the noise of market expectations: it tells you what the market believes the firm has created, not what it has demonstrably created.



28.1.4 Firm-Level Covariates from Accounting Data

Most marketing–finance studies are observational, so the credibility of any estimated marketing effect rests on controlling for the firm characteristics that jointly drive marketing decisions and financial outcomes. The literature has converged on a standard battery of accounting-based controls, each with a canonical operationalization. We collect them here with their definitions, their empirical pedigree, and the source items in Compustat.

Profitability is conventionally measured as operating income before depreciation scaled by total assets, a return-on-assets variant that strips out the financing and depreciation choices that contaminate net income (R. Grewal et al. 2008; McAlister et al. 2016):

profitability=operating income before depreciationtotal assets.(28.7)
\text{profitability} = \frac{\text{operating income before depreciation}}{\text{total assets}}.
 \qquad(28.7)

Firm size enters as the natural logarithm of total assets, the log transformation taming the extreme right skew of the firm-size distribution and rendering coefficients interpretable as elasticities (R. Grewal, Chandrashekaran, and Citrin 2010; McAlister et al. 2016; Nezami, Worm, and Palmatier 2018):

firm size=log(total assets).(28.8)
\text{firm size} = \log(\text{total assets}).
 \qquad(28.8)

Sales growth, the percentage change in gross sales, proxies for the firm’s demand-side momentum and growth opportunities (R. Grewal, Chandrashekaran, and Citrin 2010; Nezami, Worm, and Palmatier 2018; V. R. Rao, Agarwal, and Dahlhoff 2004). Cash flow, measured as the log of operating cash flow in millions, captures internal financing capacity and is a standard control in studies linking marketing to firm risk (Chakravarty and Grewal 2011; Malshe and Agarwal 2015).

Financial leverage scales long-term debt by the book value of assets, indexing the firm’s reliance on debt financing and its exposure to financial distress (Kashmiri and Mahajan 2017; Chakravarty and Grewal 2011):

financial leverage=long-term debtbook value of assets.(28.9)
\text{financial leverage} = \frac{\text{long-term debt}}{\text{book value of assets}}.
 \qquad(28.9)

Abnormal stock return is frequently dichotomized: a dummy equal to one when a firm’s stock return exceeds its industry-averaged return marks out-performers in a way robust to the heavy tails of raw returns (Markovitch, Steckel, and Yeung 2005; Chakravarty and Grewal 2011, 2016).

Beyond these workhorses, specialized studies build bespoke financial constructs. Unexpected size-adjusted advertising investment—the residual from a model of expected advertising given firm size—isolates the surprise component of marketing spend that markets have not already priced (Chakravarty and Grewal 2016; MinChung Kim and McAlister 2011; Yan Liu, Shankar, and Yun 2017). Shareholder complaints, drawn from the RiskMetrics governance database, proxy for investor dissatisfaction and governance friction (Wies et al. 2019).



28.1.5 Book Equity

Book equity (BE) is a deceptively intricate construct because the “right” measure depends on data availability, and the field’s conventions trace to the Fama–French data library. The canonical definition is worth quoting in full:


“BE is the book value of stockholders’ equity, plus balance sheet deferred taxes and investment tax credit (if available), minus the book value of preferred stock. Depending on availability, we use the redemption, liquidation, or par value (in that order) to estimate the book value of preferred stock. Stockholders’ equity is the value reported by Moody’s or Compustat, if it is available. If not, we measure stockholders’ equity as the book value of common equity plus the par value of preferred stock, or the book value of assets minus total liabilities (in that order).” (J. L. Davis, Fama, and French 2000)



The hierarchy of fallbacks is the point: preferred stock is valued by redemption, then liquidation, then par; stockholders’ equity is taken from the cleanest available source and reconstructed only when necessary. The Compustat implementation coalesces the preferred-stock items in order of preference and adds deferred taxes:


library(tidyverse)
# Preferred-stock book value: redemption (pstkrv), then liquidation (pstkl),
# then par (pstk); add deferred taxes and investment tax credit (txdtc).
book_equity <- seq - coalesce(pstkrv, pstkl, pstk, 0) + coalesce(txdtc, 0)






28.1.6 Net Contribution

The bridge from marketing spend to profit is the net contribution function, which underlies the advertising-budgeting and response-modeling literature. Net contribution is gross margin times sales revenue, less the cost of the marketing that produced those sales:

NC=m×S(a)−ka,(28.10)
\text{NC} = m \times S(a) - k a,
 \qquad(28.10)

where mm is gross margin, S(a)S(a) is the sales-response function mapping marketing effort aa to sales, and kk is the unit cost of effort. The first-order condition $m \, S'(a^\*) = k$ characterizes the optimal effort $a^\*$: spend until the marginal gross profit from an additional unit of effort equals its marginal cost. The shape of S(⋅)S(\cdot)—concave, S-shaped, or saturating—governs whether an interior optimum exists, which is the recurring substantive question of the advertising-response literature.



28.1.7 A Reference Map of Compustat Items

The metrics above all reduce to combinations of a relatively small set of WRDS data items. Because reproducing any one of them requires knowing the exact item mnemonic and its source file, Table 28.1 assembles the core mapping. All items without a CRSP annotation come from Compustat Fundamentals Annual; the mnemonics follow the WRDS data-items reference.1





Table 28.1: Core firm-level metrics and their Compustat/CRSP data items.











	Metric
	Data item
	Source file





	Book value of equity
	PRCC_C x CSHO
	CRSP/Compustat Merged



	Capital intensity
	CAPX / AT
	Cash flow; balance sheet



	Cash flow
	(IBC + DP) / AT
	Cash flow; income statement



	Cash holdings
	CHE / AT
	Balance sheet



	Cost of capital (proxy)
	XINT / DLC
	Income statement; balance sheet



	Earnings per share
	NI / CSHO
	Income statement; misc.



	Firm size
	log(AT)
	Balance sheet



	Leverage
	(DLTT + DLC) / SEQ
	Balance sheet



	Market-to-book ratio
	MKVALT / BKVLPS
	Supplemental; balance sheet



	Market value
	MKVALT or CSHO x PRCC_F
	Supplemental; misc.



	Payout ratio
	(DVP + DVC + PRSTKC) / IB
	Income statement; cash flow



	R&D intensity
	XRD / AT
	Income statement; balance sheet



	Return on assets (ROA)
	NI / AT
	Income statement; balance sheet



	Return on equity (ROE)
	NI / (CSHO x PRCC_F)
	Income statement; supplemental



	Return on investment (ROI)
	NI / ICAPT
	Income statement; balance sheet



	Tangibility
	PPENT / AT
	Balance sheet



	Tobin’s Q
	(AT + CSHO x PRCC_F - CEQ) / AT
	Balance sheet; supplemental



	Total equity
	PSTKC + CSHO
	Balance sheet; misc.














A second, finance-oriented battery—used in studies of corporate investment, financing, and payout policy—follows the conventions catalogued by Kahle and Stulz (2017). Table 28.2 reproduces the construction rules, which differ from Table 28.1 chiefly in their use of lagged assets in denominators (to avoid mechanical contemporaneous correlation) and in the explicit treatment of missing R&D as zero.





Table 28.2: Valuation, investment, financing, and payout metrics following Kahle and Stulz (2017).











	Category
	Metric
	Construction





	Valuation
	Tobin’s Q
	(AT + CSHO x PRCC_F - CEQ) / AT



	Valuation
	Market cap
	prc x shrout (CRSP)



	Valuation
	Revenue Herfindahl
	revt_i^2 / sum(revt) within 3-digit NAICS x year



	Investment
	CapEx / assets
	capx / lag(at)



	Investment
	R&D / assets
	xrd / lag(at); missing R&D set to 0



	Investment
	Fixed assets / assets
	ppent / at



	Investment
	Cash / assets
	che / at



	Profitability
	Operating cash flow / assets
	(oibdp - xint - txt) / lag(at)



	Profitability
	ROA
	ib / at



	Financing
	Book leverage
	(dltt + dlc) / at



	Financing
	Market leverage
	(dltt + dlc) / (at - ceq + che x prcc_f)



	Financing
	Net leverage
	(dltt + dlc - che) / at



	Financing
	Net equity issuance
	(sstk - prstkc) / lag(at)



	Ownership
	Institutional ownership
	% shares held by institutions (13F)



	Ownership
	Blockholder
	institution holding >= 10% of shares (13F)



	Payout
	Dividends / assets
	dvc / lag(at)



	Payout
	Repurchase / assets
	(prstkc - pstk) / lag(at)



	Payout
	Total payout / assets
	(dvc + prstkc) / lag(at)














Institutional-ownership and blockholder variables come from Thomson Financial 13F filings; the macro denominator for the market-cap/GDP ratio is series GDPA from the U.S. Bureau of Economic Analysis.



28.1.8 Industry Concentration and Diversity

Several of the metrics above require an industry-concentration index, and the literature has settled on the Herfindahl form. For revenue shares sis_i within an industry, the Herfindahl–Hirschman index is ∑isi2\sum_i s_i^2; the revenue-Herfindahl in Table 28.2 computes this within each 3-digit NAICS industry and year. The same quantity, applied to sector market shares, is the Simpson diversity index familiar from ecology—the two are algebraically identical, both equal to the probability that two randomly drawn units belong to the same category. High Herfindahl (low Simpson diversity) signals a concentrated industry; the index thus does double duty as a competition control and as a measure of how diversified a firm’s or market’s activity is across sectors.




28.2 Marketing Metrics

The financial metrics above are computed from structured accounting data. The marketing constructs in this section are different in kind: trust, sentiment, willingness to pay, purchase intention, and brand reputation are psychological states that classically required surveys to measure but are now increasingly recovered from unstructured text and images by machine learning. The methodological frontier here is the use of pre-trained language and vision models to convert social-media content into validated marketing measures at a scale surveys cannot reach.


28.2.1 Trust

Trust is the willingness to rely on an exchange partner in whom one has confidence, and it has long been measured by multi-item attitudinal scales. The frontier substitutes behavioral and relational signals in social-media data for self-report: Roy et al. (2017) develop an algorithmic measure of brand trust from the structure and content of consumers’ social-media interactions, demonstrating that trust leaves a computational trace that can be extracted without surveying anyone.



28.2.2 Sentiment

Sentiment—the valence of expressed affect—is core to human communication and is the single most demanded text-analytic measure in marketing, applied to social media, news, customer feedback, and corporate communications. The central practical question is which method to use, because the menu ranges from simple lexicons that map words to polarity scores to transfer-learning language models that are far more accurate but far more demanding.

Hartmann et al. (2023a) resolve this question empirically with a meta-analysis spanning 272 datasets and roughly twelve million sentiment-labeled documents. Their headline finding is that transfer-learning models—pre-trained transformers fine-tuned on sentiment—deliver the best performance, outperforming lexicons by more than twenty percent in accuracy on average. The advantage is not uniform: it widens with the number of sentiment classes and is moderated by text length, and the leaderboard-topping benchmark model is not always the best choice for a given research setting. Crucially for reproducibility, the authors supply a pre-trained model (SiEBERT) and open-source scripts, lowering the barrier to applying state-of-the-art sentiment analysis. The practical lesson is that method choice should be made deliberately against the research question, the data, and the available computational resources—not by reflexively reaching for a lexicon because it is convenient.



28.2.3 Willingness to Pay

Willingness to pay (WTP)—the maximum price a consumer will accept for a good—is the demand-side primitive that underlies pricing and welfare analysis. Recovering it from naturally occurring text rather than from elicitation experiments is an active frontier; Sharlene He, Anderson, and Rucker (2023) represents recent work in this direction, extracting WTP signals from expressed consumer language.



28.2.4 Purchase Intention

Purchase intention—the self-reported likelihood of buying—is a leading indicator of behavior and a workhorse dependent variable. Hartmann et al. (2021a) show that it can be inferred from images, not just text, and in doing so overturn a common assumption about social-media metrics. Smartphones have made it trivial for consumers to share branded imagery, and the authors classify that imagery into three types using convolutional neural networks: packshots (the product alone), consumer selfies (a consumer’s face shown with the brand), and brand selfies (the product held from the consumer’s own visual perspective, with no consumer face visible). Applying language models to social-media responses across more than 250,000 brand-image posts from 185 brands on Twitter and Instagram, they find a revealing dissociation: consumer selfies generate more likes and comments, but brand selfies induce higher purchase intentions. Engagement metrics and purchase intent diverge.

The dissociation has managerial bite. In a display-advertising field test, brand selfies earned higher click-through rates than consumer selfies, and a laboratory experiment traced the mechanism to self-reference: the first-person perspective of the brand selfie invites the viewer to imagine holding the product themselves. The broader methodological point is that machine learning can decode marketing-relevant constructs from multimedia content, and that traditional engagement counts (likes, comments) may mislead about the constructs managers actually care about. The purchase-intention classifier is released as a fine-tuned RoBERTa model.2



28.2.5 Brand Reputation

Brand reputation—the aggregate esteem in which a brand is held—has migrated from survey trackers to real-time social listening. Roland T. Rust et al. (2021) measure brand reputation directly from Twitter data, demonstrating that a construct historically captured by periodic, expensive surveys can be estimated continuously from public conversation, with the attendant gains in timeliness and the attendant risks of platform-specific selection.




28.3 Marketing Capability

Capability is the most demanding metric in this chapter and the one that most rewards careful estimation, because it is not observed at all—it is a latent efficiency that must be inferred from the gap between what a firm achieves and what the best firms achieve with comparable inputs. The construct originates with Dutta, Narasimhan, and Rajiv (1999), who define a firm’s capability as “its ability to deploy the resources (inputs) available to it to achieve the desired objective(s) (output).” The higher a firm’s functional capability, the more efficiently it converts its inputs into the relevant functional output; equivalently, the lower its functional inefficiency, the higher its capability. This input–output framing is what makes stochastic frontier analysis the natural estimator.


28.3.1 The Substantive Argument

The motivating insight of Dutta, Narasimhan, and Rajiv (1999) is that in high-technology markets, raw technological prowess is not enough. A firm can possess formidable research and development (R&D) capability—generating a stream of high-quality innovations—yet fail commercially because it lacks the marketing capability to translate those innovations into products consumers value and buy. Marketing capability has its largest effect on quality-adjusted innovation output precisely for firms with a strong technological base: the firms that benefit most from great marketing capability are those that already have a strong R&D foundation, because only they have innovations worth commercializing. The interaction of marketing and R&D capabilities is therefore the single most important determinant of firm performance—high-technology firms must be able both to generate innovation continuously and to commercialize it.

This argument dictates the estimation strategy. Three capabilities are estimated jointly because they feed one another: marketing capability drives sales from a firm’s technological base, advertising stock, marketing stock, customer relationships, and installed base; R&D capability drives quality-adjusted technological output; and operations capability drives the cost of production. The functional relationships Dutta, Narasimhan, and Rajiv (1999) posit are, schematically,

Sales=f(technological base,advertising stock,marketing stock,customer relationships,installed base),
\text{Sales} = f(\text{technological base},\ \text{advertising stock},\ \text{marketing stock},\ \text{customer relationships},\ \text{installed base}),


Quality-adjusted output=f(technological base,cumulative R&D,marketing capability),
\text{Quality-adjusted output} = f(\text{technological base},\ \text{cumulative R\&D},\ \text{marketing capability}),


Cost of production=f(output,cost of capital,labor cost,technological base,marketing capability).
\text{Cost of production} = f(\text{output},\ \text{cost of capital},\ \text{labor cost},\ \text{technological base},\ \text{marketing capability}).


The appearance of marketing capability inside the R&D and operations equations is the formal expression of the substantive claim that the capabilities are interdependent, not separable.

Figure 28.1 makes the recursive structure explicit.
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Figure 28.1: The interdependent capability system of Dutta, Narasimhan, and Rajiv (1999). Stocks of marketing, advertising, and R&D investment feed three stochastic frontiers; estimated marketing efficiency enters the R&D and operations frontiers, capturing the interdependence of capabilities.










28.3.2 Stock Variables and the Koyck Transformation

Marketing and innovation investments do not affect sales only in the year they are incurred; their effect decays geometrically over time. The standard device for turning a flow of expenditure into a stock is the Koyck geometric-lag transformation (Koyck 1954). For an expenditure flow xtx_t and a retention rate λ∈(0,1)\lambda \in (0,1), the stock is

Stockt=∑j=0t−1λjxt−j,(28.11)
\text{Stock}_t = \sum_{j=0}^{t-1} \lambda^{j} \, x_{t-j},
 \qquad(28.11)

so that each past dollar contributes λj\lambda^j of its original force after jj years. The advertising-stock literature anchors λ\lambda empirically: weights of 0.4 (Peles 1971) and 0.5 (Zhan Wang and Kim 2017) are standard for advertising stock, and Dutta, Narasimhan, and Rajiv (2005) use a weight of 0.5 for marketing expenditure and 0.4 for R&D expenditure (their p. 281). The choice of λ\lambda is consequential—too high a retention rate over-credits ancient spending—and should be defended against the estimated carryover in the relevant category rather than imposed by habit.



28.3.3 Measuring R&D Output: Innovativeness and Width

A raw patent count is a poor measure of technological output because patents differ enormously in quality; Dutta, Narasimhan, and Rajiv (1999) deliberately avoid it in favor of two citation-based, quality-adjusted measures. The first, innovativeness, follows the citation-weighting tradition of Trajtenberg (1990c) and Trajtenberg (1990b): a patent that is cited often is more valuable, so patents are weighted by how far their citation count exceeds the industry norm. The second, width of applicability, follows Jaffe, Trajtenberg, and Henderson (1993): a patent cited by firms in other industries has broader applicability, so patents are weighted by the share of their citations that come from outside the focal industry.

Concretely, the innovativeness-adjusted output is built in three steps. First, compute the average number of citations received by all sample patents within an industry—defined at one-, two-, three-, and four-digit SIC granularity—where the original study used a single mean across all firms and years. Second, weight each firm’s patent by its citation count divided by that industry-sample average. Third, sum the citation-weighted patents within a firm-year. The width-adjusted output parallels this: for each patent compute the proportion of its citations originating outside the focal SIC code; weight the patent by that proportion divided by the industry-average proportion; and sum the weighted patents within a firm-year.



28.3.4 The Stochastic Frontier Estimator

The three capabilities are recovered by stochastic frontier analysis (SFA), which is the right tool precisely because capability is defined as efficiency relative to a best-practice frontier. For firm ii in year tt with output yity_{it} and inputs 𝐱it\mathbf{x}_{it}, the production frontier is

logyit=𝐱it′𝛃+vit−uit,(28.12)
\log y_{it} = \mathbf{x}_{it}' \boldsymbol{\beta} + v_{it} - u_{it},
 \qquad(28.12)

where the composed error decomposes into a symmetric noise term vit∼𝒩(0,σv2)v_{it} \sim \mathcal{N}(0, \sigma_v^2) and a one-sided inefficiency term uit≥0u_{it} \ge 0. The frontier 𝐱it′𝛃+vit\mathbf{x}_{it}'\boldsymbol{\beta} + v_{it} is the maximum attainable output; the firm falls short of it by uitu_{it}. Capability is then the technical efficiency

TEit=exp(−uit)∈(0,1],(28.13)
\text{TE}_{it} = \exp(-u_{it}) \in (0, 1],
 \qquad(28.13)

recovered as the conditional expectation 𝔼[exp(−uit)∣vit−uit]\mathbb{E}[\exp(-u_{it}) \mid v_{it} -
u_{it}] following Jondrow and others. For a production frontier, inefficiency decreases output, so the sign on uitu_{it} is negative (ineffDecrease = TRUE in the code below); for a cost frontier—used for the operations capability, where the output is the cost of goods sold to be minimized—inefficiency increases cost and the sign reverses (ineffDecrease = FALSE).

The identifying assumptions are exactly those that make SFA both powerful and fragile. First, the inefficiency term must be one-sided and distributionally specified (half-normal, truncated-normal, or exponential); the efficiency estimates are not robust to gross misspecification of this distribution. Second, the inputs 𝐱it\mathbf{x}_{it} must be exogenous to uitu_{it}—if firms with high latent capability systematically invest more, the frontier is biased and the recovered efficiencies absorb the endogeneity. Third, the log specification requires strictly positive inputs and outputs, which is why the data pipeline below replaces zeros and missing stocks with small positive constants. None of these assumptions is innocuous, and the interpretation of the recovered efficiencies as “capability” is only as good as the frontier is correctly specified.



28.3.5 Data Construction

We now build the firm-year panel from WRDS. The pipeline connects to the WRDS PostgreSQL server, pulls Total Q (a refined Tobin’s Q), the Compustat fundamentals needed for the input stocks, and the patent data needed for the R&D-output measures, and assembles them into a single panel. The replication is constrained by the WRDS U.S. patents coverage (2011–2019 for the citation files), so the post-2010 window is used for estimation; the original 1985–1994 study period would require building a name-matching algorithm against raw USPTO bulk data.


library(RPostgres)
library(tidyverse)

# WRDS connection. Supply your own credentials via environment variables;
# never hard-code passwords into a reproducible script.
wrds <- dbConnect(
  Postgres(),
  host = "wrds-pgdata.wharton.upenn.edu",
  port = 9737,
  dbname = "wrds",
  sslmode = "require",
  user = Sys.getenv("wrds_user"),
  pass = Sys.getenv("wrds_pass")
)




Total Q provides the valuation outcome used in some replications below.


res <- dbSendQuery(wrds, "SELECT DISTINCT gvkey, fyear, q_tot
                          FROM totalq_all.total_q
                          WHERE fyear >= 2000 AND
                                gvkey IS NOT NULL AND
                                q_tot IS NOT NULL")
totalq <- dbFetch(res, n = -1)
dbClearResult(res)
totalq |> write_rds(file.path("data", "totalq.rds"))





library(tidyverse)
totalq <- read_rds(file.path("data", "totalq.rds")) |>
  rename(year = fyear)




The fundamentals pull retrieves the income-statement and balance-sheet items needed to build the input stocks, joins industry classifications, and interpolates missing firm-years. Spline interpolation is used in preference to linear interpolation because the underlying series (advertising, R&D, sales) are smooth and trending; linear fill would introduce kinks that the frontier would misread as inefficiency.


res <- dbSendQuery(
  wrds,
  "SELECT DISTINCT gvkey, fyear, conm, curcd, cogs, rect, revt, sale,
                   xad, xrd, xsga, ppegt, emp, act, xopr, xint, dlc,
                   xlr, uxintd, invfg
   FROM comp_na_daily_all.funda
   WHERE fyear >= 2000 AND gvkey IS NOT NULL AND
         sale IS NOT NULL AND sale > 0 AND revt IS NOT NULL"
)
capability <- dbFetch(res, n = -1)
dbClearResult(res)

# Industry classifications.
res <- dbSendQuery(wrds,
  "SELECT gvkey, gind, gsubind, naics, sic
   FROM comp_na_daily_all.names")
ind <- dbFetch(res, n = -1)
dbClearResult(res)

capability <- capability |>
  left_join(ind, by = join_by(gvkey)) |>
  rename(year = fyear) |>
  unique() |>
  arrange(gvkey, year) |>
  group_by(gvkey, year) |>
  slice(1) |>           # one record per firm-year
  ungroup()

# Spline interpolation across the non-missing span of each series.
spline_interpolate <- function(x) {
  nz <- which(!is.na(x))
  if (length(nz) == 0) return(x)
  first_non_na <- nz[1]
  last_non_na  <- nz[length(nz)]
  x[first_non_na:last_non_na] <-
    zoo::na.spline(x[first_non_na:last_non_na], na.rm = TRUE)
  x
}
library(zoo)

capability <- capability |>
  group_by(gvkey) |>
  arrange(year, .by_group = TRUE) |>
  fill(conm, curcd, gind, gsubind, naics, sic, .direction = "downup") |>
  ungroup() |>
  group_by(gvkey) |>
  complete(year = min(year):max(year)) |>     # fill gaps within firm
  arrange(year, .by_group = TRUE) |>
  fill(conm, curcd, gind, gsubind, naics, sic, .direction = "downup") |>
  mutate(across(
    c(xrd, xsga, xad, emp, ppegt, xint, act, invfg, xlr,
      cogs, rect, revt, sale, xopr, dlc),
    spline_interpolate
  )) |>
  ungroup() |>
  arrange(gvkey, year)

capability |> write_rds(file.path("data", "capability", "capability.rds"))





capability <- read_rds(file.path("data", "capability", "capability.rds"))




The patent–firm linkage assigns patents to gvkeys, keeping for each patent the match with the highest WRDS confidence score and breaking ties deterministically. Annual patent counts per firm follow.


res <- dbSendQuery(wrds,
  "SELECT gvkey, link_bdate, patnum, wrds_score
   FROM wrdsapps_patents.uspatents_gvkey_linking
   WHERE gvkey IS NOT NULL")
wrdsapps_patents_link <- dbFetch(res, n = -1) |>
  group_by(patnum) |> slice_max(order_by = wrds_score, n = 1) |> ungroup() |>
  group_by(patnum) |> slice(1) |> ungroup()
dbClearResult(res)

res <- dbSendQuery(wrds,
  "SELECT DISTINCT patnum, grantdate, cited_patnum, cited_pat_gdate, cite_type
   FROM wrdsapps_patents.uspatents_citations")
wrdsapps_patents_citations <- dbFetch(res, n = -1)
dbClearResult(res)

patent_output <- wrdsapps_patents_link |>
  mutate(year = year(link_bdate)) |>
  group_by(gvkey, year) |>
  summarise(pat_count = n(), .groups = "drop") |>
  complete(gvkey, year = range(year)) |>
  mutate(across(-c(gvkey, year), ~ replace_na(., 0)))

patent_output |> write_rds(file.path("data", "capability", "patent_output.rds"))





patent_output <- read_rds(file.path("data", "capability", "patent_output.rds"))





28.3.5.1 Innovativeness-adjusted output

Implementing the three-step innovativeness measure requires the industry citation averages at each SIC granularity. The following computes citations per patent per year, the industry averages at one- through four-digit SIC, the per-patent weights, and finally the firm-year sums.


# Citations received per patent per year, with firm and industry attached.
df_cite_patent_year <- wrdsapps_patents_citations |>
  group_by(year = year(grantdate), patnum = cited_patnum) |>
  summarise(cite_count = n(), .groups = "drop") |>
  inner_join(wrdsapps_patents_link, by = join_by(patnum)) |>
  filter(year(link_bdate) <= year) |>     # patent predates the citing year
  inner_join(ind |> select(gvkey, sic) |> na.omit() |> unique(),
             by = "gvkey") |>
  select(-c(link_bdate, wrds_score)) |>
  unique()

# Industry-year average citations at each SIC granularity.
ind_avg_patent_sic <- df_cite_patent_year |>
  group_by(year, sic) |>
  summarize(ind_avg_year_patent_sic = mean(cite_count, na.rm = TRUE),
            .groups = "drop")
ind_avg_patent_sic3 <- df_cite_patent_year |>
  mutate(sic3 = substr(sic, 1, 3)) |>
  group_by(year, sic3) |>
  summarize(ind_avg_year_patent_sic3 = mean(cite_count, na.rm = TRUE),
            .groups = "drop")
ind_avg_patent_sic2 <- df_cite_patent_year |>
  mutate(sic2 = substr(sic, 1, 2)) |>
  group_by(year, sic2) |>
  summarize(ind_avg_year_patent_sic2 = mean(cite_count, na.rm = TRUE),
            .groups = "drop")
ind_avg_patent_sic1 <- df_cite_patent_year |>
  mutate(sic1 = substr(sic, 1, 1)) |>
  group_by(year, sic1) |>
  summarize(ind_avg_year_patent_sic1 = mean(cite_count, na.rm = TRUE),
            .groups = "drop")

# Per-patent weights = citations / industry average; sum within firm-year.
tech_innv <- df_cite_patent_year |>
  mutate(sic1 = substr(sic, 1, 1),
         sic2 = substr(sic, 1, 2),
         sic3 = substr(sic, 1, 3)) |>
  inner_join(ind_avg_patent_sic,  by = join_by(year, sic)) |>
  inner_join(ind_avg_patent_sic3, by = join_by(year, sic3)) |>
  inner_join(ind_avg_patent_sic2, by = join_by(year, sic2)) |>
  inner_join(ind_avg_patent_sic1, by = join_by(year, sic1)) |>
  mutate(
    weight_year_patent_sic  = cite_count / ind_avg_year_patent_sic,
    weight_year_patent_sic3 = cite_count / ind_avg_year_patent_sic3,
    weight_year_patent_sic2 = cite_count / ind_avg_year_patent_sic2,
    weight_year_patent_sic1 = cite_count / ind_avg_year_patent_sic1
  ) |>
  group_by(gvkey, year) |>
  summarise(
    tech_inv_patent      = sum(weight_year_patent_sic,  na.rm = TRUE),
    tech_inv_patent_sic3 = sum(weight_year_patent_sic3, na.rm = TRUE),
    tech_inv_patent_sic2 = sum(weight_year_patent_sic2, na.rm = TRUE),
    tech_inv_patent_sic1 = sum(weight_year_patent_sic1, na.rm = TRUE),
    .groups = "drop"
  )

tech_innv |> write_rds(file.path("data", "capability", "tech_innv.rds"))





tech_innv <- read_rds(file.path("data", "capability", "tech_innv.rds"))
# Firms with no patents in a year get a small positive value so that
# the log frontier is defined.
tech_innv <- tech_innv |>
  complete(gvkey, year = min(tech_innv$year):max(tech_innv$year)) |>
  mutate(across(-c(gvkey, year), ~ replace_na(., 0.1)))






28.3.5.2 Width-of-applicability output

The width measure counts, for each patent, the share of its citations that come from firms in a different SIC code, then weights by that share relative to the industry-average share.


tech_width_all <- wrdsapps_patents_citations |>
  inner_join(
    wrdsapps_patents_link |> select(-wrds_score) |> rename(gvkey_cite = gvkey),
    by = join_by(patnum)) |>
  select(-link_bdate) |>
  inner_join(
    wrdsapps_patents_link |> select(-wrds_score) |> rename(gvkey_cited = gvkey),
    by = join_by(cited_patnum == patnum)) |>
  filter(year(cited_pat_gdate) >= year(link_bdate)) |>
  select(-link_bdate) |>
  inner_join(ind |> select(gvkey, sic) |> rename(sic_cite = sic),
             by = join_by(gvkey_cite == gvkey)) |>
  inner_join(ind |> select(gvkey, sic) |> rename(sic_cited = sic),
             by = join_by(gvkey_cited == gvkey)) |>
  mutate(outside = if_else(sic_cite == sic_cited, 0, 1)) |>
  unique()

df_cite_patent_year_outside <- tech_width_all |>
  filter(outside == 1) |>
  group_by(patnum = cited_patnum, year = year(grantdate),
           gvkey = gvkey_cited, sic = sic_cited) |>
  summarise(outside_cite_count = n(), .groups = "drop") |>
  unique()

tech_width <- df_cite_patent_year_outside |>
  inner_join(df_cite_patent_year, by = join_by(patnum, year, gvkey, sic)) |>
  unique() |>
  mutate(prop = outside_cite_count / cite_count) |>
  mutate(mean_prop = mean(prop)) |>
  mutate(weight = prop / mean_prop, weighted_patent = weight * cite_count) |>
  group_by(gvkey, year) |>
  summarize(tech_width = sum(weighted_patent), .groups = "drop")

tech_width |> write_rds(file.path("data", "capability", "tech_width.rds"))





tech_width <- read_rds(file.path("data", "capability", "tech_width.rds"))
min_year <- min(tech_width$year); max_year <- max(tech_width$year)
tech_width <- tech_width |>
  complete(gvkey, year = min_year:max_year) |>
  mutate(across(-c(gvkey, year), ~ replace_na(., 0.1)))
rm(min_year, max_year)






28.3.5.3 Historical patent output

To extend coverage backward, a historical patent file (1981–2012) drawn from the NBER/Searle dynamic-assignee data supplements the WRDS counts.3 The two sources are reconciled into a single patent-count series, preferring the historical count where both exist.


patent_output_hist <-
  rio::import(file.path("data", "capability", "patents_conveyance.dta")) |>
  select(h_assignee_code, grant_date, patentid) |>
  na.omit() |>
  inner_join(
    rio::import(file.path("data", "capability", "dynass_nber_searle.dta")) |>
      select(gvkey1, h_assignee_code) |> na.omit(),
    by = join_by(h_assignee_code)) |>
  mutate(year = year(grant_date)) |>
  rename(gvkey = gvkey1) |>
  group_by(gvkey, year) |>
  summarise(patent_count = n(), .groups = "drop") |>
  complete(gvkey, year = range(year)) |>
  mutate(across(-c(gvkey, year), ~ replace_na(., 0)))

patent_output_hist |>
  write_rds(file.path("data", "capability", "patent_output_hist.rds"))





patent_output_hist <-
  read_rds(file.path("data", "capability", "patent_output_hist.rds"))

patent_output_total <- patent_output |>
  full_join(patent_output_hist, by = join_by(gvkey, year)) |>
  mutate(pat_count = case_when(
    !is.na(patent_count) ~ patent_count,
    !is.na(pat_count)    ~ pat_count,
    TRUE                 ~ 0
  )) |>
  select(-patent_count) |>
  arrange(gvkey, year) |>
  filter(year >= 2000)






28.3.5.4 Building the input stocks

The final construction step applies the Koyck transformation of 3 (with λ=0.4\lambda = 0.4) to each investment flow, producing the patent, technology, marketing, advertising, installed-base, and R&D stocks, and imputes the cost-of-capital and labor-cost inputs from industry–year means where firm-level values are missing. The cost of capital is proxied by interest expense over current debt (xint/dlc\text{xint}/\text{dlc}) and labor cost by per-employee staff expense (xlr/emp\text{xlr}/\text{emp}); both are filled hierarchically from four-digit down to one-digit SIC industry averages so that no firm-year is dropped for a single missing input.


lambda <- 0.4

df_cap <- capability |>
  mutate(sic1 = substr(sic, 1, 1),
         sic2 = substr(sic, 1, 2),
         sic3 = substr(sic, 1, 3)) |>
  filter(xad >= 0, xrd >= 0) |>
  left_join(tech_innv,           by = join_by(gvkey, year)) |>
  left_join(tech_width,          by = join_by(gvkey, year)) |>
  left_join(patent_output_total, by = join_by(gvkey, year)) |>
  mutate(
    pat_count     = if_else(is.na(pat_count), 0, pat_count),
    dlc           = if_else(dlc == 0, NA, dlc),
    costofcapital = xint / dlc,            # interest expense / current debt
    emp           = if_else(emp == 0, NA, emp),
    xlr           = if_else(xlr <= 0, NA, xlr),
    laborcost     = xlr / emp
  )

# Hierarchical industry-year imputation of cost of capital and labor cost.
impute_grp <- function(df, ...) {
  df |>
    group_by(...) |>
    mutate(
      costofcapital = ifelse(is.na(costofcapital),
                             mean(costofcapital, na.rm = TRUE), costofcapital),
      laborcost     = ifelse(is.na(laborcost),
                             mean(laborcost, na.rm = TRUE), laborcost)
    ) |>
    ungroup()
}
df_cap <- df_cap |>
  impute_grp(sic, year)  |> impute_grp(sic3, year) |>
  impute_grp(sic2, year) |> impute_grp(sic1, year)

# Koyck geometric-lag stocks (equation @eq-koyck) for each investment flow.
koyck_stock <- function(x, lambda) {
  map_dbl(seq_along(x), ~ {
    if (all(is.na(x[1:.x]))) NA_real_
    else sum(x[1:.x] * lambda ^ (.x - seq_along(x[1:.x])), na.rm = TRUE)
  })
}
df_cap <- df_cap |>
  group_by(gvkey) |>
  arrange(year, .by_group = TRUE) |>
  mutate(
    pat_stock     = koyck_stock(pat_count,      lambda),
    techbase_innv = koyck_stock(tech_inv_patent, lambda),
    techbase_width= koyck_stock(tech_width,     lambda),
    marstock      = koyck_stock(xsga,           lambda),
    adstock       = koyck_stock(xad,            lambda),
    installedbase = koyck_stock(sale,           lambda),
    rdstock       = koyck_stock(xrd,            lambda)
  ) |>
  ungroup()

df_cap |> write_rds(file.path("data", "capability", "df_cap.rds"))







28.3.6 Estimating the Frontiers: Dutta, Narasimhan, and Rajiv (1999) Replication

With the panel built, the three frontiers of Equation 28.12 are estimated with the frontier package. Each capability is estimated twice—once with the innovativeness-adjusted technology measure and once with the width-adjusted measure—so that the robustness of the recovered efficiencies to the output-quality definition can be assessed. The marketing frontier is a production frontier (maximize sales), the operations frontier is a cost frontier (minimize cost of goods sold), and the recovered marketing efficiency is fed forward into the R&D and operations frontiers, operationalizing the interdependence of capabilities.


library(plm)
library(tidyverse)
df_cap <- read_rds(file.path("data", "capability", "df_cap.rds"))

df_cap_panel_dutta <- df_cap |>
  filter(year > 2010) |>
  pdata.frame(c("gvkey", "year"))





# Expensive: 6 stochastic-frontier MLE fits (tens of minutes), so — like every other
# frontier block in this chapter — it is pre-computed and saved to df_cap_panel_dutta.rds
# below, then read back by the analysis chunks. Set eval: true to re-estimate from scratch.
library(frontier)

# Marketing capability: production frontier for log sales.
cap_mar_innv <- frontier::sfa(
  log(sale) ~ log(adstock) + log(marstock) + log(techbase_innv) +
    log(rect) + log(installedbase) + sic1 + factor(year),
  ineffDecrease = TRUE,   # maximize: inefficiency lowers output
  timeEffect = TRUE,
  data = df_cap_panel_dutta
)
df_cap_panel_dutta$mar_eff_innv <-
  frontier::efficiencies(cap_mar_innv, asInData = TRUE)

cap_mar_width <- frontier::sfa(
  log(sale) ~ log(adstock) + log(marstock) + log(techbase_width) +
    log(rect) + log(installedbase) | sic1 + factor(year),
  ineffDecrease = TRUE, timeEffect = TRUE, data = df_cap_panel_dutta
)
df_cap_panel_dutta$mar_eff_width <-
  frontier::efficiencies(cap_mar_width, asInData = TRUE)

# R&D capability: marketing efficiency enters as an input (interdependence).
cap_rd_innv <- sfa(
  log(tech_inv_patent) ~ log(techbase_innv) + log(rdstock) +
    log(mar_eff_innv) + log(mar_eff_innv) * log(rdstock) |
    sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = TRUE, data = df_cap_panel_dutta
)
df_cap_panel_dutta$rd_eff_innv <-
  frontier::efficiencies(cap_rd_innv, asInData = TRUE)

cap_rd_width <- sfa(
  log(tech_width) ~ log(techbase_width) + log(rdstock) +
    log(mar_eff_width) + log(mar_eff_width) * log(rdstock) |
    sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = TRUE, data = df_cap_panel_dutta
)
df_cap_panel_dutta$rd_eff_width <-
  frontier::efficiencies(cap_rd_width, asInData = TRUE)

# Operations capability: cost frontier for log COGS (minimize).
cap_op_innv <- sfa(
  log(cogs) ~ log(invfg) + log(laborcost) + log(costofcapital) +
    log(techbase_innv) + log(mar_eff_innv) | sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = FALSE,  # minimize: inefficiency raises cost
  data = df_cap_panel_dutta
)
df_cap_panel_dutta$op_eff_innv <-
  frontier::efficiencies(cap_op_innv, asInData = TRUE)

cap_op_width <- sfa(
  log(cogs) ~ log(invfg) + log(laborcost) + log(costofcapital) +
    log(techbase_width) + log(mar_eff_width) | sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = FALSE, data = df_cap_panel_dutta
)
df_cap_panel_dutta$op_eff_width <-
  frontier::efficiencies(cap_op_width, asInData = TRUE)

df_cap_panel_dutta |>
  write_rds(file.path("data", "capability", "df_cap_panel_dutta.rds"))




The recovered efficiencies can then be correlated with each other and with sales to check that they behave as capability measures should—positively associated with performance and only moderately correlated with one another, since a firm strong in marketing need not be strong in R&D.


df_cap_panel_dutta |> select(contains("eff")) |> na.omit() |> cor()




An alternative implementation uses the sfa package in place of frontier; the two agree up to numerical tolerance.


library(sfa)






28.3.7 Alternative Capability Specifications

The Dutta frontier is one of several closely related specifications, and the panel built above supports the others with minor changes to the input set. We give three published variants, each differing in how output is measured and which stocks enter the frontier; the substantive payoff is that the recovered capability efficiencies are reassuringly correlated across specifications, lending the construct convergent validity.


28.3.7.1 Saboo, Kumar, and Anand (2017)

This specification uses lagged sales as the installed-base proxy and patent counts (rather than citation-weighted output) for the R&D frontier; the operations frontier is a standard cost frontier in operating expense. It is computationally heavy because of the lag structure.


library(frontier)
df_cap_panel_saboo <- df_cap |>
  group_by(gvkey) |> arrange(year) |>
  mutate(sale_t_1 = dplyr::lag(sale, n = 1)) |>
  ungroup() |>
  pdata.frame(c("gvkey", "year"))

cap_mar <- sfa(
  log(sale) ~ log(xsga) + log(rect) + log(sale_t_1) | sic1 + factor(year),
  ineffDecrease = TRUE, timeEffect = TRUE, data = df_cap_panel_saboo
)
df_cap_panel_saboo$mar_eff <- efficiencies(cap_mar, asInData = TRUE)

cap_rd <- sfa(
  log(pat_count) ~ log(rdstock) + log(pat_stock) | sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = TRUE, data = df_cap_panel_saboo
)
df_cap_panel_saboo$rd_eff <- efficiencies(cap_rd, asInData = TRUE)

cap_op <- sfa(
  log(xopr) ~ log(act) + log(ppegt) + log(emp) | sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = FALSE, data = df_cap_panel_saboo
)
df_cap_panel_saboo$op_eff <- efficiencies(cap_op, asInData = TRUE)






28.3.7.2 Elhelaly and Ray (2023)

This variant (with Koyck weight 0.5) enriches each frontier with three-year accumulated stocks. The marketing frontier adds both advertising and its stock, both marketing expense and its stock, and both current and three-year receivables; the R&D frontier uses three-year patent and R&D accumulations; and the operations frontier is a cost frontier:

log(sales)=log(xad)+log(adstock)+log(xsga)+log(marstock)+log(rect)+log(rec)+log(installedbase),(28.14)
\begin{aligned}
\log(\text{sales}) &= \log(\text{xad}) + \log(\text{adstock}) + \log(\text{xsga}) + \log(\text{marstock}) \\
&\quad + \log(\text{rect}) + \log(\text{rec}) + \log(\text{installedbase}),
\end{aligned}
 \qquad(28.14)

where rec\text{rec} is accounts receivable summed over the three years prior;

log(patent)=log(patstock)+log(xrd)+log(accumrd),(28.15)
\log(\text{patent}) = \log(\text{patstock}) + \log(\text{xrd}) + \log(\text{accumrd}),
 \qquad(28.15)

where patstock\text{patstock} is the three-year patent total, xrd\text{xrd} is total R&D expense, and accumrd\text{accumrd} is the three-year R&D total; and

log(cogs)=log(output)+log(laborcost)+log(costofcapital),(28.16)
\log(\text{cogs}) = \log(\text{output}) + \log(\text{laborcost}) + \log(\text{costofcapital}),
 \qquad(28.16)

where output\text{output} is the dollar value of output, laborcost\text{laborcost} is per-employee wages and benefits, and costofcapital\text{costofcapital} is the average long-term interest rate.


df_cap_panel_elhelaly <- df_cap |>
  select(gvkey, year, contains("sic"), sale, xad, adstock, invfg, xsga,
         marstock, rect, installedbase, pat_count, pat_stock, xrd, cogs,
         laborcost, costofcapital) |>
  group_by(gvkey) |> arrange(gvkey, year) |>
  mutate(
    rec      = dplyr::lag(rect, 1) + dplyr::lag(rect, 2) + dplyr::lag(rect, 3),
    patstock = dplyr::lag(pat_count, 1) + dplyr::lag(pat_count, 2) + dplyr::lag(pat_count, 3),
    accumrd  = dplyr::lag(xrd, 1) + dplyr::lag(xrd, 2) + dplyr::lag(xrd, 3)
  ) |>
  pdata.frame(c("gvkey", "year"))





library(frontier)

cap_mar <- frontier::sfa(
  log(sale) ~ log(xad) + log(adstock) + log(xsga) + log(marstock) +
    log(rect) + log(rec) + log(installedbase) | sic1 + factor(year),
  ineffDecrease = TRUE, timeEffect = TRUE, data = df_cap_panel_elhelaly
)
df_cap_panel_elhelaly$mar_eff <-
  frontier::efficiencies(cap_mar, asInData = TRUE)

cap_rd <- sfa(
  log(pat_count) ~ log(patstock) + log(xrd) + log(accumrd) | sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = TRUE, data = df_cap_panel_elhelaly
)
df_cap_panel_elhelaly$rd_eff <-
  frontier::efficiencies(cap_rd, asInData = TRUE)

cap_op <- sfa(
  log(cogs) ~ log(invfg) + log(laborcost) + log(costofcapital) | sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = FALSE, data = df_cap_panel_elhelaly
)
df_cap_panel_elhelaly$op_eff <-
  frontier::efficiencies(cap_op, asInData = TRUE)

df_cap_panel_elhelaly |>
  write_rds(file.path("data", "capability", "df_cap_panel_elhelaly.rds"))





df_cap_panel_elhelaly <-
  read_rds(file.path("data", "capability", "df_cap_panel_elhelaly.rds"))
df_cap_panel_elhelaly |> select(contains("eff")) |> na.omit() |> cor()
#>             mar_eff      rd_eff      op_eff
#> mar_eff  1.00000000 -0.02846301 -0.05873300
#> rd_eff  -0.02846301  1.00000000 -0.04156963
#> op_eff  -0.05873300 -0.04156963  1.00000000






28.3.7.3 Z. Cao, Feng, and Wiles (2023)

This specification uses a valuation outcome—Total Q in place of Tobin’s Q—for the marketing frontier and a lagged-R&D, lagged-patent-stock structure for the R&D frontier:

log(Total Qt)=log(xsgat)+log(xsgat−1)+log(xad)+log(pat),(28.17)
\log(\text{Total } Q_t) = \log(\text{xsga}_t) + \log(\text{xsga}_{t-1}) + \log(\text{xad}) + \log(\text{pat}),
 \qquad(28.17)

log(pat)=log(xrdt)+log(xrdt−1)+log(patstockt−1),(28.18)
\log(\text{pat}) = \log(\text{xrd}_t) + \log(\text{xrd}_{t-1}) + \log(\text{patstock}_{t-1}),
 \qquad(28.18)

where pat\text{pat} is the number of patents.


df_cap_panel_cao <- df_cap |>
  left_join(totalq, by = join_by(gvkey, year)) |>
  select(gvkey, year, contains("sic"), q_tot, xsga, xad,
         pat_count, xrd, pat_stock) |>
  group_by(gvkey) |> arrange(gvkey, year) |>
  mutate(
    xsga_t_1      = dplyr::lag(xsga, n = 1),
    xrd_t_1       = dplyr::lag(xrd, n = 1),
    pat_stock_t_1 = dplyr::lag(pat_stock, n = 1)
  ) |>
  pdata.frame(c("gvkey", "year"))





library(frontier)

cap_mar <- frontier::sfa(
  log(q_tot) ~ log(xsga) + log(xsga_t_1) + log(xad) + log(pat_count) |
    sic1 + factor(year),
  ineffDecrease = TRUE, timeEffect = TRUE, data = df_cap_panel_cao
)
df_cap_panel_cao$mar_eff <-
  frontier::efficiencies(cap_mar, asInData = TRUE)

cap_rd <- sfa(
  log(pat_count) ~ log(xrd) + log(xrd_t_1) + log(pat_stock_t_1) |
    sic1 + factor(year),
  timeEffect = TRUE, ineffDecrease = TRUE, data = df_cap_panel_cao
)
df_cap_panel_cao$rd_eff <-
  frontier::efficiencies(cap_rd, asInData = TRUE)

df_cap_panel_cao |>
  write_rds(file.path("data", "capability", "df_cap_panel_cao.rds"))





df_cap_panel_cao <-
  read_rds(file.path("data", "capability", "df_cap_panel_cao.rds"))
df_cap_panel_cao |> select(contains("eff")) |> na.omit() |> cor()
#>            mar_eff     rd_eff
#> mar_eff  1.0000000 -0.1092964
#> rd_eff  -0.1092964  1.0000000







28.3.8 The Broader Marketing-Capability Literature

The frontier-estimation tradition above is one strand of a much larger literature that decomposes marketing capability into functional sub-capabilities and links each to performance. The foundational input weights used in the stocks above—0.5 for marketing expenditure and 0.4 for R&D—come from Dutta, Narasimhan, and Rajiv (2005), and the brand/advertising-stock weighting from Peles (1971) and Zhan Wang and Kim (2017). Building on these primitives, scholars have isolated specialized capabilities: marketing capability broadly (Bahadir, Bharadwaj, and Srivastava 2008; Xiong and Bharadwaj 2013; Wiles, Morgan, and Rego 2012; Mishra and Modi 2016; Isaac M. Dinner, Kushwaha, and Steenkamp 2018), marketing alliance capability (Swaminathan and Moorman 2009), digitized selling capability (D. S. Johnson 2005), big-data capability (J. S. Johnson, Friend, and Lee 2017), social-CRM capability (Trainor et al. 2014), and customer-relationship capability (Zhan Wang and Kim 2017).

The single most influential disaggregation is Neil A. Morgan, Slotegraaf, and Vorhies (2009), who link three core marketing capabilities to profit growth and uncover a tension invisible to coarser analyses. Although profit growth is a primary driver of stock price, the mechanism by which marketing capabilities feed it was poorly understood. Using a cross-industry sample of 114 firms, Neil A. Morgan, Slotegraaf, and Vorhies (2009) decompose marketing capability into market sensing, brand management, and customer relationship management (CRM), and decompose profit growth into revenue growth and margin growth. The capabilities exert both direct and synergistic effects on the two growth components—but, critically, brand-management and CRM capabilities can counteract each other across the components: a capability that lifts revenue growth may simultaneously depress margin growth, and vice versa. A surface-level analysis that examines only aggregate profit growth would miss these offsetting effects and mis-state the true relationship between capabilities and performance. The methodological moral reinforces the theme of this chapter: the level of aggregation at which a metric is defined determines what relationships it can reveal.

A generic frontier implementation, parameterized by a sub_market grouping, ties the strands together; the sfaR package offers a cross-sectional alternative when the panel structure is unavailable.


library(frontier)
mar_cap <- sfa(
  log(sales) ~ sub_market +
    log(adstock) + log(marketingstock) + log(techbase) +
    log(receivable) + log(installedbase),
  data = capability,
  ineffDecrease = TRUE,  # production frontier
  timeEffect = TRUE      # time-varying error-components frontier
)
efficiencies(mar_cap)





library(sfaR)
mar_cap <- sfacross(
  log(sales) ~ sub_market +
    log(adstock) + log(marketingstock) + log(techbase) +
    log(receivable) + log(installedbase),
  data = capability
)
efficiencies(mar_cap)





28.3.8.1 Digital, Social-Media, and Organizational Capabilities

The capability lens has been extended to the digital domain. Survey-based studies of digital marketing capability (Fatima Wang 2020; Homburg and Wielgos 2022) and a synthesizing review (Herhausen et al. 2020) map the organizational routines through which firms convert digital assets into performance, while B. Nguyen et al. (2015) treats social-media strategic capability as a distinct competence.

A complementary line generalizes from functional capabilities to the embeddedness of capabilities in the organization. R. Grewal and Slotegraaf (2007) argue that managers must deploy scarce resources to build durable capabilities, and that neglecting the underlying processes obscures how capabilities translate into competitive advantage. Their central construct is capability embeddedness—the depth at which a capability is ingrained in the organization, itself a consequence of managerial resource-allocation decisions. Methodologically, they introduce a hierarchical composed-error framework (a multilevel generalization of the stochastic frontier) that applies to cross-sectional and panel data alike, and they show in a retailing application that capability embeddedness directly improves performance even after controlling for tangible and intangible resources. The framework’s payoff is diagnostic: recognizing whether the objectives of different capabilities are convergent or divergent tells a manager whether deepening embeddedness will amplify or undercut firm performance—an organizational echo of the revenue/margin tension in Neil A. Morgan, Slotegraaf, and Vorhies (2009).





28.4 Management Metrics

A final, smaller family of metrics characterizes the firm’s strategy and leadership, which moderate how marketing investments convert into performance. Two constructs have proven especially measurable from archival data. Founding strategy, and specifically the degree of market differentiation a firm adopts at founding, can be recovered from the language of its early communications and product positioning; Guzman and Li (2023) develop a scalable measure of this founding differentiation. CEO overconfidence—a behavioral trait with consequences for innovation and investment—is measured from executives’ revealed reluctance to exercise in-the-money stock options, following the option-based approach Galasso and Simcoe (2011) apply to study innovation. Both illustrate the chapter’s recurring method: a psychological or strategic construct, once thought to require surveys or inside access, recovered at scale from the residue firms leave in archival and market data.



28.5 Key Takeaways

A metric is a definition plus an identification argument. The financial measures of Section 28.1 are easy to compute and hard to interpret causally: ROI and ROMI summarize an effect whose incremental numerator is itself the object of inference, and EVA and MVA price value creation only as well as invested capital and market expectations are measured. The accounting covariates are largely settled in their construction—Table 28.1 and Table 28.2 catalogue the conventions—but their role is to neutralize confounding, and they earn that role only when chosen to match the marketing decision under study. The marketing constructs of Section 28.2 exemplify the field’s methodological frontier: sentiment, purchase intention, trust, and reputation, once the province of surveys, are now recovered from text and images by pre-trained models whose accuracy and biases must themselves be validated. Capability, the subject of Section 28.3, is the hardest case and the template for the rest: a latent efficiency, identified only under explicit distributional and exogeneity assumptions, whose credibility rests entirely on the care taken in building the input stocks and specifying the frontier. Across all three families, the lesson is the same—report the metric, but report the assumptions that make it mean what you claim.







1. The item definitions follow the WRDS data-items documentation (wrds_data_items). Items prefixed in CRSP/Compustat Merged (e.g., PRCC_C, CSHO) are drawn from the merged fundamentals files; market-price and shares-outstanding items used for market capitalization come from CRSP.



2. The fine-tuned purchase-intention model is distributed publicly as a large RoBERTa checkpoint, allowing researchers to score new English-language text for expressed purchase intent without retraining.



3. The two large input files (dynass_nber_searle.dta and patents_conveyance.dta) are too large to redistribute here but are publicly archived; the code reconstructs the firm-year patent counts from them.





29 Data

Empirical marketing research is only as credible as the data behind it, and the data a researcher can obtain increasingly determine which questions are even askable. This chapter is a working guide to acquiring the raw material of marketing science—firm financials, advertising and engagement metrics, household expenditure, and the digital traces of consumer attention—and, just as importantly, to understanding what each source actually measures. Acquisition is never neutral: every dataset embeds a sampling frame, a measurement model, and a set of selection mechanisms that propagate into every downstream estimate. A panel that surveys 6,000 households quarterly, an index that rescales search volume to its own maximum, and an API that silently throttles after 1,400 calls each impose structure on what the analyst can learn.

We organize the material by source, but the through-line is measurement. For each source we state, as precisely as the source allows, the estimand—the population quantity of interest—and the observable the source actually delivers, because the gap between the two is where most empirical mistakes live. Search interest is not search volume; a relative index is not an absolute count; a name-based demographic prediction is a posterior probability, not a fact. Treating these distinctions casually is how plausible pipelines produce biased coefficients.

The chapter is also deliberately reproducible. Connection recipes, query patterns, and rescaling algorithms appear as runnable code so that a reader can move from “this dataset exists” to “I have it in a tidy frame” without reverse engineering undocumented APIs. Where a third-party platform’s own documentation is the authoritative reference—rate limits, OAuth scopes, schema—we point to the mechanism rather than reproduce ephemeral details. Throughout, the goal is the one stated in the style guide: intuition first, then the formal object, then code that runs.

Figure 29.1 situates the sources covered here along the two dimensions that matter most for research design: the unit of observation (firm, household, or individual consumer) and whether the data are behavioral (revealed in actions) or survey-elicited (reported by respondents).
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Figure 29.1: The data sources in this chapter, organized by unit of observation and by whether they capture revealed behavior or elicited reports. Behavioral traces are abundant and timely but noisy proxies for latent constructs; survey instruments measure constructs directly but are costly, lagged, and subject to reporting bias.









29.1 Firm Financial Data: WRDS

Most marketing-finance research (Chapter 23) and a large share of strategy work rest on standardized firm financials. Wharton Research Data Services (WRDS) is the dominant academic gateway to these: it federates Compustat (accounting fundamentals), CRSP (security prices and returns), I/B/E/S (analyst forecasts), and dozens of other libraries behind a single SQL interface. For the marketing researcher the attraction is concrete. Advertising expense (xad) and research-and-development expense (xrd) in Compustat’s fundamentals-annual file (funda) are the canonical proxies for a firm’s marketing and innovation intensity, and they join cleanly to market-based outcomes such as Tobin’s qq or abnormal returns used throughout Chapter 23.

The connection is a standard PostgreSQL session; WRDS exposes its warehouse over the wire, so the same DBI idioms used for any relational database apply. Credentials should never be hard-coded—read them from the environment so that the source file is safe to share.


library(RPostgres)
library(tidyverse)

wrds <- dbConnect(
  Postgres(),
  host    = "wrds-pgdata.wharton.upenn.edu",
  port    = 9737,
  dbname  = "wrds",
  sslmode = "require",
  user    = Sys.getenv("wrds_user"),
  pass    = Sys.getenv("wrds_pass")
)




The warehouse is self-describing through the information_schema, which is the disciplined way to discover what is available rather than guessing table names. Three nested queries answer the three questions a new user has: which libraries (schemas) exist, which tables live in a chosen library, and which columns a chosen table holds.


# Libraries (schemas) available to your subscription
dbGetQuery(wrds, "
  select distinct table_schema
  from information_schema.tables
  order by table_schema")

# Tables inside one library
dbGetQuery(wrds, "
  select distinct table_name
  from information_schema.columns
  where table_schema = 'comp_na_daily_all'
  order by table_name")

# Columns inside one table
dbGetQuery(wrds, "
  select column_name
  from information_schema.columns
  where table_schema = 'comp_na_daily_all'
    and table_name   = 'funda'
  order by column_name")




A representative extraction pulls advertising and R&D for a decade, then enriches each firm-year with its industry classification by joining on the firm identifier gvkey. Pushing the filters (fyear, non-null xad/xrd) into the WHERE clause rather than filtering in R keeps the transfer small; this matters when funda runs to millions of rows.


fin <- dbGetQuery(wrds, "
  select gvkey, fyear, xad, xrd
  from comp_na_daily_all.funda
  where fyear between 2000 and 2010
    and xad is not null
    and xrd is not null") |>
  distinct()

industry <- dbGetQuery(wrds, "
  select gvkey, gind, gsubind, naics, sic
  from comp_na_daily_all.names")

panel <- fin |>
  left_join(industry, by = "gvkey")

head(panel)




Two cautions recur in practice and shape identification downstream. First, xad is reported advertising; under accounting rules many firms expense marketing without breaking it out, so missingness is non-random—it correlates with firm size, industry, and disclosure regime. Treating is null as “no advertising” rather than “not separately disclosed” silently selects the sample on a variable correlated with the outcome, the textbook recipe for selection bias. Second, funda ships in multiple formats (consolidated vs. parent-only, standardized vs. restated) keyed by the indfmt, datafmt, popsrc, and consol flags; the conventional screen for North American industrial firms is indfmt='INDL' and datafmt='STD' and popsrc='D' and consol='C', and omitting it double-counts firm-years. Neither caution is exotic, but both are invisible until an estimate looks wrong.








Note




Beyond WRDS, the Consumer Expenditure Survey (below) and commercial scanner panels (e.g., IRI, Nielsen) cover demand-side behavior that firm financials cannot. The general principle—match the unit of observation to the estimand—is developed in Chapter 35.









29.2 Local Document Stores: MongoDB

Not all marketing data are relational. Social-media posts, scraped reviews, and API responses arrive as nested, schema-flexible JSON, and a document database such as MongoDB stores them without forcing a rectangular schema up front. When ingesting at scale the first operational question is simply where the data physically live, which the running server reports through an administrative command issued in the mongo shell:

db.adminCommand("getCmdLineOpts")

The returned document includes the storage.dbPath, the on-disk location of the data files—useful for capacity planning, backups, and confirming that a large ingest is writing where you expect. The broader point is architectural: document stores trade the relational guarantees of WRDS-style sources (a fixed schema, referential integrity, declarative joins) for flexibility on write. That trade is right for heterogeneous, evolving web data and wrong for the tidy panels demanded by most econometric estimators, which is why a common pipeline lands raw captures in MongoDB and projects a flattened, analysis-ready frame into R or a relational store before modeling.



29.3 Search Interest: Google Trends

Aggregate search behavior is among the most useful behavioral signals in marketing because it is timely, granular, and a leading indicator of attention. The motivating regularity is that public interest and its institutional reflections move together but on different clocks: online search volume and news reporting are strongly correlated, whereas academic publishing lags public interest because of the delay inherent in peer review and publication (Nghiem et al. 2016). Read structurally, news media act as a conductor between the research community and the public, and online search is the most immediate barometer of the public’s side of that exchange.


29.3.1 What Google Trends Measures

Google Trends does not report search volume. It reports a relative search interest index, and the distinction is the single most important thing to understand about the source. For a keyword kk, a geography gg, and a chosen time window, let vk,tv_{k,t} be the underlying volume of queries for kk in period tt (itself a sampled, privacy-filtered quantity). Trends returns the rescaled series

Ik,t=100×vk,tmaxs∈Wvk,s,(29.1)
I_{k,t} \;=\; 100 \times \frac{v_{k,t}}{\displaystyle\max_{s \in W} v_{k,s}},
 \qquad(29.1)

where WW is the requested window. Three consequences follow directly from Equation 29.1 and trip up the unwary.

First, the index is window-dependent. The denominator is the maximum within the requested window, so the same keyword queried over two different windows generally returns different index values for the overlapping dates—the series is not anchored to any fixed scale. Second, the index is co-normalized across the keywords in a single request: when several keywords are submitted together they share one denominator (the global maximum across all of them), which is exactly what makes cross-keyword comparison valid within a request and invalid across separate requests. Third, the data are sampled, so repeated identical queries return slightly different indices; for stable estimates one averages several draws.

The window also dictates the granularity Google will return, which is fixed by the length of the requested span:




Table 29.1: Native temporal granularity returned by Google Trends as a function of the requested window length. Longer windows are silently coarsened, which is why reconstructing a long daily series requires the stitching procedure in Section 29.3.2.





	Data granularity
	Window length





	Hourly
	Last 7 days



	Daily
	Less than 9 months



	Weekly
	9 months to 5 years



	Monthly
	Longer than 5 years










A first pass pulls weekly relative interest for two brands over a multi-year window. The gtrendsR package wraps the public endpoint; interest_over_time holds the index series.


library(gtrendsR)
library(tidyverse)

trends <- gtrends(
  keyword = c("7eleven", "3m"),
  geo     = "US",
  time    = "2010-01-01 2012-01-30",  # earliest supported start is 2004
  gprop   = "web"                       # web | news | images | froogle | youtube
)

time_trend <- trends$interest_over_time   # weekly index for this window




Because Equation 29.1 produces a relative, sampled series, plotting it raw shows both signal and seasonal noise. A smoother separates the trend component from within-year seasonality without committing to a parametric seasonal model.


library(ggplot2)

ggplot(time_trend, aes(x = date, y = hits, group = keyword, colour = keyword)) +
  geom_line(alpha = 0.4) +
  geom_smooth(span = 0.5, se = FALSE) +
  labs(x = "Time", y = "Relative interest (weekly)",
       title = "Google search interest", colour = NULL) +
  theme_bw() +
  theme(legend.position = "bottom")






29.3.2 Reconstructing a Long Daily Series

The granularity rule in Table 29.1 creates a real problem: researchers often need daily resolution over multi-year spans, but a multi-year request returns only weekly (or monthly) data. The fix exploits the co-normalization property of Equation 29.1. Two reconstruction strategies exist, and they differ in how they reconcile the high-frequency and low-frequency series.

The scaling (overlapping) method is the more reliable of the two. It queries short windows at daily resolution, queries the full span at lower resolution to obtain period weights, and rescales the daily pieces so that each month’s daily indices are multiplied by that month’s relative weight. Formally, let dk,td_{k,t} be the daily index obtained from a short within-window query covering month m(t)m(t), and let wk,mw_{k,m} be the month-mm weight derived from the long-window query (the month’s aggregate index divided by the maximum monthly aggregate). The reconstructed daily series is the product

v̂k,t=dk,t×wk,m(t),(29.2)
\hat{v}_{k,t} \;=\; d_{k,t} \times w_{k,m(t)},
 \qquad(29.2)

which restores a common scale across months while preserving within-month daily shape. The concatenation (normalization) method instead stitches one-month daily queries end to end and normalizes them against the weekly series; empirical comparisons favor the scaling method, which is why Equation 29.2 is the recommended estimator.1 This reconstruction underlies published applications that require daily search data over long horizons (Risteski and Davcev 2014), and related approaches to extracting daily volume are documented elsewhere (Ying Liu et al. 2019).

The function below implements Equation 29.2 end to end: it pulls a single aggregated query to derive monthly multipliers mult, loops over months to pull daily data, and joins the two to produce reconstructed daily estimates est_hits. Note the rate-limit budget of roughly 1,400 requests per 4 hours; a long reconstruction must respect it or the loop will start returning empty frames.


library(gtrendsR)
library(tidyverse)
library(lubridate)

get_daily_gtrend <- function(keyword = c("7eleven", "3M"),
                             geo  = "US",
                             from = "2013-01-01",
                             to   = "2013-02-15") {
  # Disallow a 'to' date in the current (incomplete) month
  if (ymd(to) >= floor_date(Sys.Date(), "month")) {
    to <- floor_date(ymd(to), "month") - days(1)
    if (to < from) stop("`to` date in the current month is not allowed")
  }

  # Long query -> monthly multipliers w_{k,m}
  aggregated <- gtrends(keyword = keyword, geo = geo, time = paste(from, to))
  if (is.null(aggregated$interest_over_time)) {
    message("No data in Google Trends for this query.")
    return(invisible(NULL))
  }

  mult_m <- aggregated$interest_over_time |>
    mutate(hits = as.integer(ifelse(hits == "<1", "0", hits))) |>
    group_by(month = floor_date(date, "month"), keyword) |>
    summarise(hits = sum(hits), .groups = "drop") |>
    mutate(ym = format(month, "%Y-%m"), mult = hits / max(hits)) |>
    select(month, ym, keyword, mult)

  # Per-month daily queries -> d_{k,t}
  windows <- tibble(
    s = seq(ymd(from), ymd(to), by = "month"),
    e = seq(ymd(from), ymd(to), by = "month") + months(1) - days(1)
  )

  raw_daily <- map2_dfr(windows$s, windows$e, function(s, e) {
    curr <- gtrends(keyword, geo = geo, time = paste(s, e))
    if (is.null(curr$interest_over_time)) return(tibble())
    curr$interest_over_time
  })

  trend_d <- raw_daily |>
    transmute(date, keyword,
              ym   = format(date, "%Y-%m"),
              hits = as.integer(ifelse(hits == "<1", "0", hits)))

  # Reconstruct: est_hits = d_{k,t} * w_{k,m(t)}   (eq-gtrends-scaling)
  trend_d |>
    left_join(mult_m, by = c("ym", "keyword")) |>
    mutate(est_hits = hits * mult, date = as.Date(date)) |>
    select(date, keyword, est_hits)
}

daily_trend <- get_daily_gtrend(
  keyword = c("7eleven", "3M"), geo = "US",
  from = "2013-01-01", to = "2013-02-01")
head(daily_trend)






29.3.3 Absolute Volume

When the application genuinely requires absolute counts rather than the relative index of Equation 29.1—for example, to size a market rather than track its trajectory—the relative-interest endpoint is the wrong source. Google publishes a separate top-terms dataset through BigQuery that exposes absolute search figures, and that warehouse, not the Trends index, is the appropriate input for level estimates.




29.4 Search Volume in China: Baidu Index

Outside the markets Google serves, the analogous behavioral signal comes from the dominant local search engine. In China that is Baidu, and the Baidu Index plays the role Google Trends plays elsewhere. Because Baidu exposes no comparable public API for bulk extraction, researchers have built crawlers to recover its search-volume series; P. J. Liu et al. (2019) document a Java-based spider for exactly this purpose. The same measurement caveats apply—an index is a rescaled, sampled proxy for latent interest, not a count—so the estimand-versus-observable discipline of Section 29.3 carries over directly.



29.5 Video Engagement: YouTube

Video is now a primary advertising and engagement channel, and YouTube exposes rich behavioral data—views, likes, comments, and watch metrics—at the video, playlist, and channel level. Two access paths exist, and the choice between them is a governance decision rather than a convenience one.

The first path is the public Data API, which serves publicly visible statistics for any video or channel using a simple API key. The second is the Analytics and Reporting APIs, which serve owner-private metrics (impressions, audience retention, revenue) and therefore require OAuth authorization by the channel or content owner that owns the requested data. Table 29.2 contrasts the two; the operative rule is that anything a viewer cannot see requires the owner’s delegated consent.




Table 29.2: Two paths to YouTube data. The boundary is consent: public statistics need only a key, whereas owner-private analytics require OAuth authorization by the data owner.










	Dimension
	Data API (key)
	Analytics / Reporting (OAuth)





	Auth
	API key
	OAuth 2.0, owner-delegated



	Scope
	Public statistics
	Owner-private metrics



	Typical fields
	views, likes, comments
	impressions, retention, revenue



	Who can call
	anyone with a key
	the channel/content owner



	Use case
	competitive/market scans
	first-party performance analytics











29.5.1 OAuth Path via tuber

The tuber package wraps the authenticated endpoints. Authorization is a one-time OAuth handshake with credentials provisioned in the Google Cloud console; thereafter the session token authorizes calls for video statistics, details, captions, search, and comment threads.


library(tuber)

# Provision app_id / app_secret in the Google Cloud console, then:
yt_oauth(app_id = "YOUR_APP_ID", app_secret = "YOUR_APP_SECRET")

get_stats(video_id = "N708P-A45D0")          # public statistics
get_video_details(video_id = "N708P-A45D0")  # snippet metadata
get_captions(video_id = "yJXTXN4xrI8")       # caption track
yt_search(term = "test")                      # search the corpus
get_comment_threads(c(video_id = "N708P-A45D0"))  # top-level comments
get_all_comments(video_id = "a-UQz7fqR3w")    # comments + replies




A common research task is to assemble a panel of every video in a channel. YouTube models a channel’s uploads as a hidden playlist, so the recipe is: read the channel’s relatedPlaylists$uploads id, page through that playlist’s items to collect video ids, then map the statistics call over the ids and bind the results into a frame.


chan <- list_channel_resources(
  filter = c(channel_id = "UCT5Cx1l4IS3wHkJXNyuj4TA"),
  part   = "contentDetails")

uploads_id <- chan$items[[1]]$contentDetails$relatedPlaylists$uploads
vids       <- get_playlist_items(filter = c(playlist_id = uploads_id))
vid_ids    <- as.vector(vids$contentDetails.videoId)

stats_df <- do.call(rbind, lapply(vid_ids, function(id) data.frame(get_stats(id))))
head(stats_df)






29.5.2 Key Path via the Data API

When only public statistics are needed, the raw REST endpoints are lighter than an OAuth session. The pattern is a small set of helper functions that build the request URL, parse the JSON, and return a tidy frame—one helper per resource type (video, playlist, channel).


library(jsonlite)
library(dplyr)

API_key <- Sys.getenv("YOUTUBE_API_KEY")   # never hard-code keys

video_stats <- function(video_id, key) {
  url <- paste0("https://www.googleapis.com/youtube/v3/videos",
                "?part=snippet,statistics&id=", video_id, "&key=", key)
  res <- fromJSON(url)
  data.frame(
    name  = res$items$snippet$channelTitle,
    res$items$statistics,
    title = res$items$snippet$title,
    date  = res$items$snippet$publishedAt
  )
}

channel_stats <- function(channel_id, key) {
  url <- paste0("https://www.googleapis.com/youtube/v3/channels",
                "?part=snippet,contentDetails,statistics&id=", channel_id,
                "&key=", key)
  res <- fromJSON(url)
  data.frame(
    name = res$items$snippet$title,
    res$items$statistics,
    uploads = res$items$contentDetails$relatedPlaylists$uploads
  )
}




These frames feed directly into comparative visualizations—total channel views, or the time path of comments and likes across competing channels—using the ggplot2 idioms already shown for Google Trends. Because the engagement counts (viewCount, commentCount) arrive as character strings, they must be coerced to numeric before plotting.








Warning




A requests-and-BeautifulSoup scraper that pages through search-result HTML can retrieve video ids without an API key, but scraping rendered pages is brittle, violates many terms of service, and breaks whenever the front-end markup changes. Prefer the official endpoints; treat HTML scraping as a last resort for prototyping, never production.










29.6 Household Expenditure: The Consumer Expenditure Survey

When the research question concerns what households buy—budget shares, category demand, the income elasticity of a product class—the canonical U.S. source is the Consumer Expenditure (CE) Survey administered by the Bureau of Labor Statistics. Its sampling design is worth understanding in detail, because the survey’s structure dictates which estimands it can support and at what frequency.

The CE’s unit of observation is the consumer unit, defined as a single person or a group of persons who live together and share responsibility for most major expenditures.


A consumer unit is a single person, or a group of persons who live together and who share responsibilities for most major expenditures.



Within each unit, the reference person is the first individual named when the respondent answers, “Who is responsible for owning or renting this home?”—a convention that fixes the household head deterministically and makes cross-survey linkage well defined.

The survey is not one instrument but two complementary ones, a design choice that follows directly from a measurement trade-off between recall accuracy and coverage. Large, infrequent purchases are remembered well but happen rarely; small, frequent purchases are forgotten quickly but dominate the budget in count. No single instrument measures both well, so the CE splits them:


	The Interview Survey captures big-ticket and recurring expenditures, plus global estimates for some categories. It is a rotating-panel survey: each consumer unit is interviewed once every three months for four quarters, with roughly 6,000 units in the sample each quarter. The panel structure supports within-unit change over the year, but the four-quarter cap means it cannot follow a household across years.

	The Diary Survey captures small-ticket, frequently purchased items that recall-based interviewing would miss. It is independent of the interview component and collects roughly 14,000 diaries from participating families each year.



Published tabulations come in several time formats: annual tables run January–December (available since 1984) and, in a fiscal variant, July–June (since 2013); two-year tables span January of year one through December of year two (since 1986). Beyond the standard tables, BLS produces experimental research tabulations—covering, for instance, income detail or generational groups such as millennials and Gen X—available on request. The practical implication for design is that the rotating four-quarter panel is the right frame for within-year, within-household questions, while cross-year dynamics require pooling repeated cross-sections rather than following the same units.



29.7 Inferring Demographics from Names

A recurring need in marketing research is to attach demographic attributes—gender, age, nationality—to records that carry only a name, as when a researcher has a roster of customers, reviewers, or social-media authors but no self-reported demographics. A family of services performs exactly this inference: gender from genderize.io, age from agify.io, and nationality from nationalize.io. Each returns, for a queried name, a predicted attribute together with a confidence.

It is essential to read these outputs as what they are: posterior probabilities from a name-frequency classifier, not ground-truth labels. The underlying logic is a simple Bayesian classifier. Let nn be an observed name and gg a candidate attribute value (say, gender). The services effectively report

Pr(g∣n)=Pr(n∣g)Pr(g)∑g′Pr(n∣g′)Pr(g′),(29.3)
\Pr(g \mid n) \;=\; \frac{\Pr(n \mid g)\,\Pr(g)}{\displaystyle\sum_{g'} \Pr(n \mid g')\,\Pr(g')},
 \qquad(29.3)

estimated from large registries of names tagged with the attribute, where Pr(n∣g)\Pr(n \mid g) is the frequency of name nn among individuals with value gg and Pr(g)\Pr(g) the base rate of gg in the reference population. Three properties of Equation 29.3 govern responsible use. The prediction inherits the reference population’s composition: a classifier trained predominantly on one region’s registries mispredicts systematically for names common elsewhere, so the base rate Pr(g)\Pr(g) is not universal. The reported confidence is the posterior itself, so unisex or rare names yield diffuse, low-confidence posteriors that should not be hardened into deterministic labels. And because the inferred attribute is a generated regressor, using it as a covariate in a downstream model imports classification error into that model—the resulting attenuation and the need to propagate the first-stage uncertainty are treated in Chapter 35. Used with those caveats, name-based inference is a cheap way to recover coarse demographic structure; used naively, it manufactures measurement error correlated with name origin.



29.8 Pitfalls and Identification

The sources in this chapter differ in unit, frequency, and provenance, but the threats to valid inference share a small number of structural causes. Figure 29.2 maps each common pitfall to the source where it bites hardest and to its remedy.
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Figure 29.2: Recurring threats to validity across the chapter’s data sources and their remedies. Each threat is a gap between the estimand and the observable that the source actually delivers.








The unifying discipline is the one stated at the outset: name the estimand, name the observable the source delivers, and treat the difference as a modeling problem rather than a nuisance. Reported advertising is not advertising; a relative index is not a volume; a name-based prediction is not a demographic. Each gap is tractable once it is made explicit, and ruinous when it is not.



29.9 Key Takeaways


	Match the unit of observation to the estimand. WRDS delivers firm-level financials, the CE Survey household expenditure, and search/engagement APIs individual behavioral traces; no source substitutes for another (Figure 29.1).

	Reported is not measured. Compustat’s xad records disclosed advertising; missingness is non-random and treating NULL as zero selects the sample on a variable correlated with outcomes (Section 29.1).

	A relative index is not a volume. Google Trends rescales to its window’s maximum (Equation 29.1); long daily series must be reconstructed by the overlapping-scaling method (Equation 29.2), and absolute counts require a different source entirely.

	Survey design encodes a recall–coverage trade-off. The CE splits big-ticket recall (interview panel) from frequent-purchase coverage (diary), so the right instrument depends on the category (Section 29.6).

	Name-based demographics are posteriors, not labels. They follow a Bayesian name-frequency classifier (Equation 29.3) whose error is correlated with name origin and must be propagated downstream (Section 29.7).

	Respect the platform contract. Owner-private metrics require OAuth, public ones a key (Table 29.2); honor rate limits and prefer official endpoints over brittle scrapers.









1. The overlapping-scaling procedure follows the approach popularized by Alex Dyachenko; the concatenation variant mirrors the dailydata routine in the pytrends library. Both predate—and are wrapped by—the function below.





30 Modeling in Marketing

A model is a deliberately incomplete description of a marketing system, built to answer a specific question. Models are not the world; they are arguments about the world, made precise enough that their assumptions can be stated, their logic checked, and their predictions confronted with data. Every quantitative chapter in the methodology part of this book builds a model of some kind, and the chapters differ less in subject matter than in the kind of question each model is licensed to answer. This chapter is the map. It distinguishes the three modeling traditions that organize quantitative marketing—analytical (game-theoretic), empirical (econometric and structural), and predictive (statistical and machine learning)—and gives the reader a principled way to decide which one a given problem calls for.

The distinction matters because the three traditions answer different questions and fail in different ways. An analytical model asks what should happen when rational firms and consumers interact under stated rules; it trades realism for logical transparency and yields comparative statics—signed predictions about how equilibrium outcomes move with primitives. An empirical model asks what is happening, and why; it recovers parameters of preferences, costs, or response functions from data and, when those parameters are invariant to the policies under study, supports counterfactual prediction. A predictive model asks what will happen next; it learns a flexible mapping from features to outcomes and is judged almost entirely by out-of-sample accuracy, with little claim on the mechanism that generated the data. Confusing these aims is the most common and most expensive error in applied marketing modeling: a model fit for prediction is routinely, and wrongly, read as if it identified a causal effect, and a stylized analytical result is routinely, and wrongly, taken as an empirical fact.

This chapter proceeds from the shared anatomy of a model to the three traditions in turn, formalizing each with its canonical object, its notion of a “solution” or “estimate,” and the assumption whose failure is fatal. It closes with a decision framework and a worked illustration that runs the same marketing question—how a price change affects demand—through all three lenses, so the reader can see exactly where they agree, where they diverge, and why. The goal is not to rank the traditions but to make the reader fluent in choosing among them. Subsequent chapters develop each in depth: analytical models in Chapter 31 and Chapter 39, empirical and structural models in Chapter 32, Chapter 34, and Chapter 53, and predictive methods in Chapter 65.


30.1 What a Model Is

Before partitioning models into traditions, it helps to fix the parts every model shares. Strip away the subject matter and a quantitative marketing model is a tuple of four objects: primitives, structure, a solution or estimation concept, and an empirical content.

The primitives are the objects taken as given and not themselves explained: consumer preferences, firm cost functions, the information each agent holds, the timing of moves, the data-generating distribution. The structure is the set of assumptions that link primitives to observable outcomes—a utility function, a demand system, a conduct assumption about how firms compete, a likelihood. The solution or estimation concept is the rule that turns structure into an answer: an equilibrium notion in an analytical model, an estimator in an empirical one, a learning algorithm and loss function in a predictive one. The empirical content is whatever the model says about data we can observe—signs of comparative statics, point estimates with standard errors, or a forecast with a quantified error.


A model is a representation that is simpler than the system it represents, built so that reasoning about the model is a reliable guide to reasoning about the system, within a stated scope. Its value lies entirely in the gap between the assumptions we impose and the conclusions we can then defend.



The decisive property that separates the traditions is what each model holds fixed when the environment changes. A policy-invariant parameter is one that does not shift when the policy under study shifts—a consumer’s taste for a product attribute, say, which should not change merely because a firm reprices. A policy-variant relationship is one that is itself a function of the policy environment—a reduced-form regression of sales on price confounds the demand the analyst wants with the supply behavior that set the price, so its coefficient changes if pricing conduct changes. This distinction, central to the structural tradition, is the thread we follow throughout: it explains why two models can fit the same data equally well yet give opposite answers to a counterfactual question.








Notation for this chapter




Following the book’s master notation (Chapter 29), scalars are italic (pp, xx), vectors bold lowercase (𝐱\mathbf{x}), matrices bold uppercase (𝐗\mathbf{X}), estimators carry hats (β̂\hat\beta), and 𝔼[⋅]\mathbb{E}[\cdot] denotes expectation. A parameter θ\theta is a feature of the data-generating process; an estimate θ̂\hat\theta is a function of a finite sample; a prediction ŷ\hat y is a model’s output for a new input.









30.2 A Taxonomy of Marketing Models

The three traditions can be placed on two axes that together explain most of their differences in practice. The first axis is the role of optimizing behavior: whether the model derives outcomes from agents solving stated optimization problems (analytical, and the structural branch of empirical work) or treats outcomes as the realization of a statistical process to be fit (reduced-form empirical and predictive work). The second axis is the target of inference: explanation and counterfactual prediction on one side, out-of-sample forecasting on the other. Figure 30.1 locates the traditions, and the table that follows gives the formal contrast.
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Figure 30.1: Three modeling traditions in marketing, placed by the role of optimizing behavior and the primary target of inference. Structural empirical work shares the optimizing foundations of analytical models but, unlike them, takes parameters to data; reduced-form and predictive work relax optimization in exchange for flexibility.











Table 30.1: Formal contrast of the three modeling traditions. The empirical column is split because structural and reduced-form work, though both “empirical,” differ exactly on policy invariance—the structural branch recovers invariant primitives and so supports counterfactuals, while the reduced-form branch estimates a possibly policy-variant response function and so supports causal claims only under the design that produced its variation.












	Dimension
	Analytical
	Empirical (structural)
	Empirical (reduced-form)
	Predictive (ML)





	Core question
	What should happen
	Why does it happen
	What is the effect
	What happens next



	Canonical object
	Game (N,S,u)(N, S, u)
	Likelihood from optimization
	Conditional mean 𝔼[y∣𝐱]\mathbb{E}[y\mid \mathbf{x}]
	Mapping f̂:𝐱↦ŷ\hat f:\mathbf{x}\mapsto \hat y



	“Solution” concept
	Equilibrium
	(Quasi-)MLE / GMM
	OLS / IV
	Empirical-risk minimization



	Data role
	None (or calibration)
	Disciplines parameters
	Identifies an effect
	Trains and tests f̂\hat f



	Key virtue
	Logical transparency
	Counterfactual validity
	Credible causal estimate
	Predictive accuracy



	Fatal assumption
	Wrong game / behavior
	Misspecified structure
	Confounding / weak instrument
	Distribution shift



	Generalizes via
	Theory
	Invariant parameters
	Design (exogenous variation)
	i.i.d. test data










The remaining sections take each tradition in turn. The reader should keep Table 30.1 in view: nearly every methodological decision in the rest of the book is a choice among its columns.



30.3 Analytical Models

An analytical model derives marketing outcomes as the equilibrium of a game played by rational agents. It contains no data. Its purpose is to establish, with the certainty of a proof, that under stated assumptions a particular force operates in a particular direction—that, say, increased competition lowers equilibrium price, or that informative advertising can support a separating equilibrium in which only high-quality firms advertise. The payoff is a comparative static: the sign, and sometimes the magnitude, of the derivative of an equilibrium outcome with respect to a primitive.

Formally, a game is a triple (N,{Si}i∈N,{ui}i∈N)(N, \{S_i\}_{i \in N}, \{u_i\}_{i \in N}) where NN is the set of players (firms, consumers), SiS_i is player ii’s strategy set (prices, advertising levels, qualities), and ui:∏jSj→ℝu_i: \prod_j S_j \to \mathbb{R} is ii’s payoff as a function of the chosen profile. A pure-strategy Nash equilibrium (Nash 1950) is a profile $\mathbf{s}^\* = (s_1^\*, \dots, s_n^\*)$ such that no player can improve unilaterally,

$$
u_i(s_i^\*, \mathbf{s}_{-i}^\*) \;\ge\; u_i(s_i, \mathbf{s}_{-i}^\*)
\qquad \text{for all } s_i \in S_i,\ \text{all } i \in N,
\qquad(30.1)$$

where 𝐬−i\mathbf{s}_{-i} denotes the strategies of ii’s rivals. The equilibrium is the solution concept: it plays the role that an estimator plays in empirical work. To solve the model is to characterize $\mathbf{s}^\*$ and then differentiate it with respect to a primitive to obtain the comparative static of interest.

A concrete instance fixes the idea. Consider two firms choosing prices for horizontally differentiated products located at the ends of a unit interval, with consumers uniformly distributed and incurring a quadratic “transport” cost tt for distance from their preferred variety—the Hotelling spatial-competition setup (Hotelling 1929; Dixit 1980). Each firm ii has constant marginal cost cc and earns πi=(pi−c)Di(pi,pj)\pi_i = (p_i - c)\, D_i(p_i, p_j), where the demand DiD_i is the mass of consumers who prefer firm ii at the posted prices. Solving the first-order conditions and imposing symmetry yields the equilibrium price

$$
p^\* = c + t,
\qquad(30.2)$$

a closed-form result whose comparative statics are immediate and exact: $\partial p^\* / \partial t > 0$ and $\partial p^\* / \partial c = 1$. Greater differentiation (larger tt) softens competition and raises equilibrium margins; the result holds for every admissible parameter value, with no data and no estimation. This is the characteristic strength of the analytical tradition—universally valid, sign-definite conclusions—and its characteristic limitation: the conclusion is true of the model, and whether the model resembles any real market is a separate question the framework cannot answer. Marketing’s analytical literature has used this machinery to study product line design, channel structure, advertising, and pricing (K. S. Moorthy 1985, 1988, 1993; Narasimhan 1988; Villas-Boas and Winer 1999; Iyer, Soberman, and Villas-Boas 2005), and signaling games to rationalize how brands credibly convey unobservable quality (Spence 1973; Akerlof 1970; Nelson 1974).

The assumption whose failure is fatal to an analytical model is the specification of the game itself: the players’ rationality, the information they hold, the order of moves, and the equilibrium concept invoked. If real firms do not best-respond, or hold different beliefs, or the relevant equilibrium is not the one selected, the comparative statics need not describe the world even approximately. Analytical models therefore earn their keep as theories—sources of sharp, falsifiable hypotheses and of the behavioral content that disciplines structural estimation—rather than as descriptions to be read off as fact. Chapter 31 develops the solution techniques and Chapter 39 the equilibrium models of competition that structural work later takes to data.



30.4 Empirical Models

An empirical model confronts structure with data to recover parameters. The tradition splits along the policy-invariance line introduced above, and the split is the single most important methodological distinction in the chapter.


30.4.1 The Reduced-Form Branch

A reduced-form model specifies a response function relating an outcome to marketing and control variables, and estimates it without deriving that function from an explicit optimization problem. The workhorse is the regression of a sales or choice outcome yy on marketing inputs 𝐱\mathbf{x} and controls 𝐰\mathbf{w},

yi=𝐱i⊤𝛃+𝐰i⊤𝛄+εi,(30.3)
y_i = \mathbf{x}_i^\top \boldsymbol{\beta} + \mathbf{w}_i^\top \boldsymbol{\gamma}
       + \varepsilon_i,
 \qquad(30.3)

estimated by ordinary least squares (OLS) when the regressors are exogenous, or by instrumental variables (IV) / two-stage least squares when they are not (Greene 2003; Cameron and Trivedi 2005). The marketing-mix and response-modeling literatures are largely reduced-form in this sense (Little 1970, 1976; Lambin 1970; Clarke 1976; Gary L. Lilien et al. 1992), and Chapter 53 treats them at length.

The defining hazard of Equation 30.3 is endogeneity: a regressor correlated with the error makes the OLS estimator inconsistent, 𝔼[𝛃̂]≠𝛃\mathbb{E}[\hat{\boldsymbol\beta}]
\neq \boldsymbol\beta. Price is the canonical offender—firms set higher prices where they observe (but the analyst does not) higher demand, so Cov(pi,εi)>0\mathrm{Cov}(p_i,
\varepsilon_i) > 0 and the naive price coefficient is biased toward zero, sometimes to the point of the wrong sign. The remedies are an instrument 𝐳\mathbf{z} that shifts 𝐱\mathbf{x} without entering the outcome directly, or a control function that conditions on the endogenous portion of the regressor (Petrin and Train 2010), or a research design that isolates exogenous variation. The marketing literature has matured on exactly this point: modal recent work addresses both sample selection and endogeneity rather than one in isolation (Frennea, Han, and Mittal 2018), and the rise of quasi-experimental designs—exploiting borders, weather, regulatory changes, and abrupt firm-policy shifts—gives reduced-form estimates a credible causal warrant (Goldfarb, Tucker, and Wang 2022). A reduced-form estimate, properly identified, answers “what is the effect of this intervention, here.” It does not, in general, answer “what would happen under a policy we have never observed,” because the estimated 𝛃\boldsymbol\beta may itself be a function of the prevailing policy regime—it is policy-variant.








Reduced-form does not mean atheoretic




A reduced-form model can be every bit as causally credible as a structural one when its identifying variation is genuinely exogenous; “reduced-form” is a statement about where the estimating equation comes from, not about rigor. What reduced-form estimates lack is portability: their coefficients are valid for counterfactuals spanned by the variation that identified them, and silent about the rest.









30.4.2 The Structural Branch

A structural model imposes the optimization problem itself and estimates the parameters of its primitives—utilities and costs—rather than a response function. Following Tülin Erdem and Keane (1996b), structural estimation “assumes and imposes a structure on the consumer’s maximization problem,” and the recovered parameters are those of the consumers’ utility functions, which are taken to be policy-invariant. Because the primitives do not move when the policy moves, the estimated model can be simulated under counterfactual policies the data never contained—the property that justifies the additional assumptions structural work requires (Reiss 2011; P. Chintagunta et al. 2006; Dubé et al. 2002).

The canonical structural object in marketing is the random-utility discrete-choice model (McFadden 1986b, 2001). Consumer ii obtains utility

uij=𝐱j⊤𝛃i−αipj+ξj+εij(30.4)
u_{ij} = \mathbf{x}_j^\top \boldsymbol{\beta}_i - \alpha_i p_j + \xi_j + \varepsilon_{ij}
 \qquad(30.4)

from alternative jj, where 𝐱j\mathbf{x}_j are observed attributes, pjp_j is price, ξj\xi_j is a demand shock observed by firms and consumers but not the analyst, and εij\varepsilon_{ij} is idiosyncratic taste. Under a Type-I extreme-value assumption on εij\varepsilon_{ij} the choice probabilities take the multinomial-logit form, and with random coefficients (𝛃i,αi)(\boldsymbol\beta_i, \alpha_i) integrated over a population distribution one obtains the mixed-logit / BLP demand system estimated by maximum likelihood or GMM (Peter M. Guadagni and Little 1983b; Steven T. Berry 1994a; S. Berry, Levinsohn, and Pakes 1995b; Rossi 2014b; Dubé, Hortaçsu, and Joo 2021). The structural-marketing program has extended Equation 30.4 to consumers who learn about product quality through experience and forward-looking dynamics (Tülin Erdem and Keane 1996b; Tulin Erdem 1998; Tülin Erdem, Keane, and Sun 2008; Pradeep K. Chintagunta and Haldar 1998; Seetharaman, Ainslie, and Chintagunta 1999; Greg M. Allenby, Leone, and Jen 1999; Gilbride and Allenby 2004; Eric T. Bradlow, Hu, and Ho 2004; Sun and Shibo 2011), to firm conduct and equilibrium pricing (Kadiyali, Sudhir, and Rao 2001; Misra and Nair 2011), and to dynamic competition (Gowrisankaran and Rysman 2012; Borkovsky et al. 2017). The estimation machinery—mixed logit, hierarchical Bayes, GMM—is the subject of Chapter 34 and Chapter 41.

The crucial contrast between the two structural choice models in marketing is whether the consumer is myopic or forward-looking. A myopic model has the consumer choose to maximize current-period utility given current beliefs; a forward-looking model has the consumer choose to maximize the expected present value of utility, internalizing how today’s choice affects tomorrow’s information and options—relevant precisely when learning about uncertain product characteristics drives the choice process (Tülin Erdem and Keane 1996b). The two can rationalize the same observed choices yet imply sharply different responses to, for example, a temporary promotion, which a forward-looking consumer partly anticipates.

The assumption whose failure is fatal to a structural model is specification: if the imposed utility, the error distribution, or the conduct assumption is wrong, the estimated “primitives” absorb the misspecification and the counterfactuals built on them are unreliable. Structural work thus buys counterfactual portability at the price of strong, and contestable, functional-form and behavioral assumptions—the exact trade reduced-form work declines to make. Neither dominates; the right choice depends on the question, as Section 30.6 argues.




30.5 Predictive Models

A predictive model learns a flexible mapping from features to an outcome and is judged by how well it forecasts data it has not seen. It makes minimal commitments about the mechanism that generated the data; in exchange it can fit relationships far richer than the linear-in-parameters forms of Equation 30.3, and it scales to the high-dimensional, unstructured data—text, images, clickstreams—that now pervade marketing (Wedel and Kannan 2016; Athey, Catalini, and Tucker 2017). The aim is not to estimate 𝛃\boldsymbol\beta but to construct an f̂\hat f that minimizes expected loss on future inputs.

Formally, given a loss L(y,ŷ)L(y, \hat y) and a joint distribution 𝒫\mathcal{P} over (𝐱,y)(\mathbf{x}, y), the target is the function minimizing risk, the expected loss,

$$
f^\* = \arg\min_{f \in \mathcal{F}} \; \mathbb{E}_{(\mathbf{x}, y)\sim\mathcal{P}}
        \big[\, L(y, f(\mathbf{x})) \,\big].
\qquad(30.5)$$

Because 𝒫\mathcal{P} is unknown, the model minimizes empirical risk—average loss on a training sample—typically with a penalty that controls complexity,

f̂=argminf∈ℱ1n∑i=1nL(yi,f(𝐱i))+λΩ(f),(30.6)
\hat f = \arg\min_{f \in \mathcal{F}} \;
        \frac{1}{n}\sum_{i=1}^{n} L\big(y_i, f(\mathbf{x}_i)\big)
        \;+\; \lambda\, \Omega(f),
 \qquad(30.6)

where Ω(f)\Omega(f) penalizes complexity (e.g., the ℓ1\ell_1 norm of coefficients in the lasso, tree depth in a gradient-boosted ensemble) and λ≥0\lambda \ge 0 is a regularization strength chosen by cross-validation. The whole apparatus exists to manage the bias–variance trade-off: a model too simple to capture the signal is biased; one flexible enough to memorize the training noise has high variance and generalizes poorly. The discipline of the tradition is that performance is reported on a held-out test set, never on the data used to fit—so the relevant guarantee is i.i.d. generalization, not parameter recovery. Marketing applications span churn and response scoring, recommendation, and the extraction of structured signal from text and images for downstream marketing use (Netzer et al. 2008; Toubia and Stephen 2013; Ansari et al. 2018; Tirunillai and Tellis 2014; Büschken and Allenby 2016; Hauser, Tellis, and Griffin 2006); Chapter 65 develops the methods and Chapter 43 their application to language.

The assumption whose failure is fatal to a predictive model is distributional stability: Equation 30.5 presumes that future (𝐱,y)(\mathbf{x}, y) are drawn from the same 𝒫\mathcal{P} as the training data. When the deployment environment shifts—a new competitor enters, a price moves outside its historical range, a recommendation changes the very behavior it predicts—the i.i.d. assumption breaks and accuracy can collapse without warning. This failure mode is the deep reason a predictive model, however accurate, does not license a causal or counterfactual claim. A model that predicts churn superbly from a feature that includes a retention discount cannot be used to evaluate changing that discount: intervening on the feature changes the distribution, and Equation 30.5 no longer applies. The point generalizes—predictive accuracy and causal validity are distinct objectives, and optimizing one does not deliver the other (Athey, Catalini, and Tucker 2017).








Prediction policy versus parameter




A useful test of which tradition a problem belongs to: ask whether the decision requires knowing the effect of an action you will take, or only an accurate forecast given actions already in train. Choosing whom to target with a retention offer, conditional on the offer policy, is a prediction problem. Choosing whether to change the offer policy is a causal problem and needs an empirical or analytical model. Many marketing tasks are prediction-policy problems—who, not whether—and for those a predictive model is exactly right.









30.6 Choosing a Modeling Approach

The traditions are complements, not rivals, and mature marketing science routinely chains them: theory generates a hypothesis (analytical), an estimate tests it and quantifies a counterfactual (empirical), and a predictive model operationalizes the resulting policy at scale. The choice for a given study turns on three questions, asked in order.

First, what must the answer support? If the deliverable is a counterfactual—what would profits be under a price the firm has never charged, a product it has never launched, a market structure that does not yet exist—the model must recover policy-invariant primitives, which points to structural estimation (Section 30.4) disciplined by analytical theory (Section 30.3). If the deliverable is the causal effect of an intervention within the observed regime, a credibly identified reduced-form design suffices and is usually preferable for its weaker assumptions (Goldfarb, Tucker, and Wang 2022). If the deliverable is an accurate forecast or a ranking conditional on a fixed policy, a predictive model is the right tool (Section 30.5).

Second, where does identifying variation come from? A causal or structural answer requires variation in the cause that is independent of the unobserved drivers of the outcome—an instrument, a natural experiment, or a randomized trial. Absent such variation, no amount of modeling sophistication recovers an effect; the honest move is to retreat to prediction and say so. Predictive models, by contrast, need only that the future resemble the past, a much weaker and more often satisfied condition.

Third, what is the cost of a wrong assumption? Structural models deliver the most but assume the most, and a misspecified structure quietly corrupts every counterfactual built on it. Reduced-form designs assume less and fail more visibly. Predictive models assume least about mechanism but stake everything on distributional stability. The right model is the one whose fatal assumption (the last column of Table 30.1) is the most defensible in the application at hand—not the most sophisticated available.



30.7 Illustration: One Question, Three Lenses

To make the contrast concrete, consider a single question—how does a price change affect demand?—and run it through all three traditions on a common simulated market. The exercise is deliberately small and fully reproducible; its point is conceptual, not computational. We simulate a market in which firms set prices partly in response to an unobserved demand shock, creating textbook price endogeneity, and then show how each tradition treats it.


set.seed(2025)
n <- 4000

# Unobserved (to the analyst) demand shifter xi; firms see it and price on it.
xi    <- rnorm(n, 0, 1)
cost  <- rnorm(n, 2, 0.4)              # exogenous cost shifter (a valid instrument)
# Pricing rule: price rises with both cost and the latent demand shock -> endogeneity
price <- 1.5 + 0.8 * cost + 0.6 * xi + rnorm(n, 0, 0.2)

# True structural demand: utility decreasing in price, increasing in xi.
alpha_true <- -1.2                     # the policy-invariant price coefficient
util  <- 3 + alpha_true * price + xi
prob  <- plogis(util)                  # logit choice probability
buy   <- rbinom(n, 1, prob)

dat <- data.frame(buy, price, cost, xi)
round(cor(dat[, c("price", "cost", "xi")]), 2)
#>       price cost   xi
#> price  1.00 0.46 0.85
#> cost   0.46 1.00 0.01
#> xi     0.85 0.01 1.00




The correlation matrix confirms the design: price is correlated with the unobserved xi, so any model that regresses purchase on price without addressing this correlation will recover a biased price effect. Now the three lenses.

Predictive lens. Fit a flexible classifier to predict buy from price and cost, and evaluate it out of sample. The model is excellent at forecasting and says nothing trustworthy about the effect of moving price.


train <- 1:3000; test <- 3001:n
pred_fit <- glm(buy ~ poly(price, 2) + cost, data = dat[train, ],
                family = binomial)
phat <- predict(pred_fit, newdata = dat[test, ], type = "response")
# Out-of-sample area under the ROC curve (rank accuracy), computed from scratch.
pos  <- phat[dat$buy[test] == 1]; neg <- phat[dat$buy[test] == 0]
auc  <- mean(outer(pos, neg, ">")) + 0.5 * mean(outer(pos, neg, "=="))
cat("Out-of-sample AUC:", round(auc, 3), "\n")
#> Out-of-sample AUC: 0.602




Reduced-form (naive) lens. A logit of purchase on price recovers a coefficient that is biased toward zero, because price proxies for the omitted positive demand shock xi.


naive <- glm(buy ~ price, data = dat, family = binomial)
cat("Naive price coefficient:", round(coef(naive)["price"], 3),
    " (true:", alpha_true, ")\n")
#> Naive price coefficient: 0.057  (true: -1.2 )




Structural / IV lens. Exploit the exogenous cost shifter as an instrument via a control function: regress the endogenous price on the instrument, take the residual, and include it in the choice model to absorb the correlation with xi (Petrin and Train 2010). The price coefficient now recovers the policy-invariant primitive and supports counterfactual repricing.


first   <- lm(price ~ cost, data = dat)          # first stage on the instrument
dat$cfv <- resid(first)                          # control-function residual
struct  <- glm(buy ~ price + cfv, data = dat, family = binomial)
cat("Control-function price coefficient:",
    round(coef(struct)["price"], 3), " (true:", alpha_true, ")\n")
#> Control-function price coefficient: -0.993  (true: -1.2 )




The three numbers tell the chapter’s whole story. The predictive model attains high out-of-sample accuracy yet its fitted price terms are not the demand slope and must not be read as such. The naive reduced-form coefficient is attenuated by endogeneity, a quantitative bias that no added flexibility would cure—only identifying variation does. The control-function estimate, using the exogenous cost instrument, recovers the true policy-invariant price coefficient and so, alone among the three, can answer the counterfactual “what happens to demand if the firm reprices.” Same data, same question, three answers—because the three models target different things and rest on different assumptions. Choosing among them is the skill this part of the book builds.



30.8 Key Takeaways


	A model is an argument about a marketing system, valued for the gap between the assumptions it imposes and the conclusions it then licenses; the traditions differ in what they hold fixed when the environment changes (Section 30.2).

	Analytical models derive equilibrium comparative statics from stated games (Nash 1950); they yield sign-definite, universally valid conclusions about the model, and are fatal to mis-specify the game (Section 30.3).

	Empirical models split on policy invariance: structural estimation recovers invariant utility and cost primitives and so supports counterfactuals (Tülin Erdem and Keane 1996b; McFadden 1986b), whereas reduced-form work estimates a possibly policy-variant response function and supports causal claims only under its identifying design (Goldfarb, Tucker, and Wang 2022; Frennea, Han, and Mittal 2018) (Section 30.4).

	Predictive models minimize out-of-sample risk over a flexible function class (Wedel and Kannan 2016; Athey, Catalini, and Tucker 2017); they excel at forecasting under a fixed policy but collapse under distribution shift and never, by themselves, license a causal claim (Section 30.5).

	The traditions are complements: choose by what the answer must support, where identifying variation comes from, and which fatal assumption is most defensible (Section 30.6); the same pricing question yields three different, internally valid answers depending on the lens (Section 30.7).







31 Analytical Models

Marketing science advances along two complementary tracks. Analytical models reason about markets through pure mathematics: a researcher posits an environment of consumers and firms, assumes that each agent optimizes, and derives the behavior that must follow in equilibrium. Empirical models instead let data speak, estimating relationships and testing the predictions that theory hands them. This chapter is about the first track—how to build a stylized mathematical world, solve it, and extract substantive claims about pricing, positioning, advertising, channels, contracts, and the diffusion of new products—while keeping one eye on the empirical counterparts that make the theory testable.

A model, in the working definition that organizes the field, is a representation of the most important elements of a perceived real-world system. The art lies in the word important: a model that retains everything is the territory, not the map, and a model that retains too little predicts nothing. The discipline of marketing modeling is therefore the discipline of principled omission. The reward for doing it well is decision-relevant insight. Little (1976) frames the goal as a decision calculus—“a model-based set of procedures for processing data and judgments to assist a manager in his decision making”—and argues that such a system earns managerial adoption only when it is simple, robust, easy to control, adaptive, as complete as possible, and easy to communicate with. Those six criteria recur throughout this chapter as a standard against which competing formulations are judged: a more elaborate model that a manager cannot interrogate is often a worse model.

By the end of the chapter the reader should be able to classify a marketing problem by the type of model it calls for, set up the corresponding game or optimization, solve for equilibrium or the optimum, and state the assumptions whose failure would overturn the result. We proceed from the philosophy and craft of model building, through the workhorse spatial and oligopoly models, to the major application domains—market response, channels, advertising, product quality under asymmetric information, bargaining, search-theoretic pricing, promotions, salesforce compensation, and diffusion—closing with the optimization models that turn behavioral theory into resource-allocation decisions.


31.1 A Taxonomy of Marketing Models

Marketing models improve decision-making in three broad families, and it is worth fixing the distinctions before building anything, because the family determines what counts as a valid test of the model.

Econometric models describe, predict, and simulate. A descriptive model summarizes how a market behaves; a predictive model forecasts an outcome such as sales; a simulation model traces how the system responds to a counterfactual intervention. Leeflang et al. (2000) organizes the empirical tradition along exactly these lines. Predictive models include sales models built on time-series data, trial-rate models built on exponential growth, and the new-product growth model of Bass (1969). Descriptive models include purchase-incidence and purchase-timing models built on the Poisson process, brand-choice models built on Markov or learning processes, and pricing models for oligopolistic markets in the tradition of Howard and Morgenroth (1968). Normative models, by contrast, prescribe: they maximize an objective such as profit over price, advertising, and quality, the program studied by Dorfman and Steiner (1976) and extended by H. V. Roberts, Ferber, and Verdoorn (1964) and Lambin (1970). The decision-calculus program of Little (1970) and the multinomial logit choice model brought to scanner data by Peter M. Guadagni and Little (1983b) are landmarks in turning normative structure into operational tools.

Optimization models take a market-response function—how outputs such as sales, share, profit, and awareness respond to inputs such as price, advertising, and selling effort—together with cost functions and constraints, and maximize an objective. The candidate decisions that such models automate are familiar from practice: promotion and pricing programs, media allocation, distribution, product assortment, and direct-mail solicitation. Quasi- and field-experimental analyses and conjoint and choice experiments complete the toolkit, supplying the causal variation that observational data often lack.

Cutting across these families is the distinction between decision-support modeling and theoretical modeling. The former describes how things work; the latter prescribes how things should work. Theoretical, game-theoretic models in the tradition of K. S. Moorthy (1993) are best understood as logical experimentation: the modeler specifies an environment through assumptions, deduces consequences, and learns which assumptions drive which conclusions. K. S. Moorthy (1993) separates two kinds of assumption that play very different roles. Mathematical assumptions are made for tractability and carry no empirical content; substantive assumptions encode claims about the world and are the proper object of empirical testing. A classic illustration is the design of a salesforce compensation package combining salary and commission, which K. S. Moorthy (1993) reads as a trade-off between insuring the salesperson against income risk and motivating effort—a substantive tension we return to in Section 31.16. The internal and external validity of such a model are questions about its boundary conditions, and Friedman’s dictum looms over the enterprise: theories are tested by their predictions, not by the realism of their assumptions.

Because so much of analytical marketing is game theory, it helps to organize the solution concepts by two attributes of the game: whether moves are static (simultaneous) or dynamic (sequential), and whether information is complete or incomplete. The four cells in Table 31.1 name the equilibrium concept that applies in each.




Table 31.1: Equilibrium concepts by game type and information structure










	Information
	Static (simultaneous)
	Dynamic (sequential)





	Complete
	Nash equilibrium
	Subgame-perfect equilibrium



	Incomplete
	Bayesian Nash equilibrium (auctions)
	Perfect Bayesian equilibrium (signaling)










K. S. Moorthy (1985) supplies the vocabulary that the rest of the chapter assumes. Rationality is the maximization of subjective expected utility; intelligence is the recognition that rival firms are themselves rational and will reason likewise. The rules of the game comprise the number of firms, the feasible set of actions for each, the utilities attached to every combination of moves, the sequence of moves, and the information structure—who knows what, and when. Incomplete information arises from unknown motivations, unknown abilities, or simply differing knowledge of the world. A pure strategy is a complete plan of action; a mixed strategy is a probability distribution over pure strategies; the strategic-form representation lists each firm’s strategy set together with its payoffs. An equilibrium is a profile of strategies in which no firm would unilaterally change its own—crucially, an equilibrium is a fixed point, not the outcome of a dynamic adjustment process, a subtlety that separates equilibrium analysis from the learning dynamics it is sometimes mistaken for.

These equilibrium ideas have a canonical set of applications that recur below: oligopolistic competition in the quantity-setting tradition of Cournot and the price-setting tradition of Bertrand; perfect competition as a limiting case; spatial product competition following Hotelling; entry, with its first-mover advantages and deterrence strategies; and distribution channels. Refinements of the basic Nash concept—subgame perfectness, sequential rationality, and trembling-hand perfectness—discipline which equilibria survive in dynamic and incomplete-information settings, and they matter for substantive questions such as strategic entry deterrence, implicit collusion through price-matching by leader firms, durable-goods pricing by a monopolist, predatory and limit pricing, reputation and product quality, and competitive bidding.

Competition itself does analytical work that bargaining cannot. McAfee and McMillan (1996) shows that competition operates under uncertainty and, in doing so, reveals hidden information: in the independent-private-values benchmark, the selling price in a standard auction equals the second-highest valuation, so the mechanism extracts information that no single negotiation could. Sellers are generally better off revealing what they know, because concealment invites cautious bidding driven by the winner’s curse. Competition is also computationally and strategically cheaper than bargaining—it demands less commitment and less calculation—and it sharpens effort incentives. These themes resurface when we treat auctions, bargaining, and salesforce contests as alternative mechanisms for allocating scarce resources.



31.2 The Craft of Building an Analytical Model

Before deriving any equilibrium it is worth making explicit how an analytical paper is actually constructed, because the logic of discovery differs sharply from the logic of presentation.1 The sequence below distills the practice of theoretical modeling in marketing.

The process begins with a good idea, drawn either from the literature or from industry, and a hard-headed feasibility assessment: is the question interesting, can it be told as a story, who is the target audience, and what is the opportunity cost of pursuing it rather than something else? A counterintuitive piece of advice follows: do not consult the literature too soon. Re-deriving a model that already exists is not wasted effort—it trains the modeler’s judgment, and the act of building independently is what teaches which assumptions matter. The model itself is then built from the simplest possible starting point—one period, two products, a linear consumer utility function—with the formulation written out explicitly, respecting the maxim that everything should be made as simple as possible, but no simpler. Only after the simplest version is solved does one generalize, adding complexity one assumption at a time, so that each new result can be attributed to a specific relaxation. The literature search comes late and serves a sharpening function: finding a related paper invites the productive question of why one did not make the modeling choice the author made. The work concludes with a seminar, where live objection stress-tests the assumptions, and finally with the written paper. Figure 31.1 lays out this workflow as a single sequence, from idea generation through generalization and literature search to the finished paper.
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Figure 31.1: The analytical modeling workflow, from idea generation to written paper. Generalization and literature search are deliberately placed after a simplest-case solution is in hand.










31.3 Spatial Competition: The Hotelling Model

Spatial models are the backbone of analytical marketing because they give product differentiation a geometry. Consumers are arrayed along a line, each firm occupies a location, and the distance between a consumer’s ideal point and a firm’s offering becomes a disutility—literally a transportation cost, figuratively a measure of how poorly the product matches the consumer’s taste. The framework is flexible enough to represent positioning, pricing, advertising, and entry within one consistent geometry, which is why it reappears throughout the chapter.

Hotelling (1929) launched this tradition with a study of stability in competition, arguing—against Bertrand’s critique of Cournot, which Edgeworth had elaborated—that duopoly is inherently unstable, the instability traceable to Cournot’s assumption of absolutely identical products. Consider two sellers, A and B, on a street of length ll, located at distances aa and bb from the two ends, with a constant transportation cost cc per unit distance. A consumer located between the firms is indifferent between them when total cost—price plus travel—is equalized. Writing xx and yy for the lengths of the market segments captured to the inside of A and B respectively, the indifferent consumer satisfies

p1+cx=p2+cy,(31.1)
p_1 + cx = p_2 + cy,
 \qquad(31.1)

while the segments partition the street,

a+x+y+b=l.(31.2)
a + x + y + b = l .
 \qquad(31.2)

Solving Equation 31.1 and Equation 31.2 jointly gives the marginal boundaries

x=12(l−a−b+p2−p1c),y=12(l−a−b+p1−p2c).(31.3)
x = \tfrac{1}{2}\!\left(l - a - b + \frac{p_2 - p_1}{c}\right), \qquad
y = \tfrac{1}{2}\!\left(l - a - b + \frac{p_1 - p_2}{c}\right).
 \qquad(31.3)

Each firm’s demand is the length of the street it captures, q1=a+xq_1 = a + x and q2=b+yq_2 = b + y, so with zero marginal cost the profit functions are

π1=p1q1=12(l+a−b)p1−p122c+p1p22c,π2=p2q2=12(l−a+b)p2−p222c+p1p22c.(31.4)
\begin{aligned}
\pi_1 = p_1 q_1 &= \tfrac{1}{2}(l + a - b)\,p_1 - \frac{p_1^2}{2c} + \frac{p_1 p_2}{2c},\\
\pi_2 = p_2 q_2 &= \tfrac{1}{2}(l - a + b)\,p_2 - \frac{p_2^2}{2c} + \frac{p_1 p_2}{2c}.
\end{aligned}
 \qquad(31.4)

The price equilibrium follows from the first-order conditions ∂π1/∂p1=0\partial \pi_1/\partial p_1 = 0 and ∂π2/∂p2=0\partial \pi_2/\partial p_2 = 0, namely

12(l+a−b)−p1c+p22c=0,12(l−a+b)−p2c+p12c=0,(31.5)
\tfrac{1}{2}(l + a - b) - \frac{p_1}{c} + \frac{p_2}{2c} = 0, \qquad
\tfrac{1}{2}(l - a + b) - \frac{p_2}{c} + \frac{p_1}{2c} = 0,
 \qquad(31.5)

which solve to the equilibrium prices and quantities

p1=c(l+a−b3),p2=c(l−a−b3),q1=12(l+a−b3),q2=12(l−a−b3),(31.6)
p_1 = c\!\left(l + \frac{a-b}{3}\right),\quad
p_2 = c\!\left(l - \frac{a-b}{3}\right),\qquad
q_1 = \tfrac{1}{2}\!\left(l + \frac{a-b}{3}\right),\quad
q_2 = \tfrac{1}{2}\!\left(l - \frac{a-b}{3}\right),
 \qquad(31.6)

with the second-order conditions satisfied. The substantive payoff is a tension between private and social incentives: in the choice of locations, central planning (“socialism”) outperforms decentralized competition (“capitalism”), because firms have a private incentive to cluster that is socially wasteful.

Hotelling (1929) conjectured a Principle of Minimum Differentiation—that firms locate back-to-back at the market center. d’Aspremont, Gabszewicz, and Thisse (1979) demonstrated that the principle is invalid once the price subgame is treated rigorously, because the linear-transport-cost demand is discontinuous: when prices diverge enough that one firm could undercut and seize the entire market, the profit function jumps. Writing the discontinuity explicitly,

π1(p1,p2)={ap1+12(l−a−b)p1+p1p22c−p122cif |p1−p2|≤c(l−a−b),lp1if p1<p2−c(l−a−b),0if p1>p2+c(l−a−b),(31.7)
\pi_1(p_1, p_2) =
\begin{cases}
a p_1 + \tfrac{1}{2}(l-a-b)p_1 + \dfrac{p_1 p_2}{2c} - \dfrac{p_1^2}{2c} & \text{if } |p_1 - p_2| \le c(l-a-b),\\[2mm]
l\,p_1 & \text{if } p_1 < p_2 - c(l-a-b),\\[1mm]
0 & \text{if } p_1 > p_2 + c(l-a-b),
\end{cases}
 \qquad(31.7)

and symmetrically

π2(p1,p2)={bp2+12(l−a−b)p2+p1p22c−p222cif |p1−p2|≤c(l−a−b),lp2if p2<p1−c(l−a−b),0if p2>p1+c(l−a−b).(31.8)
\pi_2(p_1, p_2) =
\begin{cases}
b p_2 + \tfrac{1}{2}(l-a-b)p_2 + \dfrac{p_1 p_2}{2c} - \dfrac{p_2^2}{2c} & \text{if } |p_1 - p_2| \le c(l-a-b),\\[2mm]
l\,p_2 & \text{if } p_2 < p_1 - c(l-a-b),\\[1mm]
0 & \text{if } p_2 > p_1 + c(l-a-b).
\end{cases}
 \qquad(31.8)

The discontinuity destroys existence of a pure-strategy price equilibrium when firms are close together, so the minimum-differentiation result cannot hold; d’Aspremont, Gabszewicz, and Thisse (1979) restore existence by replacing linear with quadratic transport costs, which yields maximal differentiation instead. The methodological lesson is general: the shape of the transport-cost function is a substantive assumption with first-order consequences, not an innocuous mathematical convenience. KIM and SERFES (2006) later embeds a preference for variety in a location model, foreshadowing the multi-purchase extensions discussed next.



31.4 Positioning Models

Building on the Hotelling skeleton, a stream of work asks where firms locate when the auxiliary assumptions are relaxed. Tabuchi and Thisse (1995) relaxes the assumption that consumers are uniformly distributed. With consumers spread over [0,1][0,1] according to a cumulative distribution F(x)F(x) with F(1)=1F(1)=1, two densities are compared: the traditional uniform f(x)=1f(x)=1 and a triangular f(x)=2−2|2x−1|f(x) = 2 - 2|2x - 1| that concentrates consumers toward the center. Transportation cost is quadratic in distance. The marginal consumer located between firms at x1<x2x_1 < x_2 with prices p1,p2p_1, p_2 is

x‾=p2−p1+x22−x122(x2−x1),(31.9)
\bar{x} = \frac{p_2 - p_1 + x_2^2 - x_1^2}{2(x_2 - x_1)},
 \qquad(31.9)

so that profits are Π1=p1F(x‾)\Pi_1 = p_1 F(\bar{x}) and Π2=p2[1−F(x‾)]\Pi_2 = p_2[1 - F(\bar{x})] when x1<x2x_1 < x_2, with the roles reversed for x1>x2x_1 > x_2 and a Bertrand subgame when x1=x2x_1 = x_2. Tabuchi and Thisse (1995) establishes that when firms choose locations simultaneously and then prices simultaneously, and the density is log-concave, a unique Nash price equilibrium exists. Under the uniform density firms locate as far apart as possible—consistent with shopping centers sited away from city centers, though at the cost of forcing consumers to buy products far from their ideal. Under the triangular density no symmetric location equilibrium exists, but two asymmetric equilibria do, with lower profits for both firms. When locations are instead chosen sequentially and prices simultaneously, the first entrant locates at the market center under both densities—a first-mover result that contrasts with the maximal- differentiation outcome of simultaneous choice.

Sajeesh and Raju (2010) turns to variety-seeking, modeling satiation as a relative reduction in willingness to pay for the previously purchased brand—a form of negative state dependence. The received wisdom held that variety-seeking consumers let firms charge higher prices and earn higher profits; Sajeesh and Raju (2010) shows the opposite, that average prices and profits are lower, because firms cut second-period prices to deter switching. The timing is a three-stage game: firms choose locations simultaneously in period 0, prices simultaneously in period 1, and prices again simultaneously in period 2.

Several papers vary the order and structure of competition. K. S. Moorthy (1988) has two identical firms choose product quality first and then price, a two-stage structure we formalize under vertical differentiation in Section 31.11. Tyagi (2000) extends Hotelling (1929), Tyagi (1999b), and Tabuchi and Thisse (1995) to firms that enter sequentially with different cost structures, and—against the usual presumption that moving first is advantageous—demonstrates a second-mover advantage. KIM and SERFES (2006) allows consumers to make multiple purchases, so that some are loyal to a single brand while others consume more than one product, enriching the demand side beyond unit demand. Shreay, Chouinard, and McCluskey (2015) shows that quantity surcharges across different package sizes of the same product—an apparent violation of quantity discounting—can be rationalized by consumer preferences when the sizes are imperfect substitutes, i.e., differentiated products.



31.5 Oligopoly: Market Structure and Frameworks

The spatial models above derive demand from geometry. The oligopoly tradition begins instead from an aggregate demand function and asks how firms compete given it. Three canonical structures organize the field: Bertrand competition, in which firms set prices; Cournot competition, in which firms set quantities; and Stackelberg competition, the leader–follower structure in which one firm commits before the other. Because everything flows from the demand function, it matters where that function comes from; Richard and Martin (1980) derives aggregate demand from primitives rather than positing it, supplying the microfoundation that the reduced-form models take as given. As noted above, K. S. Moorthy (1988) studies how two firms compete on product quality and price under both simultaneous and sequential timing, bridging the spatial and oligopoly traditions.


31.5.1 Cournot Competition: Simultaneous Quantity Setting

Let two firms produce a homogeneous good with constant marginal costs c1,c2c_1, c_2, so total cost is TCi=ciqiTC_i = c_i q_i. Inverse demand is linear, P(Q)=a−bQP(Q) = a - bQ with Q=q1+q2Q = q_1 + q_2. Each firm chooses its quantity to maximize profit,

π1=[a−b(q1+q2)]q1−c1q1,π2=[a−b(q1+q2)]q2−c2q2.(31.10)
\pi_1 = [a - b(q_1 + q_2)]q_1 - c_1 q_1, \qquad
\pi_2 = [a - b(q_1 + q_2)]q_2 - c_2 q_2 .
 \qquad(31.10)

The first-order conditions define each firm’s reaction (best-response) function,

∂π1∂q1=a−2bq1−bq2−c1=0,∂π2∂q2=a−2bq2−bq1−c2=0,(31.11)
\frac{\partial \pi_1}{\partial q_1} = a - 2 b q_1 - b q_2 - c_1 = 0, \qquad
\frac{\partial \pi_2}{\partial q_2} = a - 2 b q_2 - b q_1 - c_2 = 0,
 \qquad(31.11)

which rearrange to

q1=a−c12b−q22≡R1(q2),q2=a−c22b−q12≡R2(q1).(31.12)
q_1 = \frac{a - c_1}{2b} - \frac{q_2}{2} \equiv R_1(q_2), \qquad
q_2 = \frac{a - c_2}{2b} - \frac{q_1}{2} \equiv R_2(q_1).
 \qquad(31.12)

The Cournot–Nash equilibrium is the intersection of the two reaction functions. Substituting R2R_2 into R1R_1 gives q1=a−c12b−a−c24b+q14q_1 = \frac{a-c_1}{2b} - \frac{a-c_2}{4b} + \frac{q_1}{4}, and solving,

q1*=a−2c1+c23b,q2*=a−2c2+c13b,(31.13)
q_1^* = \frac{a - 2c_1 + c_2}{3b}, \qquad q_2^* = \frac{a - 2c_2 + c_1}{3b},
 \qquad(31.13)

with total quantity Q=2a−c1−c23bQ = \frac{2a - c_1 - c_2}{3b} and equilibrium price P=a−bQ=a+c1+c23P = a - bQ = \frac{a + c_1 + c_2}{3}. The structure is transparent: a firm with lower marginal cost produces more, and the equilibrium price is a simple average of the demand intercept and the two cost levels.



31.5.2 Stackelberg Competition: Sequential Quantity Setting

Now suppose Firm 1 (the leader) chooses quantity in stage 1, and Firm 2 (the follower) responds in stage 2, with common marginal cost c1=c2=cc_1 = c_2 = c. Solving by backward induction, the follower’s stage-2 best response is R2(q1)=a−c2b−q12R_2(q_1) = \frac{a-c}{2b} - \frac{q_1}{2}. The leader anticipates this and chooses q1q_1 to maximize

π1=[a−b(q1+a−c2b−q12)]q1−cq1,(31.14)
\pi_1 = \left[a - b\!\left(q_1 + \frac{a-c}{2b} - \frac{q_1}{2}\right)\right] q_1 - c q_1 ,
 \qquad(31.14)

whose first-order condition a+c2−bq1−c=0\frac{a+c}{2} - b q_1 - c = 0 yields the Stackelberg equilibrium

q1*=a−c2b,q2*=a−c4b.(31.15)
q_1^* = \frac{a - c}{2b}, \qquad q_2^* = \frac{a - c}{4b}.
 \qquad(31.15)

Comparing with the symmetric Cournot outcome q1=q2=a−c3bq_1 = q_2 = \frac{a-c}{3b}, the leader produces more and the follower less than under simultaneous competition. The leader’s ability to commit first—to move down the follower’s reaction function—is worth real profit, which is the analytical content of “first-mover advantage” in quantity competition. Table 31.2 summarizes the contrast.




Table 31.2: Equilibrium quantities under Cournot and Stackelberg with common marginal cost cc





	Quantity
	Cournot (simultaneous)
	Stackelberg (sequential)





	Leader / Firm 1
	a−c3b\dfrac{a-c}{3b}
	a−c2b\dfrac{a-c}{2b}



	Follower / Firm 2
	a−c3b\dfrac{a-c}{3b}
	a−c4b\dfrac{a-c}{4b}



	Total QQ
	2(a−c)3b\dfrac{2(a-c)}{3b}
	3(a−c)4b\dfrac{3(a-c)}{4b}












31.5.3 Differentiation and the Value of Independence

When products are differentiated rather than homogeneous, a firm’s profit depends on how substitutable its product is for its rival’s. Let β\beta index substitutability (higher β\beta meaning closer substitutes) and let dd index a second structural parameter such as a demand or cost asymmetry, with d‾\bar d a threshold. For a “weak” firm WW, the comparative static

dπW*dβ<0for all d<d‾(31.16)
\frac{d \pi_W^*}{d \beta} < 0 \quad \text{for all } d < \bar{d}
 \qquad(31.16)

shows that profit falls as products become closer substitutes, so the weak firm prefers a lower β\beta—it wants a more independent, more differentiated product. For a “strong” firm SS, the relationship is non-monotone in dd:

dπS*dβ<0over a range d<d‾,(31.17)
\frac{d \pi_S^*}{d \beta} < 0 \quad \text{over a range } d < \bar{d},
 \qquad(31.17)

so that the strong firm’s profit rises as β\beta falls when dd is small, but rises as β\beta increases when dd is large. The substantive reading is that strong firms can benefit from less differentiation (closer substitutes) precisely when the structural asymmetry dd is large, because their strength lets them win the more intense competition that proximity creates—whereas weak firms always seek the shelter of differentiation.




31.6 Entry, Retail Structure, and Conspicuous Consumption

The market-structure machinery extends naturally to questions of entry and the vertical organization of retailing. Dixit (1980) reconsiders the Bain–Sylos postulate, under which an incumbent builds enough capacity to render entry unprofitable. The key insight is one of credibility: investment in capacity deters entry only if it is an irreversible commitment, because if the incumbent can costlessly change capacity after entry, the threat is empty and the incumbent cannot in fact deter entry. Commitment, not capacity per se, is what does the strategic work—a theme shared with the Stackelberg leader’s first-mover commitment.

Tyagi (1999a) decomposes the effect of an additional retailer on prices. The entry of the (n+1)(n+1)-st retailer sets two forces against each other: a competition effect that lowers retail prices, and an input-cost effect on the wholesale price. Manufacturers, gaining bargaining power as the number of retailers grows, may raise the wholesale price; because each retailer’s quantity choice depends on the wholesale price, this can raise downstream prices, partially or wholly offsetting the competition effect. More retailers therefore need not mean lower consumer prices. Jerath, Sajeesh, and Zhang (2016) reaches a related conclusion through a different channel: when an organized retailer enters a market, inefficient unorganized retailers exit, and the surviving unorganized retailers raise their prices, leaving customers worse off.

Conspicuous consumption introduces consumption externalities into the Hotelling framework. Amaldoss and Jain (2005) models two opposing motives in the pricing of conspicuous goods—a desire for uniqueness and a desire for conformism—and shows they push prices in opposite directions: greater desire for uniqueness raises equilibrium prices and profits, whereas greater desire for conformity lowers them. For a snob who dislikes crowding, utility from the two firms is

UA=V−pA−θts−λs(nA),UB=V−pB−(1−θ)ts−λs(nB),(31.18)
U_A = V - p_A - \theta t_s - \lambda_s(n_A), \qquad
U_B = V - p_B - (1-\theta) t_s - \lambda_s(n_B),
 \qquad(31.18)

while for a conformist who values crowding, the externality enters with the opposite sign,

UA=V−pA−θts+λc(nA),UB=V−pB−(1−θ)ts+λc(nB),(31.19)
U_A = V - p_A - \theta t_s + \lambda_c(n_A), \qquad
U_B = V - p_B - (1-\theta) t_s + \lambda_c(n_B),
 \qquad(31.19)

where θ\theta is the consumer’s Hotelling position, tst_s the transport cost, λs\lambda_s and λc\lambda_c the sensitivities to the externality, and nA,nBn_A, n_B the numbers buying each brand. The novel solution concept is rational-expectations equilibrium: the number of buyers a consumer expects must equal the number that in fact materializes. Let θs\theta_s mark the marginal snob and θc\theta_c the marginal conformist, with β\beta the fraction of snobs in the market. Setting UA=UBU_A = U_B for each segment pins down θs\theta_s and θc\theta_c, and the expectations consistency conditions are

βθs+(1−β)θc=nA,β(1−θs)+(1−β)(1−θc)=nB,(31.20)
\beta \theta_s + (1-\beta)\theta_c = n_A, \qquad
\beta(1-\theta_s) + (1-\beta)(1-\theta_c) = n_B,
 \qquad(31.20)

where βθs\beta \theta_s is the mass of snobs buying from A, (1−β)θc(1-\beta)\theta_c the mass of conformists buying from A, and the remaining terms the masses buying from B. The equilibrium expectation is realized: what consumers anticipate is what occurs. This expectation is not an empirical expectation in the statistical sense 𝔼[⋅]\mathbb{E}[\cdot]—it carries no measurement error—but an internal-consistency requirement of the model. The striking comparative static, confirmed both analytically and in laboratory tests, is that a price increase can raise snobs’ desire to buy, because higher price enhances the exclusivity the snob values.

Limited editions and exclusivity round out the theme. Balachander and Stock (2009) shows that adding a limited-edition product has a positive direct effect on profits, through the higher willingness to pay it commands, but a negative strategic effect, through the intensified price competition it triggers between brands. Under vertical (quality) differentiation, the high-quality brand gains from limited editions; under horizontal (taste) differentiation, the negative strategic effect lowers equilibrium profits for both brands, yet both still introduce limited editions because not doing so is dominated—a prisoners’-dilemma structure. Sajeesh, Hada, and Raju (2020) distinguishes functionality-oriented from exclusivity-oriented consumer segments and shows that firms increase value enhancements when functionality-oriented consumers perceive greater product differentiation, but decrease them when exclusivity-oriented consumers do, because exclusivity is undercut by enhancements that everyone can enjoy.



31.7 Market Response Models

Optimization of marketing spend requires a function mapping inputs to outputs. The market-response model is that function. Its inputs are marketing instruments— selling effort, advertising spending, promotional spending—and its outputs are sales, share, profit, and awareness. The modeling problem is to choose a functional form flexible enough to capture the empirical regularities of how output responds to input, yet parsimonious enough to estimate and to optimize. Figure 31.2 sets out this input–output logic: controllable marketing actions enter the response function, which maps them to the observed market outcomes.
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Figure 31.2: The input–output logic of a market-response model. Marketing actions are the controllable inputs; observed market outcomes are the outputs; the response function is the mapping the modeler must specify and estimate.








A good dynamic response model captures several stylized facts. Sales response is dynamic, with a growth rate and a decay rate that differ; the steady-state response can be concave or S-shaped, with positive sales even at zero advertising; competitive effects matter; advertising effectiveness itself shifts with media, copy, and other factors; and sales continue to rise or fall even while advertising is held constant. Saunders codified a finer list of phenomena any response form might need to reproduce: zero output at zero input; a linear input–output relationship; decreasing returns to scale; an output ceiling (saturation); increasing returns to scale; an S-shaped pattern in which returns first increase then decrease; a threshold below which input produces no output; and a supersaturation point beyond which additional input reduces output.


31.7.1 A Catalogue of Aggregate Response Forms

No single functional form reproduces every phenomenon, so the modeler chooses among a catalogue, each member of which buys some flexibility at the cost of some. The linear model Y=a+bXY = a + bX is the simplest but admits only constant returns and so cannot represent concave, convex, or S-shaped response. The power-series / polynomial model Y=a+bX+cX2+dX3+⋯Y = a + bX + cX^2 + dX^3 + \cdots adds curvature but cannot capture saturation or a threshold. The fractional-root / power model Y=a+bXcY = a + bX^c fixes the exponent cc in advance: c=12c = \tfrac12 gives the square-root model, c=−1c = -1 the reciprocal model, c=1c = 1 the linear case, c<1c < 1 decreasing returns, c>1c > 1 increasing returns; when a=0a = 0, cc is the constant elasticity. The semilog model Y=a+blnXY = a + b\ln X suits situations in which a constant percentage increase in effort yields a constant absolute increase in sales. The exponential model Y=aebXY = a e^{bX} (for X>0X > 0) gives increasing, convex returns when b>0b > 0 and decreasing returns with saturation when b<0b < 0. The modified exponential Y=a(1−e−bX)+cY = a(1 - e^{-bX}) + c delivers decreasing returns and saturation, with upper bound a+ca + c and lower bound cc, and is the workhorse for selling-effort response. The logistic Y=aa+e−(b+cX)+dY = \frac{a}{a + e^{-(b + cX)}} + d produces increasing-then-decreasing returns—an S-shape—with saturation at a+da + d, and is preferred when both saturation and an S-shape are required; the Gompertz model is a related asymmetric S-curve.

The ADBUDG model of Little (1970),

Y=b+(a−b)Xcd+Xc,(31.21)
Y = b + (a - b)\frac{X^c}{d + X^c},
 \qquad(31.21)

is the most versatile of the single-instrument forms: it is S-shaped when c>1c > 1 and concave with a saturation effect when 0<c<10 < c < 1, with upper bound aa and lower bound bb. It passes through the origin or not as specified, handles concavity, saturation, and S-shapes within one expression, and is standard for advertising and selling-effort response. Multiple instruments are accommodated additively, Y=af(X1)+bg(X2)Y = a f(X_1) + b g(X_2); multiplicatively, Y=aX1bX2cY = a X_1^b X_2^c with bb and cc as elasticities, or more generally Y=af(X1)⋅bg(X2)Y = a f(X_1)\cdot b g(X_2); or in a combined multiplicative-and-additive form Y=af(X1)+bg(X2)+cf(X1)g(X2)Y = a f(X_1) + b g(X_2) + c f(X_1) g(X_2) that allows interaction between instruments. Finally, the dynamic response model Yt=a0+a1Xt+λYt−1Y_t = a_0 + a_1 X_t + \lambda Y_{t-1} separates the current effect a1a_1 from the carry-over effect λ\lambda, the lagged influence of past sales on present sales.



31.7.2 Dynamic Effects and Adstock

Marketing effects rarely land all at once. The carry-over effect captures how current expenditure influences future sales—advertising adstock is precisely this lagged effect of advertising on sales. Related dynamics include the delayed-response effect (a lag between investment and impact), customer-holdout effects, hysteresis (persistent effects that do not reverse when spend reverses), new-trier and wear-out effects, and stocking effects whereby promotions shift purchase timing. The simplest decay model writes adstock as a geometrically weighted sum of current and lagged spend,

At=Tt+λTt−1,t=1,2,…,(31.22)
A_t = T_t + \lambda T_{t-1}, \qquad t = 1, 2, \dots,
 \qquad(31.22)

where AtA_t is adstock at time tt, TtT_t is advertising spend at tt, and λ\lambda is the decay (lag-weight) parameter governing how slowly past advertising depreciates.

Response models can be classified along six axes that, together, determine which form is appropriate: the number of marketing variables; whether competition is included; the nature of the input–output relationship (linear versus S-shaped); whether the setting is static or dynamic; whether response is individual or aggregate; and the level of demand analyzed (sales versus market share).



31.7.3 From Category Sales to Brand Share

Brand sales factor into category demand and within-category share, Y=M×VY = M \times V, where YY is brand sales, VV is product-class (category) sales, and MM is market share. The dominant family for the share component is the attraction model, in which a brand’s share equals its attractiveness relative to the total attractiveness in the category,

Mi=AiA1+⋯+An,(31.23)
M_i = \frac{A_i}{A_1 + \cdots + A_n},
 \qquad(31.23)

with AiA_i the attractiveness of brand ii. Attraction models guarantee shares that are non-negative and sum to one—a logical-consistency property that ad hoc share regressions lack.

At the individual level, the multinomial logit model gives the probability that consumer ii chooses brand ll as

Pil=eAil∑jeAij,(31.24)
P_{il} = \frac{e^{A_{il}}}{\sum_j e^{A_{ij}}},
 \qquad(31.24)

where Aij=∑kwkbijkA_{ij} = \sum_k w_k b_{ijk} is the attractiveness of product jj to consumer ii, bijkb_{ijk} is consumer ii’s evaluation of product jj on attribute kk, the sum running over the products ii considers, and wkw_k is the importance weight on attribute kk. The logit is the individual-level microfoundation of the aggregate attraction model and the bridge to the choice-modeling tradition of Peter M. Guadagni and Little (1983b); we treat its estimation in the conjoint and choice-modeling discussion below.



31.7.4 Worked Illustration: Estimating an ADBUDG Response Curve

To make the response-modeling apparatus concrete, the following code simulates an advertising response that is genuinely S-shaped, then recovers the ADBUDG parameters by nonlinear least squares and plots the fit, shown in Figure 31.3. The example is seeded for reproducibility.


set.seed(2026)

# True ADBUDG parameters: Y = b + (a - b) * X^c / (d + X^c)
a_true <- 100   # upper bound (saturation)
b_true <- 5     # lower bound (sales at zero advertising)
c_true <- 2.2   # S-shape (c > 1)
d_true <- 40

adbudg <- function(X, a, b, c, d) b + (a - b) * X^c / (d + X^c)

X <- seq(0, 10, length.out = 60)
Y_mean <- adbudg(X, a_true, b_true, c_true, d_true)
Y <- Y_mean + rnorm(length(X), sd = 4)

fit <- nls(
  Y ~ b + (a - b) * X^c / (d + X^c),
  start = list(a = 90, b = 10, c = 1.5, d = 30)
)

round(coef(fit), 2)
#>     a     b     c     d 
#> 89.38  2.71  2.42 39.16

plot(X, Y, pch = 16, col = "grey50",
     xlab = "Advertising spend (X)", ylab = "Sales response (Y)")
lines(X, predict(fit, newdata = list(X = X)), lwd = 2)
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Figure 31.3: Simulated advertising response with an S-shaped ADBUDG curve recovered by nonlinear least squares. Points are noisy observations; the line is the fitted response function.











31.8 Conjoint and Augmented Conjoint Analysis

Conjoint analysis estimates how consumers trade off product attributes, and the analytical-modeling literature has extended it from preference measurement toward managerially decisive quantities such as reservation prices. The core of conjoint is treated in Section 37.2; here the concern is the augmentations that connect attribute part-worths to pricing and demand.

Jedidi and Zhang (2002) augments conjoint to estimate consumer reservation prices—the maximum a consumer would pay—rather than mere preference rankings. Starting from a rating-based utility specification

Utility (rating)=α+∑iβiAttributei,(31.25)
\text{Utility (rating)} = \alpha + \sum_i \beta_i\, \text{Attribute}_i,
 \qquad(31.25)

with α\alpha a baseline constant and βi\beta_i the part-worth of attribute ii, the method maps estimated part-worths into reservation prices for a product in a category. The resulting estimates support decisions about product introduction, the switching effect (consumers drawn from rival brands), the cannibalization effect (consumers drawn from the firm’s own existing products), and the market-expansion effect (new demand created). Netzer and Srinivasan (2011) decomposes conjoint into a sequence of constant-sum paired-comparison questions, which not only estimates attribute importances but also yields standard errors for each importance weight—a statistical refinement that lets the analyst distinguish attributes that genuinely matter from those whose apparent importance is noise.



31.9 Distribution Channels

A channel is a vertical sequence of firms—manufacturers upstream, retailers downstream—each setting prices or quantities to maximize its own profit. The central analytical phenomenon is double marginalization: when an upstream firm marks up over cost and a downstream firm marks up again over the wholesale price, the final price exceeds the integrated-monopoly price and channel profit falls. Whether to integrate, and how to coordinate, are the questions the channel literature answers.

McGuire and Staelin (1983) is the foundational treatment. Two manufacturers produce differentiated, competing products and reach consumers through downstream retailers. Three vertical structures are compared: a decentralized system with two manufacturers and two independent retailers (four players); a vertically integrated system in which each manufacturer owns its retailing (two players); and a mixed system with one integrated manufacturer and one manufacturer–independent-retailer pair (three players). Each retail outlet faces a downward-sloping demand qi=fi(p1,p2)q_i = f_i(p_1, p_2); under the decentralized system the Nash-equilibrium retail demands become functions of the wholesale prices, qi*=gi(w1,w2)q_i^* = g_i(w_1, w_2). The decision variables are prices, not quantities, and retail demand is assumed linear in prices. Figure 31.4 contrasts the three vertical structures, from the fully decentralized four-player system to the fully integrated two-player one.
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Figure 31.4: Three vertical channel structures in McGuire and Staelin (1983). Left: fully decentralized (four players). Center: mixed (three players). Right: fully integrated (two players). The optimal structure depends on the degree of retail-level substitutability.








The demand system, after specifying linear retail demands, is

q1′=μS[1−β1−θp1′+βθ1−θp2′],(31.26)
q_1' = \mu S\!\left[1 - \frac{\beta}{1-\theta}\,p_1' + \frac{\beta\theta}{1-\theta}\,p_2'\right],
 \qquad(31.26)

q2′=(1−μ)S[1+βθ1−θp1′−β1−θp2′],(31.27)
q_2' = (1-\mu) S\!\left[1 + \frac{\beta\theta}{1-\theta}\,p_1' - \frac{\beta}{1-\theta}\,p_2'\right],
 \qquad(31.27)

with 0≤μ,θ≤10 \le \mu, \theta \le 1 and β,S>0\beta, S > 0. Here SS is a scale factor equal to industry demand q′≡q1′+q2′q' \equiv q_1' + q_2' at zero prices, μ\mu governs the asymmetry in demand between firms, and θ\theta measures substitutability—the ratio of the cross-price sensitivity to the own-price sensitivity. At θ=0\theta = 0 demands are independent and each firm is a monopolist; as θ→1\theta \to 1 the products become maximally substitutable. Feasibility requires that prices cover fixed manufacturing and selling costs m′m' and s′s' and that demands stay non-negative,

P={p1′,p2′∣pi′−m′−s′≥0,i=1,2;(1−θ)−βp1′+βθp2′≥0,(1−θ)+βθp1′−βp2′≥0},(31.28)
P = \{\, p_1', p_2' \mid p_i' - m' - s' \ge 0,\ i=1,2;\ (1-\theta) - \beta p_1' + \beta\theta p_2' \ge 0,\ (1-\theta) + \beta\theta p_1' - \beta p_2' \ge 0 \,\},
 \qquad(31.28)

which forces β≤1m′+s′\beta \le \frac{1}{m' + s'}; and for industry demand not to rise with either price, θ1+θ≤μ≤11+θ\frac{\theta}{1+\theta} \le \mu \le \frac{1}{1+\theta}. After rescaling, industry demand is q=2(1−θ)(p1+p2)q = 2(1-\theta)(p_1 + p_2).

The central result connects channel design to substitutability. When each manufacturer is a monopolist (θ=0\theta = 0), selling through a private (independent) channel is twice as profitable as integrating. When demand is maximally driven by rival retailers’ actions (θ→1\theta \to 1), private dealers are three times as profitable. The break-even degree of substitutability is θ≈0.708\theta \approx 0.708. The conclusion is that the optimal distribution system depends on the degree of substitutability at the retail level: decentralization, by softening downstream price competition, can be a strategic asset rather than merely a source of double marginalization.

A complementary literature studies channel coordination devices. Jeuland and Shugan (2008) catalogues four rationales for quantity discounts—cost-based economies of scale, demand-based reasons (large buyers are more price-sensitive), strategic single-sourcing, and channel coordination—and contributes the last, showing how a quantity-discount schedule can align an independent retailer’s incentives with the manufacturer’s. K. S. Moorthy (1987) analyzes second-degree price discrimination as a channel and screening device, while Geylani, Dukes, and Srinivasan (2007) and Jerath and Zhang (2010) extend the channel framework to the strategic interaction between powerful retailers and manufacturers.



31.10 Advertising Models

Advertising enters consumer utility through three distinct mechanisms, and the choice among them is the central modeling decision. Informative advertising increases overall demand for the brand by informing more consumers of its existence; persuasive advertising shifts demand toward the brand by raising perceived value or loyalty; comparative advertising shifts demand away from a competitor. The spatial Hotelling framework hosts all three cleanly. With nn consumers distributed uniformly along the line—an apt assumption for a mature market with stable demand—base utilities are

UA=V−pA−tx,UB=V−pB−t(1−x),(31.29)
U_A = V - p_A - t x, \qquad U_B = V - p_B - t(1-x),
 \qquad(31.29)

where tt is the transport cost, reinterpretable here as a return-on-advertising parameter.

Persuasive advertising can be modeled as scaling the value term, UA=AAV−pA−txU_A = A_A V - p_A
- tx, or as raising the reservation price through a concave transformation, UA=AdAV−pA−txU_A =
\sqrt{Ad_A}\,V - p_A - tx, or as effectively pulling the firm’s product closer to the consumer’s ideal, UA=V−pA−txAdAU_A = V - p_A - \frac{tx}{\sqrt{Ad_A}}. Comparative advertising instead inflates the rival’s effective distance,

UA=V−pA−tAdBx,UB=V−pB−tAdA(1−x).(31.30)
U_A = V - p_A - t\sqrt{Ad_B}\,x, \qquad U_B = V - p_B - t\sqrt{Ad_A}\,(1-x).
 \qquad(31.30)

The marginal consumer solves UA=UBU_A = U_B, giving

x=1tAdA+tAdB(−pA+pB+tAdA),(31.31)
x = \frac{1}{t\sqrt{Ad_A} + t\sqrt{Ad_B}}\left(-p_A + p_B + t\sqrt{Ad_A}\right),
 \qquad(31.31)

so the (concave) profit functions, net of advertising cost, are

πA=pAxn−ϕAdA,πB=pB(1−x)n−ϕAdB,(31.32)
\pi_A = p_A\, x\, n - \phi\, Ad_A, \qquad \pi_B = p_B (1-x)\, n - \phi\, Ad_B,
 \qquad(31.32)

with ϕ\phi the per-unit cost of advertising (higher for television than for online, say) and tt interpreted as the return on advertising. Solving the price subgame conditional on advertising levels yields

pA=23tAdA+13tAdB,pB=13tAdA+23tAdB.(31.33)
p_A = \tfrac{2}{3} t\sqrt{Ad_A} + \tfrac{1}{3} t\sqrt{Ad_B}, \qquad
p_B = \tfrac{1}{3} t\sqrt{Ad_A} + \tfrac{2}{3} t\sqrt{Ad_B}.
 \qquad(31.33)

Prices rise with advertising intensity—invest more, charge more—and each firm’s price rises in its rival’s advertising as well. Optimizing advertising given these prices, the symmetric competitive equilibrium is

AdA=AdB=25t2n2576ϕ2,pA=pB=5t2n24ϕ.(31.34)
Ad_A = Ad_B = \frac{25\, t^2 n^2}{576\, \phi^2}, \qquad p_A = p_B = \frac{5\, t^2 n}{24\, \phi}.
 \qquad(31.34)

As the cost of advertising ϕ\phi rises, firms advertise less; as the return tt rises, they benefit more. Notably, equilibrium prices are higher with advertising than without it. Because colluding on prices is illegal and easily detected while colluding on advertising is hard to observe, firms may tacitly coordinate on advertising—pulsing, for instance.2 Setting a common collusive level AdA=AdB=AdAd_A = Ad_B = Ad,

AdA=AdB=t2n216ϕ2>25t2n2576ϕ2,(31.35)
Ad_A = Ad_B = \frac{t^2 n^2}{16\, \phi^2} > \frac{25\, t^2 n^2}{576\, \phi^2},
 \qquad(31.35)

the collusive advertising level exceeds the competitive one, supporting higher prices and leaving consumers worse off. A model combining comparative and persuasive advertising writes the rival’s relative advertising into the transport term,

UA=V−pA−txAdBAdA,UB=V−pB−t(1−x)AdAAdB.(31.36)
U_A = V - p_A - tx\,\frac{\sqrt{Ad_B}}{\sqrt{Ad_A}}, \qquad
U_B = V - p_B - t(1-x)\,\frac{\sqrt{Ad_A}}{\sqrt{Ad_B}} .
 \qquad(31.36)

Informative advertising, by contrast, works by increasing the number nn of potential customers—the natural specification for a new product whose pool of aware consumers is still growing. A subtle assumption throughout is that the advertising decision precedes the pricing decision, which is reasonable because prices are easy to adjust while advertising budgets are committed at the start of a period. Consumption itself responds to availability: consumers consume more when stock is plentiful and less when it is scarce (Ailawadi and Neslin 1998).

The empirical and theoretical literature refines these mechanisms. Villas-Boas (1993) shows that under monopoly, firms do better to pulse—alternating between a minimum and an efficient level of advertising—because the advertising response function is S-shaped; the analysis assumes Markov strategies, so that current actions depend only on payoff-relevant state rather than on history, and establishes that if the loss from letting the consideration level lapse exceeds the efficient advertising expenditure, the unique Markov-perfect equilibrium has both firms always advertising.

Nelson (1974) supplies the information-economics foundation that distinguishes advertising by what consumers can verify. Search qualities are knowable before purchase; experience qualities are not. Misleading advertising risks credibility and imposes the cost of processing non-buying customers, and there is an inverse association between quality produced and utility-adjusted price. Firms that wish to sell more advertise more, and they advertise to their natural audience—those whose tastes a brand best serves are the most likely to see its advertisement. Advertising for experience qualities conveys information indirectly (chiefly by signaling that the seller finds it worthwhile to advertise), whereas advertising for search qualities conveys it directly. Goods are accordingly classified by whether their quality variation is search- or experience-based, into experience durables, experience nondurables, and search goods. Experience goods are advertised more, because advertising raises sales by raising the seller’s reputability; the marginal revenue of advertising is nonetheless higher for search goods, which concentrate in newspapers and magazines while experience goods migrate to other media. For experience goods, word of mouth is a better information source than advertising, and purchase frequency moderates the contrast—low- frequency purchases lean on word of mouth. When laws against deception are moderately enforced, deceptive advertising flourishes: too little enforcement and consumers distrust all claims, too much and deception is deterred, but a moderate regime lets consumers believe and advertisers cheat, which is why experience goods—where enforcement concentrates—carry more deceptive advertising.

Targeting sharpens these effects. Iyer, Soberman, and Villas-Boas (2005) shows that firms advertising to their targeted market—consumers with a strong preference for their product—rather than to competitors’ loyalists endogenously increase market differentiation and raise equilibrium profits. Targeted advertising is more valuable than targeted pricing: targeted advertising raises profits whether or not firms also price-discriminate, whereas targeted pricing merely intensifies competition for comparison shoppers without improving equilibrium profits. The mass of comparison shoppers is s=1−2hs = 1 - 2h, where hh is the size of each firm’s loyal segment and thus also indexes the differentiation between firms; AA denotes the cost of advertising to the entire market and rr the reservation price. Yuxin Chen et al. (2009) distinguishes combative from constructive advertising and integrates the informative, complementary, and persuasive mechanisms: informative advertising raises awareness, lowers search costs, and increases differentiation; complementary advertising raises utility by signaling social prestige; persuasive advertising lowers price sensitivity, with combative advertising a special case. Consumer response moderates the effect of combative advertising on price competition—it generally decreases competition, but it increases competition when consumer preferences are biased toward advertising firms and disfavored firms cannot advertise and can only respond on price, because an advertising war then spills into a price war.



31.11 Product Differentiation, Quality, and Asymmetric Information

Differentiation comes in two forms with very different welfare logic. Horizontal differentiation means different consumers prefer different products—there is no universal ranking—and is naturally represented by a quadratic taste loss,

U=V−p−t(θ−a)2,(31.37)
U = V - p - t(\theta - a)^2,
 \qquad(31.37)

where θ\theta is the consumer’s ideal point and aa the product’s location. Vertical differentiation means one product is unambiguously better: all consumers agree on the ranking and differ only in willingness to pay for quality. With qualities sA,sBs_A, s_B and a taste parameter θ\theta,

UA=θsA−pA,UB=θsB−pB,(31.38)
U_A = \theta s_A - p_A, \qquad U_B = \theta s_B - p_B,
 \qquad(31.38)

where θ\theta is the consumer’s position on the quality-valuation line and a consumer buys only if utility is non-negative. Taking BB as the higher-quality product, the consumer indifferent between the two is found from θsB−pB=θsA−pA\theta s_B - p_B = \theta s_A -
p_A, giving the boundary

θ‾=pB−pAsB−sA.(31.39)
\bar{\theta} = \frac{p_B - p_A}{s_B - s_A}.
 \qquad(31.39)

At equal prices every consumer prefers the higher quality, the characteristics approach treating a product as the bundle of its characteristics.

K. S. Moorthy (1988) closes the vertical-differentiation model with quality-dependent costs. With profits πA=(pA−csA2)(shareA)\pi_A = (p_A - c s_A^2)\,\text{(share}_A) and πB=(pB−csB2)(shareB)\pi_B = (p_B - c s_B^2)\,
\text{(share}_B) and the lower boundary θ‾2=pA/sA\bar\theta_2 = p_A / s_A marking the consumer indifferent between buying the low-quality product and not buying, the two firms choose qualities first and prices second, and differentiate their qualities to relax price competition. Wauthy (1996) characterizes when the market is covered: with θ\theta drawn over a support of width b/ab/a, full coverage requires

2≤ba≤2s2+s1s2−s1.(31.40)
2 \le \frac{b}{a} \le \frac{2 s_2 + s_1}{s_2 - s_1}.
 \qquad(31.40)

A modeling subtlety follows: with θ∈[0,1]\theta \in [0,1] one cannot simultaneously have full market coverage, so the support is often re-specified, for instance

θ∈{[1,4]if b/a=4,[1,2]if b/a=2,(31.41)
\theta \in
\begin{cases}
[1,4] & \text{if } b/a = 4,\\
[1,2] & \text{if } b/a = 2,
\end{cases}
 \qquad(31.41)

to obtain coverage while preserving the vertical structure.


31.11.1 Asymmetric Information: Adverse Selection and Signaling

Quality is often unobservable at the point of purchase, and the consequences are profound. Two failures must be distinguished by their timing relative to the contract. Adverse selection is a pre-contract problem: a relevant characteristic is uncertain before agreement. Moral hazard is a post-contract problem: intentions or actions are hidden after agreement. The adverse-selection problem can unravel a market entirely.

A transparent setup adapts Akerlof’s used-car market. Car quality is θ∈[0,1]\theta \in [0,1]; a seller owning a car of type θ\theta values it at θ\theta, while a buyer’s willingness to pay is 32θ\tfrac{3}{2}\theta, so trade is mutually beneficial whenever it occurs. If quality is observable to both sides, any price p(θ)∈[θ,32θ]p(\theta) \in [\theta, \tfrac{3}{2}
\theta] supports trade and both parties gain. If quality is unobservable but symmetrically so—neither side knows θ\theta, which is uniform—then 𝔼[θ]=12\mathbb{E}[\theta] =
\tfrac12, the seller’s expected value is 12\tfrac12, the buyer’s is 32⋅12=34\tfrac{3}{2}\cdot
\tfrac12 = \tfrac34, and trade occurs at any p∈[12,34]p \in [\tfrac12, \tfrac34]. But under genuine asymmetric information—only the seller knows θ\theta—a seller offers a car only if p≥θp \ge \theta, so the cars on offer have quality in [0,p][0, p], and a buyer reasoning correctly computes 𝔼[θ∣θ≤p]=12p\mathbb{E}[\theta \mid \theta \le p] = \tfrac12 p, giving buyer utility 34p<p\tfrac34 p < p. The buyer’s value falls short of the price for every pp, and no trade occurs. Asymmetric information, not uncertainty per se, is what destroys the market.

Akerlof (1970) is the founding analysis of this adverse-selection mechanism, framed as the relationship between quality and uncertainty in the automobile market across a 2×22\times 2 of used-versus-new and good-versus-bad. Let qq be the probability of a good car and 1−q1-q the probability of a lemon. Sellers know the probability that a given car is bad; buyers do not, and pay the same price for a lemon as for a good car. The result contrasts with Gresham’s law: bad money drives out good only because the exchange rate is fixed and the two are distinguishable, whereas the buyer cannot tell a good car from a lemon at all. Formally, demand depends on price and average quality, Qd=D(p,μ)Q^d = D(p, \mu); supply depends on price, S=S(p)S = S(p); and average quality is itself a function of price, μ=μ(p)\mu = \mu(p), with equilibrium S(p)=D(p,μ(p))S(p) = D(p, \mu(p))—and the punchline is that at no price will any trade happen.

Akerlof (1970) makes this concrete with two trader groups. The first has utility U1=M+∑i=1nxiU_1 = M +
\sum_{i=1}^n x_i and the second U2=M+∑i=1n32xiU_2 = M + \sum_{i=1}^n \tfrac{3}{2} x_i, where MM is consumption of other goods, xix_i is the quality of car ii, and nn the number of cars, with incomes Y1,Y2Y_1, Y_2. Group-1 demand is

D1={Y1/pif μ/p>1,0if μ/p<1,(31.42)
D_1 =
\begin{cases}
Y_1 / p & \text{if } \mu/p > 1,\\
0 & \text{if } \mu/p < 1,
\end{cases}
 \qquad(31.42)

and with quality uniform, the supply offered by group 1 is S1=pN/2S_1 = pN/2 for p≤2p \le 2, carrying average quality μ=p/2\mu = p/2. Group-2 demand is

D2={Y2/pif 32μ>p,0if 32μ<p,(31.43)
D_2 =
\begin{cases}
Y_2 / p & \text{if } \tfrac{3}{2}\mu > p,\\
0 & \text{if } \tfrac{3}{2}\mu < p,
\end{cases}
 \qquad(31.43)

with S2=0S_2 = 0. Total demand under asymmetric information is therefore

D(p,μ)={(Y1+Y2)/pif p<μ,Y2/pif μ<p<32μ,0if p>32μ,(31.44)
D(p, \mu) =
\begin{cases}
(Y_1 + Y_2)/p & \text{if } p < \mu,\\
Y_2 / p & \text{if } \mu < p < \tfrac{3}{2}\mu,\\
0 & \text{if } p > \tfrac{3}{2}\mu,
\end{cases}
 \qquad(31.44)

and since average quality at price pp is μ=p/2\mu = p/2, the middle and upper branches bind and no trade occurs. Under symmetric information the market revives: with quality uniform on [0,2][0,2], supply is S(p)=NS(p) = N for p>1p > 1 and zero otherwise, demand is (Y1+Y2)/p(Y_1+Y_2)/p for p<1p<1, Y2/pY_2/p for 1<p<321<p<\tfrac32, and zero above, and equilibrium price is

p={1if Y2<N,Y2/Nif 23Y2<N<Y2,32if N<23Y2,(31.45)
p =
\begin{cases}
1 & \text{if } Y_2 < N,\\
Y_2 / N & \text{if } \tfrac{2}{3}Y_2 < N < Y_2,\\
\tfrac{3}{2} & \text{if } N < \tfrac{2}{3}Y_2,
\end{cases}
 \qquad(31.45)

so trade resumes once quality is commonly observed. The mechanism generalizes to insurance for the elderly, the employment of minorities, the cost of dishonesty, and credit markets in developing economies, and the institutional remedies—guarantees, brand names, retail chains, and licensing—are precisely the devices that re-establish trust where quality is uncertain.

Spence (1973) builds the signaling response to adverse selection on Akerlof’s foundation. Two worker types produce one and two units respectively, with a fraction α\alpha of type 1 and 1−α1-\alpha of type 2, so average productivity is 𝔼[P]=α+2(1−α)=2−α\mathbb{E}[P] = \alpha + 2(1-
\alpha) = 2 - \alpha. Workers can signal type through education, whose cost is EE for type 1 and E/2E/2 for the more able type 2. A separating equilibrium requires the signal to be incentive-compatible: type 1 must find it not worthwhile to acquire the education, 2−E<1⇒E>12 - E < 1 \Rightarrow E > 1, while type 2 must find it worthwhile, 2−E/2>1⇒E<22 - E/2 > 1
\Rightarrow E < 2. Any cost 1<E<21 < E < 2 therefore sustains a separating equilibrium in which education credibly distinguishes the types even though it adds nothing to productivity—the canonical demonstration that a costly, otherwise-useless signal can convey information when its cost is differentially borne.

S. Moorthy and Srinivasan (1995) carries the signaling logic into marketing through money-back guarantees. A guarantee signals quality, the transaction cost being whatever the buyer or seller pays to redeem it; the guarantee refunds the purchase price without compensating the buyer’s own return expense. If signaling were costless, money-back guarantees and price would be interchangeable signals. Because signaling is costly, the results sharpen: with homogeneous buyers, a low-quality seller cannot profitably mimic a high-quality seller’s guarantee. With heterogeneous buyers, the picture is richer—when transaction costs are very high the seller forgoes the guarantee or signals through price instead, and when they are moderate there is a critical value of seller transaction cost below which the high-quality seller’s profit increases in transaction cost and above which it decreases. A striking corollary is that uninformative advertising—“money-burning” expenditure that does not shift demand directly—is never needed when a guarantee is available. Moral hazard remains a caveat: consumers may exhaust the product’s value within the guarantee window before claiming a refund. Table 31.3 lays out the seller’s cost structure, the engine of the separating equilibrium.




Table 31.3: Cost asymmetry underlying the money-back-guarantee signaling model





	
	High-quality seller (hh)
	Low-quality seller (ll)





	Unit cost (ch>clc_h > c_l)
	chc_h
	clc_l













31.12 Bargaining

Bargaining is the allocation mechanism for the thinnest of markets: one buyer and one seller. Table 31.4 places it among the alternatives—many buyers and many sellers constitute a traditional market, many buyers and one seller an auction, and one buyer and one seller a bargaining problem. Before invoking game theory at all, a share may be fixed by an arbitrator, by meeting in the middle, or by a forced-final take-it-or-leave-it move. Negotiation is the art; bargaining is the science; game theory’s contribution is to the rules of the encounter, and the area remains fertile for research.




Table 31.4: Allocation mechanisms by market thickness





	Buyers and sellers
	Allocation type





	Many buyers and many sellers
	Traditional market



	Many buyers and one seller
	Auction



	One buyer and one seller
	Bargaining











31.12.1 Non-cooperative Bargaining

The non-cooperative approach specifies the rules explicitly and solves for the subgame-perfect outcome. The simplest rule is a take-it-or-leave-it offer over a cake: if the responder accepts, the parties trade; if she rejects, no one eats. Under perfect information this has a trivial rollback equilibrium. More realistically, bargaining is “take-it-or-counteroffer,” and time has value: both parties prefer to trade sooner, so delay—labor negotiations dragging into strikes and work stoppages—destroys surplus.

Consider two-stage bargaining over a cake. In the first period I offer you a share, keeping proportion pp; if you reject, you counteroffer, but a fraction δ\delta of the cake melts in the interim. Payoffs are (1−p,p)(1-p, p) if you accept immediately and ((1−δ)(1−p),(1−δ)p)\big((1-\delta)(1-p),\,(1-\delta)p\big) in the second period. Because period 2 is the final period, it is itself a take-it-or-leave-it offer: you will offer me the smallest slice I will accept, keeping essentially all of the remaining 1−δ1-\delta. Rolling back, in period 1 I must give you at least the surplus you would secure by waiting. Your second-period surplus is 1−δ1-\delta, so you accept a first-period offer only if your share p≥1−δp \ge 1 -
\delta; I therefore offer you exactly 1−δ1-\delta and we settle immediately. The comparative static is sharp: the more patient you are—the slower the cake melts, the smaller is δ\delta—the more you receive now. Whether the first or second mover is advantaged depends on δ\delta: a fast-melting cake (high δ\delta) favors the first mover, a slow-melting one (low δ\delta) the second. Either way, if both parties reason, agreement is reached in the first period, and the general lesson is to strike a deal as early as possible.

Why, then, do real negotiations delay? Reputation-building and a lack of information. Information asymmetry is the deeper answer—uncertainty about the likelihood of success, as in civil litigation. Each side has a reservation price (in a lawsuit, its expectation of winning) that is unknown to the other; one must probabilistically choose a best offer, accepting that the very probability implies a chance that no bargain is struck. The rules of the game uniquely determine the outcome; which rules favor whom depends on patience and information; and persistent delay means someone must be wrong.

A worked screening example shows information at work. A company negotiates with a union. The firm is “highly profitable” (annual profit $200k) with probability pp; a strike costs the firm 10% of annual profits. If the union demands a $150k wage it is surely accepted; if it demands $200k it is accepted only with probability pp, for an expected wage of 200p200p. At p=0.9p = 0.9 the best opening demand is $200k, worth 0.9×200=1800.9 \times 200 = 180; at p=0.1p = 0.1 a $200k demand is worth only 0.1×200=200.1 \times 200 = 20, so the union does better to ask $150k—it is not worth the risk. Now suppose a first-period offer can be rejected at the cost of a strike. Because a strike costs a high-profit firm more than a low-profit firm, the union can use time to screen. If the union asks $170k in period 1, a low-profit firm (worth $150k) rejects because it cannot afford to accept, while a high-profit firm weighs rejection—at best the union strikes and then asks only $140k, but the strike has meanwhile cost the firm $20k—and accepts. The result is a separating equilibrium: only high-profit firms accept in the first period, and a rejection reveals a low-profit firm, against which the union then asks $140k. The union’s apparent “giving in” after a rejection is not weakness but screening—different firm types value the future differently, and time is the screening device.



31.12.2 Cooperative Bargaining and the Nash Solution

The cooperative approach abstracts from the procedural rules and asks what division should result, given axioms the solution must satisfy. Two people divide a sum: if they disagree each gets nothing, and they cannot divide more than the whole. Nash (1950) founds the axiomatic theory for this bilateral-monopoly, nonzero-sum two-person game, in which no action by one party, without the other’s consent, can affect the other’s gain. The assumptions are rational individuals who maximize gain, full knowledge of tastes and preferences, transitive ordering (A≻CA \succ C whenever A≻BA \succ B and B≻CB \succ C), and continuity. Utility is ordinal-plus: u(A)>u(B)u(A) > u(B) means AA is preferred, and the linearity property requires that for 0≤p≤10 \le p \le
1, u(pA+(1−p)B)=pu(A)+(1−p)u(B)u(pA + (1-p)B) = p\,u(A) + (1-p)\,u(B), extending to two persons as p[A,B]+(1−p)[C,D]=[pA+(1−p)C,pB+(1−p)D]p[A,B] + (1-p)[C,D] =
[pA + (1-p)C,\ pB + (1-p)D]. An anticipation pA+(1−p)BpA + (1-p)B is a lottery giving event AA with probability pp.

Let u1,u2u_1, u_2 be the players’ utility functions and c(S)c(S) the solution point selected from a bargaining set SS that is compact, convex, and contains the disagreement point at the origin. Nash (1950) characterizes c(S)c(S) by three axioms. Efficiency: if some β∈S\beta \in S gives both players strictly more than α∈S\alpha \in S, then α≠c(S)\alpha \neq c(S)—players maximize utility. Independence of irrelevant alternatives: if S⊆TS \subseteq T and c(T)∈Sc(T) \in S, then c(T)=c(S)c(T) =
c(S). Symmetry: if SS is symmetric about the line u1=u2u_1 = u_2, then c(S)c(S) lies on that line, encoding equal bargaining power. These axioms uniquely select the division that maximizes the product of the players’ gains over their disagreement payoffs—the Nash bargaining solution.

The bargaining lens illuminates channel power. Iyer and Villas-Boas (2003) shows that the presence of a powerful retailer such as Walmart can benefit all channel members, not merely the retailer, by reshaping the terms of trade. Desai and Purohit (2004) analyzes haggling: with two consumer segments—hagglers and non-hagglers—a haggling policy can be more profitable than fixed pricing when the proportion of non-hagglers is sufficiently high, because the firm extracts surplus from hagglers without sacrificing the non-hagglers who pay the posted price.




31.13 Pricing and Search Theory

If all consumers were perfectly informed, the law of one price would hold and price dispersion would be a puzzle. Search theory resolves the puzzle by recognizing that information is costly, and that the resulting mix of informed and uninformed consumers can sustain dispersion as an equilibrium phenomenon rather than a disequilibrium artifact.

Varian and Purohit (1980) builds an equilibrium theory of price dispersion on the foundation laid by Stigler and developed by Salop and Stiglitz (1977) and Stiglitz and Salop (1982). Dispersion comes in two flavors: spatial dispersion, arising when uninformed and informed consumers coexist—though it need not persist, since consumers learn from experience over time—and temporal dispersion, manifest as sales. Varian and Purohit (1980) follows Stiglitz and Salop (1982), who assumes informed consumers who buy at the lowest-price store and uninformed consumers who choose a store at random, and Shilony (1977), who studies randomized pricing strategies. Let I>0I > 0 be the number of informed consumers, M>0M > 0 the number of uninformed, and nn the number of stores, so U=M/nU = M/n uninformed consumers patronize each store. Each store draws its price from a density f(p)f(p): it succeeds—charging the lowest of the nn prices—and then serves I+UI + U customers, or it fails and serves only UU; stores tying at the lowest price split the informed segment equally. With cost curve c(q)c(q), the price p*=c(I+U)/(I+U)p^* = c(I+U)/(I+U) is the average cost at the maximal customer count. Varian and Purohit (1980) establishes a sequence of properties of the equilibrium mixed strategy: the density vanishes outside [p*,r][p^*, r] where rr is the reservation price (Prop. 1); no symmetric pure-price equilibrium exists (Prop. 2); the equilibrium has no point masses (Prop. 3); where f(p)>0f(p) > 0, the indifference condition

πs(p)(1−F(p))n−1+πf(p)[1−(1−F(p))n−1]=0(31.46)
\pi_s(p)\,(1 - F(p))^{n-1} + \pi_f(p)\,\big[1 - (1 - F(p))^{n-1}\big] = 0
 \qquad(31.46)

holds, equating the expected profit from a successful and a failed price draw (Prop. 4); the quantity πf(p)(πf(p)−πs(p))\pi_f(p)\,(\pi_f(p) - \pi_s(p)) is strictly decreasing in pp (Prop. 5); the distribution puts positive mass just above p*p^* and below rr (Props. 6–7); and there are no gaps in the support (Prop. 8). Whether a consumer chooses to become informed is itself endogenous, turning on the “full price” of search—search costs plus any fixed cost of information.

Lazear (1984) turns to retail pricing and clearance sales, asking how a good’s characteristics, the thinness of its market, and its time on the shelf shape its price path. In a single-period model, let VV be the valuation of the lone potential buyer, with prior density f(V)f(V) and distribution F(V)F(V); the firm chooses price RR to maximize R[1−F(R)]R[1 - F(R)], and with VV uniform on [0,1][0,1] this gives R=12R = \tfrac12 and expected profit 14\tfrac14. The dynamics emerge in a two-period model. A failed sale in period 1 reveals V<R1V < R_1, so by Bayes’ rule the period-2 posterior is uniform on [0,R1][0, R_1] with F2(V)=V/R1F_2(V) = V/R_1; the first-period price thus does double duty, affecting both period-1 sales and period-2 information. The firm maximizes

maxR1,R2R1[1−F(R1)]+R2[1−F2(R2)]F(R1),(31.47)
\max_{R_1, R_2}\ R_1[1 - F(R_1)] + R_2[1 - F_2(R_2)]\,F(R_1),
 \qquad(31.47)

solving the period-2 subproblem maxR2R2[1−F2(R2)]\max_{R_2} R_2[1 - F_2(R_2)] with posterior

F2(R2)={F(R2)/F(R1)for R2<R1,1otherwise.(31.48)
F_2(R_2) =
\begin{cases}
F(R_2)/F(R_1) & \text{for } R_2 < R_1,\\
1 & \text{otherwise.}
\end{cases}
 \qquad(31.48)

The first-order conditions imply that the second-period price always lies below the first, and expected profit exceeds the one-period benchmark because the option to mark down raises the probability of an eventual sale. With a concrete uniform example, the two-period prices are R1=23R_1 =
\tfrac23 and R2=13R_2 = \tfrac13 (since R2=R1/2R_2 = R_1/2 from the second-period first-order condition), against the one-period R1=12R_1 = \tfrac12. The model abstracts from brand recognition and from contagion or network effects.

Thin markets and consumer heterogeneity enrich the price path. Suppose NN customers inspect the good, each a shopper (valuation 00) with prior probability PP or a buyer (valuation VV) with probability 1−P1-P; a person learns which she is only upon inspecting. Three types coexist: customers, all who inspect; buyers, whose value equals VV; and shoppers, whose value is zero. The firm maximizes

maxR1,R2R1(1−F(R1))(1−PN)+R2{(1−F2(R2))(1−PN)}{1−[(1−F(R1))(1−PN)]},(31.49)
\max_{R_1, R_2}\ R_1(1 - F(R_1))(1 - P^N) + R_2\big\{(1 - F_2(R_2))(1 - P^N)\big\}\big\{1 - [(1 - F(R_1))(1 - P^N)]\big\},
 \qquad(31.49)

with period-2 density, by Bayes’ rule,

f2(V)={1R1(1−PN)+PNfor V≤R1,PNR1(1−PN)+PNfor V>R1.(31.50)
f_2(V) =
\begin{cases}
\dfrac{1}{R_1(1 - P^N) + P^N} & \text{for } V \le R_1,\\[3mm]
\dfrac{P^N}{R_1(1 - P^N) + P^N} & \text{for } V > R_1.
\end{cases}
 \qquad(31.50)

As PN→1P^N \to 1—almost everyone is a shopper—there is little information to be gleaned, so the two-period problem collapses to two independent one-period problems and prices are roughly constant. When PNP^N is small, prices start high and fall rapidly as time unsold accumulates. The composite PNP^N thus stands in for search cost and information. Observable price–quantity patterns follow from three primitives: the number of customers NN, the proportion of shoppers PP, and the firm’s prior on VV. Where prices fall quickly, the chance the good goes unsold is low; a high initial price signals a low PNP^N—few shoppers—and so predicts a likely sale. Greater prior dispersion raises the expected price for a given mean but, through longer shelf time, can lower expected revenue. The more obsolescence-prone (“fashion”) the good, the more anxious the seller and the steeper the markdowns; “classic” goods carry higher initial prices that are less sensitive to inventory. A constant discount rate is irrelevant to the pricing condition, unlike an increasing obsolescence rate, and for a non-unique good the solution reduces to the one-period problem. Costs themselves fall through three distinct channels worth keeping separate: economies of scale, c(units)c(\text{units}); economies of scope, c(types of products)c(\text{types of products}), typically via knowledge transfer; and the experience effect, c(cumulative output over time)c(\text{cumulative output over time}), a superset of scale economies.

The Internet sharpened the search question. Conventional wisdom held that lower search costs intensify price competition, but the analytical literature complicates this. Lal and Sarvary (1999) distinguishes digital product attributes, communicable over the Internet, from nondigital attributes that are not, on a demand side where consumers vary, and a supply side where firms operate both traditional and Internet stores. Monopoly pricing can survive—prices stay high and search is discouraged—when a high proportion of consumers are Internet users, nondigital attributes are not overwhelming, consumers favor familiar brands, and shopping is destination-driven; stores serve to acquire customers while the Internet retains loyal ones. Kuksov (2004) shows the design margin matters: for products whose design cannot be easily changed, lower search costs raise price competition, but for products whose design is flexible, lower search costs induce firms to increase differentiation, which softens price competition, lowers social welfare, and raises industry profits—so the welfare effect of cheaper search hinges on whether firms can respond by redesigning. Salop and Stiglitz (1977) supplies the foundational model of costly search underlying this stream.



31.14 Pricing and Promotions

Pricing promotions are among the most heavily studied phenomena in marketing, and the analytical lens reframes “loyalty” in the language of information: an uninformed consumer behaves like a loyal one, and an informed consumer like a non-loyal switcher. The strategic questions are whether to run everyday-low- pricing or high–low pricing, and how to design short-term discounts—trade deals to the channel, and consumer promotions such as shelf-price discounts (used by everyone) and cents-off coupons (used by consumers whose time is relatively cheap).

The decomposition of what a price cut actually does is well established. Gupta (1988) attributes the bulk of the measured sales response to brand switching (about 84% of the effect), with purchase acceleration (about 14%) and quantity increases (about 2%) accounting for the rest, and finds the elasticity of short-term price changes to be an order of magnitude larger than other elasticities. Beyond the measured effects, promotions can drive general trial, encourage consumers to hold inventory and thereby raise consumption, lift sales of complementary products, and produce small store-switching effects—with an asymmetric pattern in which stronger brands benefit more, except against store brands. Against these benefits stand persistent costs: consumers come to expect future promotions, their reference price ratchets down, their price sensitivity rises, and a post-promotion dip follows as stockpiled demand is repaid.

Trade discounts—short-term discounts offered to the channel rather than the consumer—incentivize retailers to push the product and capture the sales force’s attention, but they may not be passed through to consumers, they invite forward buying that disrupts production planning, they complicate demand forecasting, and they breed an expectation of future discounts that becomes a cost of doing business. Scanback arrangements, which tie the discount to verified retail sales, raise pass-through. Pass-through is higher when consumer elasticity is higher, the promoting brand is stronger, the demand function has a favorable shape, and promotions are infrequent. On shelf-price discounts, Raju, Srinivasan, and Lal (1990) shows that a stronger brand can discount infrequently precisely because weaker brands cannot predict when it will promote and so must promote more often to defend their position.

Coupons illustrate the design subtleties. Little over 1% of coupons are redeemed annually, their price-discrimination power has eroded with their ubiquity, and the sales lift required to make free-standing-insert coupons profitable is often unattainable. Coupon design—expiration dates and distribution method—therefore matters: stronger brands should set shorter expiration windows, because a larger share of their loyal base will use the coupon regardless; in-store distribution dominates through-package and targeted distribution on average. Package coupons embody an acquisition–retention trade-off across three types: peel-off coupons are used by many but yield the lowest firm profit; in-pack coupons attract fewer first-period buyers; and on-pack coupons, redeemed on a subsequent purchase, are typically the best approach. The summary verdict is that trade and consumer promotions are both necessary, that consumer promotion should lean toward package coupons rather than shelf-price discounts or newspaper coupons, and that the strong interaction between advertising and promotion remains an open research frontier.

It helps to organize discrimination by degree: first-degree discrimination prices on individual willingness to pay, second-degree on quantity, third-degree on observable membership, and fourth-degree on cost-to-serve.

Narasimhan (1988) formalizes promotions as mixed-strategy pricing driven by brand loyalty. Marketing tools to promote a product—advertising, trade promotions, and consumer promotions—shade into pricing instruments such as price deals, cents-off labels, coupons, and rebates, and brand loyalty explains the variation in prices observed in competitive markets, as firms trade off attracting switchers against the profit forgone on loyal customers; a deviation below the maximum price is a promotion. The model assumes firms with identical products and (constant or declining) costs playing a non-cooperative game, a common reservation price, and three consumer segments: loyals to firm 1 of size α1\alpha_1, loyals to firm 2 of size α2\alpha_2 (with 0<α2<α10 < \alpha_2 < \alpha_1, an asymmetric duopoly), and switchers of size β=1−α1−α2\beta = 1 - \alpha_1 - \alpha_2, with costless price changes and no intertemporal effects. Switchers may be modeled with an individual switching cost d∈(−b,a)d \in (-b, a), so that a consumer buys brand 1 if P1≤P2−dP_1 \le P_2 - d and brand 2 otherwise; with identical switchers (common dd); or with d=0d = 0 (extreme price sensitivity). The first case admits a pure-strategy equilibrium; the latter two admit only mixed strategies. For the d=0d = 0 case, the profit function is

Πi(Pi,Pj)=αiPi+δijβPi,δij={1if Pi<Pj,12if Pi=Pj,0if Pi>Pj,(31.51)
\Pi_i(P_i, P_j) = \alpha_i P_i + \delta_{ij}\,\beta P_i, \qquad
\delta_{ij} =
\begin{cases}
1 & \text{if } P_i < P_j,\\
\tfrac12 & \text{if } P_i = P_j,\\
0 & \text{if } P_i > P_j,
\end{cases}
 \qquad(31.51)

for i=1,2i = 1, 2, i≠ji \neq j. There is no pure-strategy Nash equilibrium: each firm randomizes its price. Writing the expected profit under randomization,

Πi(Pi)=αiPi+Pr(Pj>Pi)βPi+Pr(Pj=Pi)β2Pi,(31.52)
\Pi_i(P_i) = \alpha_i P_i + \Pr(P_j > P_i)\,\beta P_i + \Pr(P_j = P_i)\,\tfrac{\beta}{2} P_i,
 \qquad(31.52)

each firm chooses a pricing distribution FiF_i to solve

maxFi𝔼(Πi)=∫Πi(Pi)dFi(Pi)(31.53)
\max_{F_i}\ \mathbb{E}(\Pi_i) = \int \Pi_i(P_i)\, dF_i(P_i)
 \qquad(31.53)

subject to a participation floor Πi≥αir\Pi_i \ge \alpha_i r (where rr is the reservation price), ∫dFi(Pi)=1\int dF_i(P_i) =
1, and support Pi∈Si*P_i \in S_i^*. The equilibrium mixed strategy is the analytical signature of promotional pricing: firms do not promote on a schedule but randomize, making their discount timing unpredictable to rivals.

Two extensions broaden the promotional toolkit. Balachander, Ghosh, and Stock (2010) shows that bundle discounts can dominate price promotions in a competitive market, because the bundle raises loyalty and thereby softens the intensity of promotional competition. Goić, Jerath, and Srinivasan (2011) studies cross-market discounts, in which a purchase in a source market earns a discount redeemable in a target market, raising both prices and sales in the source market.



31.15 Market Entry and New-Product Diffusion

How a new product spreads through a population is the province of diffusion models, which sit at the boundary between descriptive and predictive modeling and feed directly into entry-timing decisions. The product life cycle—the rise, peak, and decline of category sales—is the empirical regularity these models explain.

Bass (1969) is the canonical formulation. Sales arise from two sources: innovators, who adopt for the product’s intrinsic benefits, and imitators, who adopt after interacting with prior adopters. Let pp be the coefficient of innovation (the fraction of the untapped market that adopts spontaneously each period), qq the coefficient of imitation (the fraction of interactions that lead to adoption), MM the market potential, N(t)N(t) cumulative sales through time tt, and M−N(t)M - N(t) the untapped market. Sales in any period are spontaneous adoptions plus interaction-driven adoptions,

S(t)=p[M−N(t)]+qN(t)M[M−N(t)]=pM+(q−p)N(t)−qM[N(t)]2,(31.54)
S(t) = p\,[M - N(t)] + q\,\frac{N(t)}{M}\,[M - N(t)] = pM + (q - p)\,N(t) - \frac{q}{M}\,[N(t)]^2,
 \qquad(31.54)

a relation from which pp, qq, and MM can be estimated from sales data. When q>pq > p—imitation dominates innovation—the model generates the bell-shaped life cycle with an interior sales peak, as Figure 31.5 illustrates; when pp dominates, sales decline monotonically from launch.


set.seed(2026)
bass_sales <- function(t, p, q, M) {
  # closed-form Bass non-cumulative adoption f(t) * M
  num <- (p + q)^2 * exp(-(p + q) * t)
  den <- p * (1 + (q / p) * exp(-(p + q) * t))^2
  M * num / den
}
t  <- seq(0, 20, by = 0.1)
p  <- 0.03   # coefficient of innovation
q  <- 0.38   # coefficient of imitation (q > p => bell shape)
M  <- 1000   # market potential
S  <- bass_sales(t, p, q, M)

plot(t, S, type = "l", lwd = 2,
     xlab = "Time", ylab = "Per-period adoptions S(t)",
     main = "")
abline(v = t[which.max(S)], lty = 2, col = "grey50")
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Figure 31.5: Bass diffusion: cumulative adoption (left axis logic) and per-period sales (the bell-shaped curve) for an imitation-dominated market (q>pq > p). The interior peak is the signature of word-of-mouth-driven diffusion.








Pioneering is not the unalloyed advantage folklore suggests. 8 overturns earlier estimates that relied on limited databases such as PIMS and ASSESSOR (Urban et al. 1986), that excluded non-survivors, and that depended on single-informant self-reports. With a dataset free of these biases, 8 finds that about half of market pioneers fail and that their mean market share is far lower than previously believed, while early market leaders—who enter on average thirteen years after the pioneers—enjoy greater long-term success. The taxonomy is precise: an inventor develops the patent or core technology of a new category; a product pioneer builds the first working model; a market pioneer is first to sell; and a product category is a group of close substitutes. Boulding and Christen (2003) sharpens the timing story: first-to-market confers an initial profit advantage that lasts roughly twelve to fourteen years before turning into a long-term disadvantage, with consumer learning, market position, and patent protection moderating the effect.

Golder and Tellis (2004) studies the shape of the life cycle itself. Consumer durables typically grow about 45% per year over an eight-year growth stage, then slow down—sales decline by about 15% and remain below the previous peak for some five years—with the slowdown usually arriving when the product has penetrated 35–50% of the market. Larger initial sales increases beget larger declines at slowdown; leisure-enhancing products grow faster but for shorter stages, while time-saving products grow slower but longer; and a lower likelihood of slowdown correlates with steeper price reductions, lower penetration, and higher economic growth. A hazard model predicts both takeoff and slowdown reasonably well. Van den Bulte and Joshi (2007) refines the social structure of diffusion by splitting the market into influentials, who are aware of new developments and affect imitators, and imitators, who model their behavior on influentials. This two-segment structure is consistent with observed features such as the dip between the early and later phases of the diffusion curve, and it matters for inference: erroneously fitting a mixed-influence model to a process in which influentials act independently can generate the systematic parameter drift reported in earlier research. The two-segment model outperforms the standard mixed-influence, Gamma/Shifted-Gompertz, and Weibull-Gamma specifications and performs comparably to the Karmeshu–Goswami mixed-influence model.



31.16 Principal–Agent Models and Salesforce Compensation

Salesforce compensation is the marketing application of principal–agent theory. A firm (the principal) cannot perfectly observe the effort of its salesperson (the agent); it must design a wage contract that induces effort while respecting the agent’s outside option. Two questions organize the field: how to ensure agents exert effort, and how to design compensation so that they exert high effort. The answer depends on whether effort is observable and on how costly monitoring is. The timing is canonical: the manager designs the contract, offers it, the worker accepts or walks, the worker chooses effort, and finally the outcome is observed and the wage paid. Figure 31.6 sets out this sequence, with the unobservable effort choice at its center as the source of the moral-hazard problem.
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Figure 31.6: Timing of the principal–agent contracting game. The agent’s effort choice is unobservable to the principal, which is the source of the moral-hazard problem the contract must solve.









31.16.1 Building Intuition: Three Scenarios

The mechanics are clearest in a binary-effort example. The worker chooses effort e∈{0,2}e \in \{0, 2\}—high effort costs 2 units of disutility, shirking costs 0—against a reservation utility of 10 available elsewhere. The agent’s utility is

U={w−eif he exerts effort e,10if he takes the outside option,(31.55)
U =
\begin{cases}
w - e & \text{if he exerts effort } e,\\
10 & \text{if he takes the outside option,}
\end{cases}
 \qquad(31.55)

and revenue depends on effort, R(e)=HR(e) = H if e=2e = 2 and R(e)=LR(e) = L if e=0e = 0, with the contract specifying wages wHw^H and wLw^L contingent on observed revenue.

Scenario 1 — certainty and observable output. With a deterministic link from effort to revenue, two constraints bind. The participation constraint wH−2≥10w^H - 2 \ge 10 keeps the worker in the market, and the incentive-compatibility constraint wH−2≥wL−0w^H - 2 \ge w^L - 0 ensures effort is preferred to shirking. The solution is wH=12w^H = 12, wL=10w^L = 10: when output reveals effort, the contract is simple.

Scenario 2 — uncertainty. Now effort shifts the distribution of revenue rather than determining it. High effort yields HH with probability 0.8 and LL with 0.2; shirking yields HH with probability 0.4 and LL with 0.6. With the worker risk-neutral, the participation and incentive-compatibility constraints become

0.8wH+0.2wL−2≥10,0.8wH+0.2wL−2≥0.4wH+0.6wL,(31.56)
0.8\,w^H + 0.2\,w^L - 2 \ge 10, \qquad 0.8\,w^H + 0.2\,w^L - 2 \ge 0.4\,w^H + 0.6\,w^L,
 \qquad(31.56)

solving to wH=13w^H = 13, wL=8w^L = 8. The expected wage bill 13×0.8+8×0.2=1213 \times 0.8 + 8 \times 0.2 = 12 equals the certainty cost: under risk neutrality, uncertainty alone does not raise the wage bill.

Scenario 3 — asymmetric beliefs and risk aversion. A risk-averse worker assigns more pessimistic odds to high output than the risk-neutral manager—say the worker perceives HH with probability 0.7 under high effort where the manager believes 0.8, a gap the manager understands. The participation constraint becomes 0.7wH+0.3wL−2≥100.7\,w^H + 0.3\,w^L - 2 \ge
10 and the incentive-compatibility constraint (taking R(0)R(0) from Scenario 2) becomes 0.6wH+0.3wL−2≥0.4wH+0.6wL0.6\,w^H + 0.3\,w^L - 2 \ge
0.4\,w^H + 0.6\,w^L, which reduce to

0.7wH+0.3wL=12,0.3wH−0.3wL=2,(31.57)
0.7\,w^H + 0.3\,w^L = 12, \qquad 0.3\,w^H - 0.3\,w^L = 2,
 \qquad(31.57)

with solution wH=14w^H = 14, wL=22/3w^L = 22/3. The manager’s expected wage bill is now 14×0.8+(22/3)×0.2≈12.6714 \times 0.8 + (22/3)\times 0.2 \approx
12.67, higher than under risk neutrality: the worker’s risk aversion forces the firm to pay a risk premium. The qualitative map of optimal contracts appears in Table 31.5.




Table 31.5: Optimal compensation structure by observability of effort and salesperson risk attitude










	Effort
	Risk-neutral salesperson
	Risk-averse salesperson





	Observable
	Any salary–commission mix; desired effort
	All salary; desired effort



	Not observable
	All commission; desired effort
	Specific salary–commission mix; salesperson shirks at the margin












31.16.2 The Basu–Lal–Srinivasan–Staelin Framework

Grossman and Hart (1986) is the landmark formal treatment of the principal–agent problem; Basu et al. (1985) brings it into marketing and is the reference point for the salesforce-compensation literature. The relevant compensation plans are those that are independent of performance (straight salary), partly dependent on output (salary plus commission), defined relative to others (sales contests), or chosen by the salesperson from a menu. Within the first two categories the three canonical schemes are straight salary, straight commission, and a combination. Table 31.6 summarizes when each is preferred.




Table 31.6: Compensation schemes, their ideal conditions, and limitations










	Compensation type
	Best when
	Limitation





	Straight salary
	Long-term objectives; performance hard to measure
	Induces less effort



	Straight commission
	Performance easy to measure
	Imposes high risk on the salesperson



	Combination
	Intermediate cases
	Requires tuning the salary–commission split










The conceptual advance of Basu et al. (1985) is to replace the deterministic effort–sales relationship of earlier work with a stochastic one. The firm is risk-neutral and maximizes expected profit; the salesperson is risk-averse, with diminishing marginal utility of income (U(s)≥0U(s) \ge 0, U′(s)>0U'(s) > 0, U″(s)<0U''(s) < 0) and an additively separable utility U(s)−V(t)U(s) - V(t) in salary ss and effort tt, where the disutility of effort is increasing and convex (V(t)≥0V(t) \ge 0, V′(t)>0V'(t) > 0, V″(t)>0V''(t) > 0). Production has constant marginal cost cc, both parties know the utility and sales-response functions, and dollar sales xx follow a Gamma (or Binomial) distribution with density f(x∣t)f(x \mid t). The firm solves

maxs(x)∫[(1−c)x−s(x)]f(x∣t)dx(31.58)
\max_{s(x)}\ \int \big[(1-c)x - s(x)\big] f(x \mid t)\, dx
 \qquad(31.58)

subject to the salesperson’s participation constraint, that expected utility weakly exceed the outside option mm,

∫U(s(x))f(x∣t)dx−V(t)≥m,(31.59)
\int U(s(x))\, f(x \mid t)\, dx - V(t) \ge m,
 \qquad(31.59)

and the salesperson’s own optimization—the incentive-compatibility condition—that effort be chosen to maximize utility,

maxt∫U(s(x))f(x∣t)dx−V(t).(31.60)
\max_t\ \int U(s(x))\, f(x \mid t)\, dx - V(t).
 \qquad(31.60)

The optimal commission schedule is generally a nonlinear (curvilinear) function of sales.

A sequence of papers probes and simplifies this framework. Lal and Staelin (1986) shows that a menu of compensation plans, from which the salesperson self-selects, is optimal precisely when Basu et al. (1985)’s homogeneity assumptions fail—when salespeople differ in risk characteristics, reservation utility, or information about the environment. If the firm can otherwise distinguish high from low performers (or build a selection mechanism), a single contract in the style of Basu et al. (1985) suffices; if it cannot, the menu does the screening. Raju and Srinivasan (1996) compares a quota-based plan to the Basu et al. (1985) curvilinear plan and finds the simpler quota plan close to optimal: it differs materially only in special cases—about 1% of simulated scenarios—where two sources of loss appear, a shape-induced nonoptimality (the quota plan’s total-compensation-versus-sales curve is not the general curvilinear form) and a heterogeneity-induced nonoptimality (a common commission rate is applied across the salesforce). Despite these, the quota plan loses little in optimality and is far more robust to a salesperson switching territories or to territorial change in business conditions, because the firm can adjust the quota per territory rather than re-engineering the entire commission structure as Basu et al. (1985) would require. Heterogeneity in this literature stems from the salesperson side—effectiveness, risk level, disutility for effort, and alternative opportunities—and the territory side—sales potential and volatility—and adjusting quotas accommodates both. The nonoptimality assessment follows the risk-analytic apparatus of Basu and Kalyanaram (1990).

Raju and Srinivasan (1996) grounds its sales technology in an explicit specification. Expected sales per period are linear in effort,

𝔼[xi∣ti]=hi+kiti,hi>0,ki>0,(31.61)
\mathbb{E}[x_i \mid t_i] = h_i + k_i t_i, \qquad h_i > 0,\ k_i > 0,
 \qquad(31.61)

where hih_i is the base sales level and kik_i the effectiveness of effort, with 1/c1/\sqrt{c} the coefficient of variation (uncertainty) in sales, so that c→∞c \to \infty is perfect certainty. The salesperson’s overall utility takes the constant-relative-risk-aversion-plus-power-disutility form

Ui[si(xi)]−Vi(ti)=1δi[si(xi)]δi−ditiγi,(31.62)
U_i[s_i(x_i)] - V_i(t_i) = \frac{1}{\delta_i}\,[s_i(x_i)]^{\delta_i} - d_i\, t_i^{\gamma_i},
 \qquad(31.62)

with 0<δi<10 < \delta_i < 1 (larger δi\delta_i meaning less risk aversion) and γi>1\gamma_i > 1 (larger γi\gamma_i meaning a steeper effort cost), and Vi(ti)=ditiγiV_i(t_i) = d_i t_i^{\gamma_i} the convex, increasing disutility of effort. The deep moral-hazard problem—the firm cannot observe the salesperson’s true effort—is what makes all of this necessary. Gerstner and Hess (1987) and Joseph and Thevaranjan (1998) extend the compensation literature, and Simester and Zhang (2010) highlights a further tension between motivating managerial effort and eliciting truthful information-sharing, a trade-off that complicates the design of incentives when agents control information as well as effort.




31.17 Branding, Bundling, and Mixed Strategies

Three shorter analytical threads round out the firm’s strategic toolkit. On branding, Wernerfelt (1988) studies umbrella branding, in which a brand name spanning multiple products signals quality across them, and W. Chu and Chu (1994) examines how retailer reputation substitutes for manufacturer signals in conveying quality to consumers.

Bundling is the practice of selling two goods together at a single price, and its logic turns on the heterogeneity and negative correlation of valuations. Consider a firm selling equipment and installation to two equally numerous customer types whose valuations appear in Table 31.7. Pricing the components separately, the firm sets the equipment price to the lower valuation ($5,000) and the installation price likewise ($2,000) to sell to both types, earning $14,000 across the four sales. Bundling equipment and installation into a single package lets the firm charge each type its total valuation ($10,000 from type 1, $8,000 from type 2), and since both types value the bundle at no less than $8,000, charging $8,000 for the bundle earns $16,000—strictly more. Bundling works here because valuations are negatively correlated across the two goods: the type that values equipment more values installation less, so the bundle compresses the dispersion of total willingness to pay and lets the firm extract more surplus.




Table 31.7: Valuations illustrating the bundling advantage under negatively correlated willingness to pay





	
	Equipment
	Installation
	Bundle total





	Customer type 1
	$8,000
	$2,000
	$10,000



	Customer type 2
	$5,000
	$3,000
	$8,000










Whether to bundle therefore depends on the mix of customer types and on the correlation of valuations, which is why bundling is not universal. Information products are the limiting case: with marginal cost near zero, bundling is almost costless and the surplus-extraction logic is unimpeded, so information products are almost always bundled.

Mixed strategies are the equilibrium resolution of games with no pure-strategy equilibrium, and the existence guarantee is foundational: any game with finitely many players and finitely many strategies per player has at least one Nash equilibrium, possibly in mixed strategies. The intuition is cleanest in a tennis serve-and-return game. Suppose the server serves left a fraction pp of the time. The receiver’s expected payoff is p⋅34+(1−p)⋅14p \cdot \tfrac34 + (1-p)\cdot \tfrac14 from defending left and p⋅14+(1−p)⋅34p \cdot \tfrac14 + (1-p)\cdot \tfrac34 from defending right, so she defends left whenever

p⋅34+(1−p)⋅14>p⋅14+(1−p)⋅34,(31.63)
p \cdot \tfrac34 + (1-p)\cdot \tfrac14 > p \cdot \tfrac14 + (1-p)\cdot \tfrac34,
 \qquad(31.63)

that is, whenever p>12p > \tfrac12. Symmetrically, if the receiver goes left with probability qq, the server serves left whenever 14q+34(1−q)>34q+14(1−q)\tfrac14 q + \tfrac34 (1-q) > \tfrac34 q + \tfrac14 (1-q), i.e., whenever q<12q < \tfrac12. A mixed-strategy equilibrium is a pair of mixed strategies that are mutual best responses—here, each player choosing a 50–50 mixture. The deep principle is that a player randomizes so as to make the opponent indifferent among the opponent’s options: each player earns the same expected payoff from every pure strategy played with positive probability, and—an important and often-surprising property—when a player’s own payoff from a pure strategy rises or falls, that player’s own equilibrium mixture does not change, since the mixture is pinned down by the rival’s indifference, not by one’s own payoffs.



31.18 Marketing Resource-Allocation Models

The response models of Section 31.7 become decision tools when embedded in an optimization that allocates a fixed budget across submarkets. The treatment here follows Mantrala, Sinha, and Zoltners (1992), comparing an informed allocator who optimizes against naive fixed-proportion rules across response-function shapes and investor risk attitudes.

Concave response. Let submarket ii have a concave (modified-exponential) sales response

si=ki(1−e−bixi),(31.64)
s_i = k_i\,(1 - e^{-b_i x_i}),
 \qquad(31.64)

where sis_i is current-period sales response in dollars per period, xix_i the resource allocated to submarket ii, bib_i the rate at which sales approach saturation, and kik_i the sales potential. A fixed-proportion allocator simply splits the budget by weights, x̂i=wiR\hat{x}_i = w_i R with ∑twt=1\sum_t w_t = 1 and 0<wt<10 < w_t < 1, regardless of the response parameters. An informed allocator instead maximizes contribution by marginal analysis,

maxC=m∑i=12ki(1−e−bixi)s.t.x1+x2≤R,xi≥0,(31.65)
\max\ C = m \sum_{i=1}^2 k_i\,(1 - e^{-b_i x_i}) \quad \text{s.t.}\quad x_1 + x_2 \le R,\ x_i \ge 0,
 \qquad(31.65)

equalizing marginal returns across submarkets. With two submarkets the optimal allocations are

x1=1b1+b2(b2R+lnk1b1k2b2),x2=1b1+b2(b2R+lnk2b2k1b1),(31.66)
x_1 = \frac{1}{b_1 + b_2}\left(b_2 R + \ln\!\frac{k_1 b_1}{k_2 b_2}\right), \qquad
x_2 = \frac{1}{b_1 + b_2}\left(b_2 R + \ln\!\frac{k_2 b_2}{k_1 b_1}\right),
 \qquad(31.66)

so that the submarket with higher potential or steeper saturation rate receives proportionately more, and the optimal split shifts with the total budget RR rather than staying fixed—the central contrast with the proportional rule.

S-shaped response and stochastic response. When the response function is S-shaped, the optimal-versus-proportional comparison again favors the informed allocator, but the threshold region of the S-curve creates the possibility of corner solutions—pouring the entire budget into one submarket—that the concave case never produces. When response is stochastic, of quadratic form, the optimal allocation depends on the investor’s risk attitude, diverging between a risk-averse and a risk-neutral allocator in a way the deterministic models cannot capture. The general lesson of Mantrala, Sinha, and Zoltners (1992) is that the shape of the response function and the risk attitude of the decision-maker jointly determine how far optimal allocation departs from naive proportional rules—and that the departure is often large enough to matter for profit. Figure 31.7 makes this concrete for the concave case, plotting total contribution against the budget split and marking where the informed allocator improves on the fixed-proportion rule.


set.seed(2026)
m  <- 1          # contribution margin
k1 <- 120; b1 <- 0.010   # submarket 1: high potential, slow saturation
k2 <- 80;  b2 <- 0.030   # submarket 2: lower potential, fast saturation
R  <- 200                # total budget

contribution <- function(x1) {
  x2 <- R - x1
  m * (k1 * (1 - exp(-b1 * x1)) + k2 * (1 - exp(-b2 * x2)))
}
x1_grid <- seq(0, R, by = 1)
C_grid  <- sapply(x1_grid, contribution)
x1_star <- x1_grid[which.max(C_grid)]

plot(x1_grid, C_grid, type = "l", lwd = 2,
     xlab = "Budget to submarket 1 (x1)", ylab = "Total contribution",
     main = "")
abline(v = x1_star, lty = 2, col = "grey50")          # optimal split
abline(v = R / 2,   lty = 3, col = "red")             # naive 50/50 split
legend("bottomright", lty = c(2, 3), col = c("grey50", "red"),
       legend = c("Optimal", "Proportional (50/50)"), bty = "n")
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Figure 31.7: Optimal versus fixed-proportion budget allocation across two submarkets with concave (modified-exponential) response. The informed allocator equalizes marginal returns; the proportional rule splits the budget by fixed weights and leaves contribution on the table.










31.19 Frontiers and Further Reading

Several active areas extend the models above and reward further study. Technology markets raise questions of compatibility and standards, where network effects make a product’s value depend on its installed base—Amaldoss and Jain (2005), Balachander and Stock (2009), and Sajeesh, Hada, and Raju (2020) supply the conspicuous-consumption and exclusivity building blocks that this literature adapts to network goods. Meta-analyses of econometric marketing models synthesize estimated elasticities across studies to recover generalizable response parameters, complementing the single-market response forms of Section 31.7. Dynamic advertising models extend the adstock and pulsing logic of Section 31.10 and Section 31.7.2 into continuous-time optimal-control formulations of spending over the product life cycle. Marketing-mix optimization scales the resource-allocation logic of Section 31.18 to many instruments and channels, incorporating carryover and shape effects in media-mix models.3 New-product diffusion continues to refine the Bass (1969) and Bulte and Lilien (2001) tradition with richer social structure and competitive entry, and two-sided platform models bring matching and cross-side network effects into the analytical fold, a setting in which the pricing, advertising, and channel logic of this chapter all reappear under the additional constraint that the platform must serve two interdependent customer groups at once.


31.19.1 Key Takeaways

Three threads run through the chapter. First, the assumptions are the model: the shape of a transport-cost function (d’Aspremont, Gabszewicz, and Thisse 1979), the observability of effort (Basu et al. 1985), or the correlation of valuations across bundled goods each overturns a headline result, so a model’s contribution is inseparable from the assumption that drives it. Second, information structure determines outcomes: asymmetric information can destroy a market (Akerlof 1970), be repaired by costly signals (Spence 1973; S. Moorthy and Srinivasan 1995), sustain equilibrium price dispersion (Varian and Purohit 1980), and force firms into mixed-strategy promotions (Narasimhan 1988). Third, commitment and timing create strategic value: the Stackelberg leader, the capacity- committing incumbent (Dixit 1980), the early-mover in positioning (Tabuchi and Thisse 1995), and the patient bargainer all profit from the structure of moves rather than from any advantage in fundamentals. These principles, more than any single closed-form solution, are what the analytical-modeling tradition contributes to marketing science.








1. The eight-step account follows lecture notes by Sajeesh Sajeesh and reflects the conventions of the analytical-modeling seminar tradition rather than a single published source.



2. The collusion-through-advertising mechanism connects to a broader literature on pulsing and tacit coordination in advertising spend.



3. Practical implementations of carryover and shape effects in media-mix modeling, including the geometric-adstock and Hill-saturation transforms, are widely available in open-source R and Python toolkits.





32 Empirical Models

The preceding chapters develop constructs—brand equity, customer value, advertising response—largely from the firm’s strategic vantage. This chapter turns to the empirical machinery that a working analyst deploys once transaction logs, clickstreams, and customer journeys arrive as data. The unifying question is one of credit and value assignment: given that a customer touched many channels, passed through several funnel stages, and bought repeatedly over time, how much of the realized outcome should be attributed to each touchpoint, each customer, and each moment? Answering that question well is what separates a defensible marketing-mix or budget decision from a vanity dashboard.

The models here share a common pedigree in applied probability and game theory, and a common hazard: each imposes structure that, if violated, silently biases the credit it assigns. We therefore lead each method with its intuition, state its formal object, give the estimator and the assumptions that identify it, and—just as importantly—name the conditions under which identification fails. The chapter proceeds through five families of empirical models. Attribution models (Section 32.1) allocate conversion credit across marketing channels using cooperative-game and Markov-chain machinery. Sales-funnel models (Section 32.2) attribute credit instead to stages of a purchase process and visualize where prospects leak. Recency–frequency–monetary (RFM) scoring (Section 32.3) compresses transaction histories into a behavioral summary. Customer segmentation (Section 32.4) builds on RFM to partition customers into managerially actionable groups and to track them over their lifecycle. Finally, basket and sequence analysis (Section 32.5) and geodemographic classification (Section 32.6) model what customers buy together, in what order, and where they live. Every method is implemented in reproducible, seeded R.


32.1 Attribution Models

When a customer converts after a sequence of exposures—a display ad, then a paid search click, then an email, then a direct visit—the firm observes a single outcome but many candidate causes. Attribution is the problem of distributing the credit for that outcome across the touchpoints that preceded it. The stakes are budgetary: channel spend is reallocated in proportion to attributed credit, so a biased attribution rule mechanically misallocates money.

The naïve solutions are heuristic rules that assign all credit to a single position in the path. First-touch attribution credits the channel that initiated the journey; last-touch attribution credits the channel that immediately preceded conversion; linear-touch attribution splits credit equally across all touchpoints. These rules are transparent and require no estimation, but each encodes an indefensible causal assumption—that position in the sequence is a sufficient statistic for contribution. Last-touch attribution, the long-standing industry default, systematically over-credits lower-funnel channels (branded search, retargeting) that harvest demand other channels created. The two model-based alternatives developed below—the Shapley value and the Markov removal effect—replace positional heuristics with a principled notion of marginal contribution. Figure 32.1 organizes these two families, contrasting the positional heuristics with the model-based rules that estimate marginal contribution.
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Figure 32.1: Two families of attribution rule. Heuristic rules assign credit by position in the path; model-based rules assign credit by marginal contribution, estimated either from cooperative game theory (Shapley) or from a Markov model of the journey (removal effect).









32.1.1 The Shapley Value

The Shapley value imports a solution concept from cooperative game theory into attribution (Zhao, Mahboobi, and Bagheri 2018). Treat each marketing channel as a player and a conversion as the payoff of a coalition of channels acting together. The question “how much credit does channel ii deserve?” becomes “what is channel ii’s average marginal contribution to the payoff, taken over every order in which the channels could have joined the coalition?”

Formally, let N={1,…,n}N = \{1, \dots, n\} be the set of channels and let v:2N→ℝv: 2^{N} \to \mathbb{R} be a characteristic function assigning to each coalition S⊆NS \subseteq N the conversions (or conversion value) realized when exactly the channels in SS are present. The marginal contribution of channel ii to a coalition SS that does not contain it is v(S∪{i})−v(S)v(S \cup \{i\}) - v(S). The Shapley value averages this marginal contribution over all n!n! orderings of the players:

ϕi(v)=∑S⊆N\{i}|S|!(n−|S|−1)!n![v(S∪{i})−v(S)].(32.1)
\phi_i(v) = \sum_{S \subseteq N \setminus \{i\}}
\frac{|S|!\,\bigl(n - |S| - 1\bigr)!}{n!}
\bigl[v(S \cup \{i\}) - v(S)\bigr].
 \qquad(32.1)

The combinatorial weight in Equation 32.1 counts the permutations consistent with channel ii joining immediately after coalition SS has formed. The Shapley value is the unique allocation satisfying four axioms that any fair attribution scheme should arguably obey: efficiency (the credits sum to the total payoff, ∑iϕi=v(N)\sum_i \phi_i = v(N)), symmetry (two channels making identical marginal contributions receive equal credit), the null-player property (a channel that never changes any coalition’s payoff receives zero), and additivity (credit is linear in the payoff across independent games). This axiomatic uniqueness is what distinguishes the Shapley value from heuristic rules: it is not one allocation among many but the only one consistent with these fairness requirements.

Two channel-specific features of the marketing problem deserve emphasis. First, the characteristic function encodes the marginal contribution of each channel. Second, the averaging over orderings encodes the sequence in which channels join the coalition—the empirical analogue of the customer journey. The ordered Shapley extension of Zhao, Mahboobi, and Bagheri (2018) preserves information about the order of touchpoints rather than treating the path as an unordered set, which matters when the same channels in different orders convert at different rates.








When the Shapley value breaks down




Three failure modes recur in practice. Computational burden: Equation 32.1 sums over 2n2^{n} coalitions and implicitly over n!n! orderings, so exact computation is infeasible beyond a couple dozen channels and must be approximated by Monte Carlo sampling of permutations. Coalitional completeness: efficiency forces all credit to be divided among the observed channels; if a relevant channel is unmeasured (offline word of mouth, a competitor’s action), its contribution is silently redistributed onto the measured channels, biasing every estimate. No ground truth: because the conversion is observed only once per customer, there is no held-out outcome against which to validate the allocation, so model comparison across attribution schemes is inherently difficult and rests on face validity rather than predictive accuracy.







The GameTheory package provides the coalitional-game primitives—characteristic functions and Shapley-value solvers—on which an attribution pipeline is built.


library("GameTheory")




In a production setting the characteristic function v(S)v(S) is estimated from the log of observed paths: for each coalition SS, one tallies conversions among customers whose journeys used exactly (or at least) the channels in SS. Sparse coalitions— combinations of channels that few customers ever experience—are the practical limit on reliability, since v(S)v(S) for an unobserved SS must be imputed or smoothed.



32.1.2 Markov-Chain Attribution

The Markov approach reframes the customer journey as a random walk over a graph whose nodes are channels and whose edges carry transition probabilities. Conversion and non-conversion are absorbing states; once a journey reaches either, it stops. Channel importance is then measured by how much the conversion probability falls when a channel is deleted from the graph—the removal effect. The appeal is that this construction yields a single internally consistent model of the journey from which credit, expected duration, and counterfactual scenarios all follow.

A Markov chain is specified by three objects: a state space, the set of all states the process can occupy (here, the channels plus the absorbing conversion and null states); a transition operator, the probabilities of moving from each state to each other state; and a current-state distribution, the probability of occupying each state at the start. The defining restriction is the Markov property: the next state depends only on the current state, not on the full history. The transition probabilities satisfy

wij=P(Xt=sj∣Xt−1=si),0≤wij≤1,∑j=1Nwij=1∀i.(32.2)
w_{ij} = P\bigl(X_t = s_j \mid X_{t-1} = s_i\bigr),
\qquad 0 \le w_{ij} \le 1,
\qquad \sum_{j=1}^{N} w_{ij} = 1 \;\; \forall i.
 \qquad(32.2)

The three conditions in Equation 32.2 state, respectively, that wijw_{ij} is the probability of moving to state sjs_j given current state sis_i; that each such probability is a genuine probability bounded in [0,1][0,1]; and that the rows of the transition matrix sum to one, because from any state the process must move somewhere (including possibly back to itself or into an absorbing state).

The credit a channel earns is its removal effect. Let π\pi denote the probability that a random walk starting from the (start) node is eventually absorbed in (conversion) under the full transition matrix. Deleting channel ii means rerouting every path that would have passed through ii directly to the (null) absorbing state; let π−i\pi_{-i} be the conversion probability of the mutilated chain. The removal effect of channel ii is the relative drop in conversion probability,

REi=π−π−iπ,(32.3)
\text{RE}_i = \frac{\pi - \pi_{-i}}{\pi},
 \qquad(32.3)

and attributed conversions are obtained by normalizing the removal effects to sum to one and multiplying by total conversions. The removal effect is therefore a counterfactual: it answers “what fraction of conversions would we lose if this channel disappeared?”


32.1.2.1 The Order of the Chain

The chain’s order controls how much history conditions the next transition, and the choice trades bias against variance.




Table 32.1: Markov-chain order and the history it conditions on. A first-order (“memory-free”) chain is the workhorse: the probability of the next state depends only on the current state.





	Order
	Memory
	Conditioning set for the next state





	0
	none
	unconditional probability of entering any state



	1
	current state only
	the state you are in now (memory-free)



	2
	one prior state
	where you came from and where you are



	3
	two prior states
	the last two states and where you are



	4
	three prior states
	the last three states and where you are










A first-order chain is memory-free: the probability of reaching the next state depends only on the state currently occupied, as Table 32.1 records. Higher orders capture sequence dependence—the same channel may convert differently depending on what preceded it—at the cost of a combinatorial explosion in the number of estimated transition probabilities and corresponding data sparsity. As we demonstrate below, in the first-order chain consecutive duplicate channels leave the transition matrix and hence the attribution unchanged, which justifies the common practice of collapsing duplicates; this invariance no longer holds at second order and above.

The terminology recurs throughout: each node is a transition state, the probability of moving between two channels is a transition probability, and the counterfactual deletion of a node yields its removal effect.



32.1.2.2 Worked Example: Heuristics versus Markov

The first worked example contrasts the heuristic rules with a first-order Markov model on a channel-attribution dataset, following the implementation popularized by Analytics Vidhya. The raw data encode each customer’s path as a sequence of channel identifiers, where codes 1–19 are marketing channels, 20 marks device selection, 21 marks the final purchase, and 22 marks an undecided customer.


#Load the libraries
library("ChannelAttribution")
library("ggplot2")
library("reshape")
library("dplyr")
library("plyr")
library("reshape2")
library("plotly")

#Read the data into R
channel = read.csv("images/Channel_attribution.csv", header = T) %>%
    select(-c(Output))
head(channel, n = 2)
#>   R05A.01 R05A.02 R05A.03 R05A.04 R05A.05 R05A.06 R05A.07 R05A.08 R05A.09
#> 1      16       4       3       5      10       8       6       8      13
#> 2       2       1       9      10       1       4       3      21      NA
#>   R05A.10 R05A.11 R05A.12 R05A.13 R05A.14 R05A.15 R05A.16 R05A.17 R05A.18
#> 1      20      21      NA      NA      NA      NA      NA      NA      NA
#> 2      NA      NA      NA      NA      NA      NA      NA      NA      NA
#>   R05A.19 R05A.20
#> 1      NA      NA
#> 2      NA      NA




The preprocessing step reconstructs a single delimited path string per customer and marks conversion wherever the purchase code 21 appears, then truncates each path at the point of purchase so that post-conversion states do not leak credit.


for (row in 1:nrow(channel)){
    if (21 %in% channel[row,]){
        channel$convert = 1
    }
}

column = colnames(channel)
channel$path = do.call(paste, c(channel, sep = " > "))
head(channel$path)
#> [1] "16 > 4 > 3 > 5 > 10 > 8 > 6 > 8 > 13 > 20 > 21 > NA > NA > NA > NA > NA > NA > NA > NA > NA > 1"     
#> [2] "2 > 1 > 9 > 10 > 1 > 4 > 3 > 21 > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > 1"     
#> [3] "9 > 13 > 20 > 16 > 15 > 21 > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > 1"
#> [4] "8 > 15 > 20 > 21 > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > 1"
#> [5] "16 > 9 > 13 > 20 > 21 > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > 1"
#> [6] "1 > 11 > 8 > 4 > 9 > 21 > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > NA > 1"





for(row in 1:nrow(channel)){
  channel$path[row] = strsplit(channel$path[row], " > 21")[[1]][1]
}
channel_fin = channel[,c(22,21)]
channel_fin = ddply(channel_fin,~path,summarise, conversion= sum(convert))
head(channel_fin)
#>                           path conversion
#> 1               1 > 1 > 1 > 20          1
#> 2              1 > 1 > 12 > 12          1
#> 3    1 > 1 > 14 > 13 > 12 > 20          1
#> 4      1 > 1 > 3 > 13 > 3 > 20          1
#> 5          1 > 1 > 3 > 17 > 17          1
#> 6 1 > 1 > 6 > 1 > 12 > 20 > 12          1

Data = channel_fin
head(Data)
#>                           path conversion
#> 1               1 > 1 > 1 > 20          1
#> 2              1 > 1 > 12 > 12          1
#> 3    1 > 1 > 14 > 13 > 12 > 20          1
#> 4      1 > 1 > 3 > 13 > 3 > 20          1
#> 5          1 > 1 > 3 > 17 > 17          1
#> 6 1 > 1 > 6 > 1 > 12 > 20 > 12          1




The heuristic models assign credit by position. First-touch credits the path’s initiator, last-touch credits the closer, and linear-touch divides credit equally— the three positional baselines against which the Markov model is judged.


H <- heuristic_models(Data, 'path', 'conversion', var_value='conversion')
#> [1] "*** Install ChannelAttribution Pro for free! Run install_pro(). Set flg_pro=FALSE to hide this message."
H
#>    channel_name first_touch_conversions first_touch_value
#> 1             1                     130               130
#> 2            20                       0                 0
#> 3            12                      75                75
#> 4            14                      34                34
#> 5            13                     320               320
#> 6             3                     168               168
#> 7            17                      31                31
#> 8             6                      50                50
#> 9             8                      56                56
#> 10           10                     547               547
#> 11           11                      66                66
#> 12           16                     111               111
#> 13            2                     199               199
#> 14            4                     231               231
#> 15            7                      26                26
#> 16            5                      62                62
#> 17            9                     250               250
#> 18           15                      22                22
#> 19           18                       4                 4
#> 20           19                      10                10
#>    last_touch_conversions last_touch_value linear_touch_conversions
#> 1                      18               18                73.773661
#> 2                    1701             1701               473.998171
#> 3                      23               23                76.127863
#> 4                      25               25                56.335744
#> 5                      76               76               204.039552
#> 6                      21               21               117.609677
#> 7                      47               47                76.583847
#> 8                      20               20                54.707124
#> 9                      17               17                53.677862
#> 10                     42               42               211.822393
#> 11                     33               33               107.109048
#> 12                     95               95               156.049086
#> 13                     18               18                94.111668
#> 14                     88               88               250.784033
#> 15                     15               15                33.435991
#> 16                     23               23                74.900402
#> 17                     71               71               194.071690
#> 18                     47               47                65.159225
#> 19                      2                2                 5.026587
#> 20                     10               10                12.676375
#>    linear_touch_value
#> 1           73.773661
#> 2          473.998171
#> 3           76.127863
#> 4           56.335744
#> 5          204.039552
#> 6          117.609677
#> 7           76.583847
#> 8           54.707124
#> 9           53.677862
#> 10         211.822393
#> 11         107.109048
#> 12         156.049086
#> 13          94.111668
#> 14         250.784033
#> 15          33.435991
#> 16          74.900402
#> 17         194.071690
#> 18          65.159225
#> 19           5.026587
#> 20          12.676375




The first-order Markov model estimates the transition matrix from the observed paths and computes removal effects via Equation 32.3.


M <- markov_model(Data, 'path', 'conversion', var_value='conversion', order = 1)
#> 
#> Number of simulations: 100000 - Convergence reached: 2.05% < 5.00%
#> 
#> Percentage of simulated paths that successfully end before maximum number of steps (17) is reached: 99.40%
#> 
#> [1] "*** Install ChannelAttribution Pro for free running install_pro(). Visit https://channelattribution.io for more info. Set flg_pro=FALSE to hide this message."
M
#>    channel_name total_conversion total_conversion_value
#> 1             1        82.805970              82.805970
#> 2            20       439.582090             439.582090
#> 3            12        81.253731              81.253731
#> 4            14        64.238806              64.238806
#> 5            13       197.791045             197.791045
#> 6             3       122.328358             122.328358
#> 7            17        86.985075              86.985075
#> 8             6        58.985075              58.985075
#> 9             8        60.656716              60.656716
#> 10           10       209.850746             209.850746
#> 11           11       115.402985             115.402985
#> 12           16       159.820896             159.820896
#> 13            2        97.074627              97.074627
#> 14            4       222.149254             222.149254
#> 15            7        40.597015              40.597015
#> 16            5        80.537313              80.537313
#> 17            9       178.865672             178.865672
#> 18           15        72.358209              72.358209
#> 19           18         6.567164               6.567164
#> 20           19        14.149254              14.149254




Merging the heuristic and Markov outputs on the channel name aligns the four allocations for comparison.


# Merges the two data frames on the "channel_name" column.
R <- merge(H, M, by='channel_name')

# Select only relevant columns
R1 <- R[, (colnames(R) %in% c('channel_name', 'first_touch_conversions', 'last_touch_conversions', 'linear_touch_conversions', 'total_conversion'))]

# Transforms the dataset into a data frame that ggplot2 can use to plot the outcomes
R1 <- melt(R1, id='channel_name')





# Plot the total conversions
ggplot(R1, aes(channel_name, value, fill = variable)) +
  geom_bar(stat='identity', position='dodge') +
  ggtitle('TOTAL CONVERSIONS') +
  theme(axis.title.x = element_text(vjust = -2)) +
  theme(axis.title.y = element_text(vjust = +2)) +
  theme(title = element_text(size = 16)) +
  theme(plot.title=element_text(size = 20)) +
  ylab("")
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Figure 32.2: Total conversions attributed to each channel under first-touch, last-touch, linear-touch, and first-order Markov rules. Divergence between the Markov bar and the positional bars localizes channels that heuristics systematically mis-credit.








Where the Markov bar in Figure 32.2 stands well above a channel’s last-touch bar, that channel is an assist whose contribution last-touch attribution would discard; where it stands below, the channel is a closer that last-touch attribution over-credits.



32.1.2.3 Worked Example: Transition Matrix and Model Comparison

The second example, following Sergey Bryl’, simulates a realistic journey log and exposes the transition matrix directly, along with the (start), (conversion), and (null) bookkeeping states that make the chain absorbing. The first block builds a minimal three-channel example to illustrate the data structure the markov_model() function expects—a path string, a conversion flag, and a non-conversion flag—and to extract the raw transition matrix and the dummy absorbing states needed to plot the journey graph.


library(dplyr)
library(reshape2)
library(ggplot2)
library(ggthemes)
library(ggrepel)
library(RColorBrewer)
library(ChannelAttribution)
library(markovchain)

##### simple example #####
# creating a data sample
df1 <- data.frame(path = c('c1 > c2 > c3', 'c1', 'c2 > c3'), conv = c(1, 0, 0), conv_null = c(0, 1, 1))

# calculating the model
mod1 <- markov_model(df1,
                    var_path = 'path',
                    var_conv = 'conv',
                    var_null = 'conv_null',
                    out_more = TRUE)

# extracting the results of attribution
df_res1 <- mod1$result

# extracting a transition matrix
df_trans1 <- mod1$transition_matrix
df_trans1 <- dcast(df_trans1, channel_from ~ channel_to, value.var = 'transition_probability')

### plotting the Markov graph ###
df_trans <- mod1$transition_matrix

# adding dummies in order to plot the graph
df_dummy <- data.frame(channel_from = c('(start)', '(conversion)', '(null)'),
                       channel_to = c('(start)', '(conversion)', '(null)'),
                       transition_probability = c(0, 1, 1))
df_trans <- rbind(df_trans, df_dummy)

# ordering channels
df_trans$channel_from <- factor(df_trans$channel_from,levels = c('(start)','(conversion)', '(null)', 'c1', 'c2', 'c3'))
df_trans$channel_to <- factor(df_trans$channel_to,levels = c('(start)', '(conversion)', '(null)', 'c1', 'c2', 'c3'))
df_trans <- dcast(df_trans, channel_from ~ channel_to, value.var ='transition_probability')

# creating the markovchain object
trans_matrix <- matrix(data = as.matrix(df_trans[, -1]),nrow = nrow(df_trans[, -1]), ncol = ncol(df_trans[, -1]),dimnames = list(c(as.character(df_trans[,1])),c(colnames(df_trans[, -1]))))
trans_matrix[is.na(trans_matrix)] <- 0




The next block simulates 5,000 touchpoints across ten channels for up to 1,000 customers, aggregates them into per-customer paths, and fits the Markov model alongside manually computed first- and last-touch baselines.


# simulating the "real" data
set.seed(354)
df2 <- data.frame(client_id = sample(c(1:1000), 5000, replace = TRUE),
                  date = sample(c(1:32), 5000, replace = TRUE),
                  channel = sample(c(0:9), 5000, replace = TRUE,
                                   prob = c(0.1, 0.15, 0.05, 0.07, 0.11, 0.07, 0.13, 0.1, 0.06, 0.16)))
df2$date <- as.Date(df2$date, origin = "2015-01-01")
df2$channel <- paste0('channel_', df2$channel)

# aggregating channels to the paths for each customer
df2 <- df2 %>%
        arrange(client_id, date) %>%
        group_by(client_id) %>%
        summarise(path = paste(channel, collapse = ' > '),
                  # assume that all paths were finished with conversion
                  conv = 1,
                  conv_null = 0) %>%
        ungroup()

# calculating the models (Markov and heuristics)
mod2 <- markov_model(df2,
                     var_path = 'path',
                     var_conv = 'conv',
                     var_null = 'conv_null',
                     out_more = TRUE)
#> 
#> Number of simulations: 100000 - Convergence reached: 1.40% < 5.00%
#> 
#> Percentage of simulated paths that successfully end before maximum number of steps (13) is reached: 95.98%
#> 
#> [1] "*** Install ChannelAttribution Pro for free running install_pro(). Visit https://channelattribution.io for more info. Set flg_pro=FALSE to hide this message."

# heuristic_models() function doesn't work for me, therefore I used the manual calculations
# instead of:
#h_mod2 <- heuristic_models(df2, var_path = 'path', var_conv = 'conv')

df_hm <- df2 %>%
        mutate(channel_name_ft = sub('>.*', '', path),
               channel_name_ft = sub(' ', '', channel_name_ft),
               channel_name_lt = sub('.*>', '', path),
               channel_name_lt = sub(' ', '', channel_name_lt))
# first-touch conversions
df_ft <- df_hm %>%
        group_by(channel_name_ft) %>%
        summarise(first_touch_conversions = sum(conv)) %>%
        ungroup()
# last-touch conversions
df_lt <- df_hm %>%
        group_by(channel_name_lt) %>%
        summarise(last_touch_conversions = sum(conv)) %>%
        ungroup()

h_mod2 <- merge(df_ft, df_lt, by.x = 'channel_name_ft', by.y = 'channel_name_lt')

# merging all models
all_models <- merge(h_mod2, mod2$result, by.x = 'channel_name_ft', by.y = 'channel_name')
colnames(all_models)[c(1, 4)] <- c('channel_name', 'attrib_model_conversions')




The transition-matrix heatmap renders the estimated wijw_{ij} as a colored grid, making the dominant journey paths and the channels that most often precede conversion visually legible.


library("RColorBrewer")
library("ggthemes")
library("ggrepel")
############## visualizations ##############
# transition matrix heatmap for "real" data
df_plot_trans <- mod2$transition_matrix

cols <- c("#e7f0fa", "#c9e2f6", "#95cbee", "#0099dc", "#4ab04a", "#ffd73e", "#eec73a",
          "#e29421", "#e29421", "#f05336", "#ce472e")
t <- max(df_plot_trans$transition_probability)

ggplot(df_plot_trans, aes(y = channel_from, x = channel_to, fill = transition_probability)) +
        theme_minimal() +
        geom_tile(colour = "white", width = .9, height = .9) +
        scale_fill_gradientn(colours = cols, limits = c(0, t),
                             breaks = seq(0, t, by = t/4),
                             labels = c("0", round(t/4*1, 2), round(t/4*2, 2), round(t/4*3, 2), round(t/4*4, 2)),
                             guide = guide_colourbar(ticks = T, nbin = 50, barheight = .5, label = T, barwidth = 10)) +
        geom_text(aes(label = round(transition_probability, 2)), fontface = "bold", size = 4) +
        theme(legend.position = 'bottom',
              legend.direction = "horizontal",
              panel.grid.major = element_blank(),
              panel.grid.minor = element_blank(),
              plot.title = element_text(size = 20, face = "bold", vjust = 2, color = 'black', lineheight = 0.8),
              axis.title.x = element_text(size = 24, face = "bold"),
              axis.title.y = element_text(size = 24, face = "bold"),
              axis.text.y = element_text(size = 8, face = "bold", color = 'black'),
              axis.text.x = element_text(size = 8, angle = 90, hjust = 0.5, vjust = 0.5, face = "plain")) +
        ggtitle("Transition matrix heatmap")

# models comparison
all_mod_plot <- reshape2::melt(all_models, id.vars = 'channel_name', variable.name = 'conv_type')
all_mod_plot$value <- round(all_mod_plot$value)
# slope chart
pal <- colorRampPalette(brewer.pal(10, "Set1"))
ggplot(all_mod_plot, aes(x = conv_type, y = value, group = channel_name)) +
        theme_solarized(base_size = 18, base_family = "", light = TRUE) +
        scale_color_manual(values = pal(10)) +
        scale_fill_manual(values = pal(10)) +
        geom_line(aes(color = channel_name), size = 2.5, alpha = 0.8) +
        geom_point(aes(color = channel_name), size = 5) +
        geom_label_repel(aes(label = paste0(channel_name, ': ', value), fill = factor(channel_name)),
                         alpha = 0.7,
                         fontface = 'bold', color = 'white', size = 5,
                         box.padding = unit(0.25, 'lines'), point.padding = unit(0.5, 'lines'),
                         max.iter = 100) +
        theme(legend.position = 'none',
              legend.title = element_text(size = 16, color = 'black'),
              legend.text = element_text(size = 16, vjust = 2, color = 'black'),
              plot.title = element_text(size = 20, face = "bold", vjust = 2, color = 'black', lineheight = 0.8),
              axis.title.x = element_text(size = 24, face = "bold"),
              axis.title.y = element_text(size = 16, face = "bold"),
              axis.text.x = element_text(size = 16, face = "bold", color = 'black'),
              axis.text.y = element_blank(),
              axis.ticks.x = element_blank(),
              axis.ticks.y = element_blank(),
              panel.border = element_blank(),
              panel.grid.major = element_line(colour = "grey", linetype = "dotted"),
              panel.grid.minor = element_blank(),
              strip.text = element_text(size = 16, hjust = 0.5, vjust = 0.5, face = "bold", color = 'black'),
              strip.background = element_rect(fill = "#f0b35f")) +
        labs(x = 'Model', y = 'Conversions') +
        ggtitle('Models comparison') +
        guides(colour = guide_legend(override.aes = list(size = 4)))
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Figure 32.3: Estimated first-order transition matrix as a heatmap. Each cell is the probability of moving from the row channel to the column channel; bright cells trace the most-traveled edges of the journey graph.










[image: ]



Figure 32.4: Estimated first-order transition matrix as a heatmap. Each cell is the probability of moving from the row channel to the column channel; bright cells trace the most-traveled edges of the journey graph.








The slope chart above connects each channel’s attributed conversions across the four rules; channels whose lines cross steeply are precisely those whose ranking depends on the attribution method, and therefore those for which the choice of model has real budgetary consequences.



32.1.2.4 Practical Refinements to Markov Attribution

A production attribution pipeline must confront several complications that the textbook chain ignores. The following refinements, again following Bryl’, address journey staging, missing data, single-channel paths, chain order, non-converting paths, and journey duration. We begin by simulating a richer log of 80,000 touchpoints across eight channels for 20,000 customers, with conversions sprinkled stochastically and one channel deliberately set to missing to exercise the missing-data logic.


library(tidyverse)
library(reshape2)
library(ggthemes)
library(ggrepel)
library(RColorBrewer)
library(ChannelAttribution)
library(visNetwork)
library(expm)
library(stringr)
library(purrr)
library(purrrlyr)

##### simulating the "real" data #####
set.seed(454)
df_raw <- data.frame(customer_id = paste0('id', sample(c(1:20000), replace = TRUE)), date = as.Date(rbeta(80000, 0.7, 10) * 100, origin = "2016-01-01"), channel = paste0('channel_', sample(c(0:7), 80000, replace = TRUE, prob = c(0.2, 0.12, 0.03, 0.07, 0.15, 0.25, 0.1, 0.08))) ) %>%
        group_by(customer_id) %>%
        mutate(conversion = sample(c(0, 1), n(), prob = c(0.975, 0.025), replace = TRUE)) %>%
        ungroup() %>%
        dmap_at(c(1, 3), as.character) %>%
        arrange(customer_id, date)

df_raw <- df_raw %>%
        mutate(channel = ifelse(channel == 'channel_2', NA, channel))
head(df_raw, n = 2)
#> # A tibble: 2 × 4
#>   customer_id date       channel   conversion
#>   <chr>       <date>     <chr>          <dbl>
#> 1 id1         2016-01-02 channel_7          0
#> 2 id1         2016-01-09 channel_4          0




Journey staging. A customer occupies a different position in the funnel after each conversion: a first-time buyer’s path looks nothing like a tenth-time buyer’s, who will not, for instance, begin at the landing page. The analyst therefore splits each customer’s history into separate paths indexed by the cumulative number of prior conversions, and may model each stage separately. The serial path number is the lagged cumulative sum of the conversion flag.


##### splitting paths #####
df_paths <- df_raw %>%
        group_by(customer_id) %>%
        mutate(path_no = ifelse(is.na(lag(cumsum(conversion))), 0, lag(cumsum(conversion))) + 1) %>% # add the path's serial number by using the lagged cumulative sum of conversion binary marks
        ungroup()
head(df_paths)
#> # A tibble: 6 × 5
#>   customer_id date       channel   conversion path_no
#>   <chr>       <date>     <chr>          <dbl>   <dbl>
#> 1 id1         2016-01-02 channel_7          0       1
#> 2 id1         2016-01-09 channel_4          0       1
#> 3 id1         2016-01-18 channel_5          1       1
#> 4 id1         2016-01-20 channel_4          1       2
#> 5 id100       2016-01-01 channel_0          0       1
#> 6 id100       2016-01-01 channel_0          0       1





df_paths_1 <- df_paths %>%
        filter(path_no == 1) %>%
        select(-path_no)




Missing and non-attributable channels. Channels may be unrecorded, or the firm may choose not to attribute certain touchpoints (a direct visit, say, that merely reflects existing intent). Two remedies are available: drop the offending touchpoint, or impute it with the previous channel in the path. A useful invariance justifies the casual treatment of duplicates here: in a first-order chain, consecutive duplicate channels do not change the transition matrix, so substituting a previous channel for a missing one leaves first-order attribution unaffected. The code removes missing values, then replaces a designated direct channel (channel_6) with the preceding touchpoint except when it opens the path, in which case it is dropped.


##### replace some channels #####
df_path_1_clean <- df_paths_1 %>%
        # removing NAs
        filter(!is.na(channel)) %>%

        # adding order of channels in the path
        group_by(customer_id) %>%
        mutate(ord = c(1:n()),
               is_non_direct = ifelse(channel == 'channel_6', 0, 1),
               is_non_direct_cum = cumsum(is_non_direct)) %>%

        # removing Direct (channel_6) when it is the first in the path
        filter(is_non_direct_cum != 0) %>%

        # replacing Direct (channel_6) with the previous touch point
        mutate(channel = ifelse(channel == 'channel_6', channel[which(channel != 'channel_6')][is_non_direct_cum], channel)) %>%

        ungroup() %>%
        select(-ord, -is_non_direct, -is_non_direct_cum)




Single-channel versus multi-channel paths. Because the removal effects do not sum to one, the package reweights each channel’s importance by the total. This creates a subtle bias: for a path consisting of a single unique channel, that channel’s removal effect and importance are exactly one, but pooling such paths with multi-channel paths and reweighting dilutes the single-channel credit, so channels that frequently appear alone are underestimated. The logic of the fix is direct—when a path contains only one channel we know with certainty which channel earned the conversion, and that certainty should not be redistributed. The procedure is therefore to (i) split the data into one-channel and multi-channel paths, (ii) count conversions directly for one-channel paths while fitting the Markov model only on multi-channel paths, and (iii) sum the two contributions per channel.


##### one- and multi-channel paths #####
df_path_1_clean <- df_path_1_clean %>%
        group_by(customer_id) %>%
        mutate(uniq_channel_tag = ifelse(length(unique(channel)) == 1, TRUE, FALSE)) %>%
        ungroup()

df_path_1_clean_uniq <- df_path_1_clean %>%
        filter(uniq_channel_tag == TRUE) %>%
        select(-uniq_channel_tag)

df_path_1_clean_multi <- df_path_1_clean %>%
        filter(uniq_channel_tag == FALSE) %>%
        select(-uniq_channel_tag)

### experiment ###
# attribution model for all paths
df_all_paths <- df_path_1_clean %>%
        group_by(customer_id) %>%
        summarise(path = paste(channel, collapse = ' > '),
                  conversion = sum(conversion)) %>%
        ungroup() %>%
        filter(conversion == 1)

mod_attrib <- markov_model(df_all_paths,
                           var_path = 'path',
                           var_conv = 'conversion',
                           out_more = TRUE)
#> 
#> Number of simulations: 100000 - Convergence reached: 1.28% < 5.00%
#> 
#> Percentage of simulated paths that successfully end before maximum number of steps (19) is reached: 99.92%
#> 
#> [1] "*** Install ChannelAttribution Pro for free running install_pro(). Visit https://channelattribution.io for more info. Set flg_pro=FALSE to hide this message."
mod_attrib$removal_effects
#>   channel_name removal_effects
#> 1    channel_7       0.2812250
#> 2    channel_4       0.4284428
#> 3    channel_5       0.6056845
#> 4    channel_0       0.5367294
#> 5    channel_1       0.3820056
#> 6    channel_3       0.2535028
mod_attrib$result
#>   channel_name total_conversions
#> 1    channel_7          192.8653
#> 2    channel_4          293.8279
#> 3    channel_5          415.3811
#> 4    channel_0          368.0913
#> 5    channel_1          261.9811
#> 6    channel_3          173.8533
d_all <- data.frame(mod_attrib$result)

# attribution model for splitted multi and unique channel paths
df_multi_paths <- df_path_1_clean_multi %>%
        group_by(customer_id) %>%
        summarise(path = paste(channel, collapse = ' > '),
                  conversion = sum(conversion)) %>%
        ungroup() %>%
        filter(conversion == 1)

mod_attrib_alt <- markov_model(df_multi_paths,
                           var_path = 'path',
                           var_conv = 'conversion',
                           out_more = TRUE)
#> 
#> Number of simulations: 100000 - Convergence reached: 1.21% < 5.00%
#> 
#> Percentage of simulated paths that successfully end before maximum number of steps (19) is reached: 99.59%
#> 
#> [1] "*** Install ChannelAttribution Pro for free running install_pro(). Visit https://channelattribution.io for more info. Set flg_pro=FALSE to hide this message."
mod_attrib_alt$removal_effects
#>   channel_name removal_effects
#> 1    channel_7       0.3265696
#> 2    channel_4       0.4844802
#> 3    channel_5       0.6526369
#> 4    channel_0       0.5814164
#> 5    channel_1       0.4343546
#> 6    channel_3       0.2898041
mod_attrib_alt$result
#>   channel_name total_conversions
#> 1    channel_7          150.9460
#> 2    channel_4          223.9350
#> 3    channel_5          301.6599
#> 4    channel_0          268.7406
#> 5    channel_1          200.7661
#> 6    channel_3          133.9524

# adding unique paths
df_uniq_paths <- df_path_1_clean_uniq %>%
        filter(conversion == 1) %>%
        group_by(channel) %>%
        summarise(conversions = sum(conversion)) %>%
        ungroup()

d_multi <- data.frame(mod_attrib_alt$result)

d_split <- full_join(d_multi, df_uniq_paths, by = c('channel_name' = 'channel')) %>%
        mutate(result = total_conversions + conversions)

sum(d_all$total_conversions)
#> [1] 1706
sum(d_split$result)
#> [1] 1706




Higher-order chains and duplicate channels. The first-order invariance noted above fails at second order: once the next transition conditions on two prior states, a duplicated channel changes the conditioning history and hence the estimated probabilities. To verify that the practical effect on first-order attribution is nil, one can compute the transition matrix and removal effects “manually”—the package collapses duplicates automatically, so a hand-rolled calculation is needed to compare. The script below builds the transition matrix by tabulating adjacent channel pairs, then computes attribution by iterating the mutilated transition matrix to its stationary behavior via the matrix power %^%.


##### Higher order of Markov chains and consequent duplicated channels in the path #####

# computing transition matrix - 'manual' way
df_multi_paths_m <- df_multi_paths %>%
        mutate(path = paste0('(start) > ', path, ' > (conversion)'))
m <- max(str_count(df_multi_paths_m$path, '>')) + 1 # maximum path length

df_multi_paths_cols <- reshape2::colsplit(string = df_multi_paths_m$path, pattern = ' > ', names = c(1:m))
colnames(df_multi_paths_cols) <- paste0('ord_', c(1:m))
df_multi_paths_cols[df_multi_paths_cols == ''] <- NA

df_res <- vector('list', ncol(df_multi_paths_cols) - 1)

for (i in c(1:(ncol(df_multi_paths_cols) - 1))) {

        df_cache <- df_multi_paths_cols %>%
                select(num_range("ord_", c(i, i+1))) %>%
                na.omit() %>%
                group_by_(.dot = c(paste0("ord_", c(i, i+1)))) %>%
                summarise(n = n()) %>%
                ungroup()

        colnames(df_cache)[c(1, 2)] <- c('channel_from', 'channel_to')
        df_res[[i]] <- df_cache
}

df_res <- do.call('rbind', df_res)

df_res_tot <- df_res %>%
        group_by(channel_from, channel_to) %>%
        summarise(n = sum(n)) %>%
        ungroup() %>%
        group_by(channel_from) %>%
        mutate(tot_n = sum(n),
               perc = n / tot_n) %>%
        ungroup()

df_dummy <- data.frame(channel_from = c('(start)', '(conversion)', '(null)'),
                       channel_to = c('(start)', '(conversion)', '(null)'),
                       n = c(0, 0, 0),
                       tot_n = c(0, 0, 0),
                       perc = c(0, 1, 1))

df_res_tot <- rbind(df_res_tot, df_dummy)

# comparing transition matrices
trans_matrix_prob_m <- dcast(df_res_tot, channel_from ~ channel_to, value.var = 'perc', fun.aggregate = sum)
trans_matrix_prob <- data.frame(mod_attrib_alt$transition_matrix)
trans_matrix_prob <- dcast(trans_matrix_prob, channel_from ~ channel_to, value.var = 'transition_probability')

# computing attribution - 'manual' way
channels_list <- df_path_1_clean_multi %>%
        filter(conversion == 1) %>%
        distinct(channel)
channels_list <- c(channels_list$channel)

df_res_ini <- df_res_tot %>% select(channel_from, channel_to)
df_attrib <- vector('list', length(channels_list))

for (i in c(1:length(channels_list))) {

        channel <- channels_list[i]

        df_res1 <- df_res %>%
                mutate(channel_from = ifelse(channel_from == channel, NA, channel_from),
                       channel_to = ifelse(channel_to == channel, '(null)', channel_to)) %>%
                na.omit()

        df_res_tot1 <- df_res1 %>%
                group_by(channel_from, channel_to) %>%
                summarise(n = sum(n)) %>%
                ungroup() %>%

                group_by(channel_from) %>%
                mutate(tot_n = sum(n),
                       perc = n / tot_n) %>%
                ungroup()

        df_res_tot1 <- rbind(df_res_tot1, df_dummy) # adding (start), (conversion) and (null) states

        df_res_tot1 <- left_join(df_res_ini, df_res_tot1, by = c('channel_from', 'channel_to'))
        df_res_tot1[is.na(df_res_tot1)] <- 0

        df_trans1 <- dcast(df_res_tot1, channel_from ~ channel_to, value.var = 'perc', fun.aggregate = sum)

        trans_matrix_1 <- df_trans1
        rownames(trans_matrix_1) <- trans_matrix_1$channel_from
        trans_matrix_1 <- as.matrix(trans_matrix_1[, -1])

        inist_n1 <- dcast(df_res_tot1, channel_from ~ channel_to, value.var = 'n', fun.aggregate = sum)
        rownames(inist_n1) <- inist_n1$channel_from
        inist_n1 <- as.matrix(inist_n1[, -1])
        inist_n1[is.na(inist_n1)] <- 0
        inist_n1 <- inist_n1['(start)', ]

        res_num1 <- inist_n1 %*% (trans_matrix_1 %^% 100000)

        df_cache <- data.frame(channel_name = channel,
                               conversions = as.numeric(res_num1[1, 1]))

        df_attrib[[i]] <- df_cache
}

df_attrib <- do.call('rbind', df_attrib)

# computing removal effect and results
tot_conv <- sum(df_multi_paths_m$conversion)

df_attrib <- df_attrib %>%
        mutate(tot_conversions = sum(df_multi_paths_m$conversion),
               impact = (tot_conversions - conversions) / tot_conversions,
               tot_impact = sum(impact),
               weighted_impact = impact / tot_impact,
               attrib_model_conversions = round(tot_conversions * weighted_impact)
        ) %>%
        select(channel_name, attrib_model_conversions)




Because the removal effects and attribution results coincide whether or not duplicates are collapsed in the first-order chain, the package’s default of skipping duplicates is innocuous, and we adopt it in practice.

Non-converting paths. A complete model must include the paths that failed to convert, since they are exactly what the (null) absorbing state represents. Adding a null-conversion flag and refitting yields the generic probabilistic model, whose transition matrix can be visualized as an interactive network graph in which green nodes are the start and conversion states, the red node is the null state, and yellow nodes are channels.


##### Generic Probabilistic Model #####
df_all_paths_compl <- df_path_1_clean %>%
        group_by(customer_id) %>%
        summarise(path = paste(channel, collapse = ' > '),
                  conversion = sum(conversion)) %>%
        ungroup() %>%
        mutate(null_conversion = ifelse(conversion == 1, 0, 1))

mod_attrib_complete <- markov_model(
        df_all_paths_compl,
        var_path = 'path',
        var_conv = 'conversion',
        var_null = 'null_conversion',
        out_more = TRUE
)
#> 
#> Number of simulations: 100000 - Convergence reached: 4.05% < 5.00%
#> 
#> Percentage of simulated paths that successfully end before maximum number of steps (27) is reached: 99.91%
#> 
#> [1] "*** Install ChannelAttribution Pro for free running install_pro(). Visit https://channelattribution.io for more info. Set flg_pro=FALSE to hide this message."

trans_matrix_prob <- mod_attrib_complete$transition_matrix %>%
        dmap_at(c(1, 2), as.character)

##### viz #####
edges <-
        data.frame(
                from = trans_matrix_prob$channel_from,
                to = trans_matrix_prob$channel_to,
                label = round(trans_matrix_prob$transition_probability, 2),
                font.size = trans_matrix_prob$transition_probability * 100,
                width = trans_matrix_prob$transition_probability * 15,
                shadow = TRUE,
                arrows = "to",
                color = list(color = "#95cbee", highlight = "red")
        )

nodes <- data_frame(id = c( c(trans_matrix_prob$channel_from), c(trans_matrix_prob$channel_to) )) %>%
        distinct(id) %>%
        arrange(id) %>%
        mutate(
                label = id,
                color = ifelse(
                        label %in% c('(start)', '(conversion)'),
                        '#4ab04a',
                        ifelse(label == '(null)', '#ce472e', '#ffd73e')
                ),
                shadow = TRUE,
                shape = "box"
        )


# Interactive htmlwidget: HTML output only. In PDF/EPUB, webshot2 cannot rasterize
# a percentage-width widget, so render it only when the output format is HTML.
if (knitr::pandoc_to("html")) {
  visNetwork(nodes,
             edges,
             height = "2000px",
             width = "100%",
             main = "Generic Probabilistic model's Transition Matrix") %>%
          visIgraphLayout(randomSeed = 123) %>%
          visNodes(size = 5) %>%
          visOptions(highlightNearest = TRUE)
}




The transition matrix can also be raised to successive powers to simulate forward the distribution of customers across states after a given number of steps—a counterfactual that answers, for instance, where 1,000 customers seeded at one channel will have dispersed after five steps versus at the stationary limit.


##### modeling states and conversions #####
# transition matrix preprocessing
trans_matrix_complete <- mod_attrib_complete$transition_matrix
trans_matrix_complete <- rbind(trans_matrix_complete, df_dummy %>%
                                       mutate(transition_probability = perc) %>%
                                       select(channel_from, channel_to, transition_probability))
trans_matrix_complete$channel_to <- factor(trans_matrix_complete$channel_to, levels = c(levels(trans_matrix_complete$channel_from)))
trans_matrix_complete <- dcast(trans_matrix_complete, channel_from ~ channel_to, value.var = 'transition_probability')
trans_matrix_complete[is.na(trans_matrix_complete)] <- 0
rownames(trans_matrix_complete) <- trans_matrix_complete$channel_from
trans_matrix_complete <- as.matrix(trans_matrix_complete[, -1])


# creating empty matrix for modeling
model_mtrx <- matrix(data = 0,
                     nrow = nrow(trans_matrix_complete), ncol = 1,
                     dimnames = list(c(rownames(trans_matrix_complete)), '(start)'))
# adding modeling number of visits
model_mtrx['channel_5', ] <- 1000

c(model_mtrx) %*% (trans_matrix_complete %^% 5) # after 5 steps
c(model_mtrx) %*% (trans_matrix_complete %^% 100000) # after 100000 steps




Customer-journey duration. The model is silent on time, but the firm needs a rule for declaring a path dead. Computing the elapsed time from first touch to conversion, and the gap since the most recent touch, yields empirical distributions whose upper quantiles define a churn cutoff. The histograms and empirical cumulative distribution functions below locate the 95th percentile of each duration.


##### Customer journey duration #####
# computing time lapses from the first contact to conversion/last contact
df_multi_paths_tl <- df_path_1_clean_multi %>%
        group_by(customer_id) %>%
        summarise(path = paste(channel, collapse = ' > '),
                  first_touch_date = min(date),
                  last_touch_date = max(date),
                  tot_time_lapse = round(as.numeric(last_touch_date - first_touch_date)),
                  conversion = sum(conversion)) %>%
        ungroup()

# distribution plot
ggplot(df_multi_paths_tl %>% filter(conversion == 1), aes(x = tot_time_lapse)) +
        theme_minimal() +
        geom_histogram(fill = '#4e79a7', binwidth = 1)





[image: ]







# cumulative distribution plot
ggplot(df_multi_paths_tl %>% filter(conversion == 1), aes(x = tot_time_lapse)) +
        theme_minimal() +
        stat_ecdf(geom = 'step', color = '#4e79a7', size = 2, alpha = 0.7) +
        geom_hline(yintercept = 0.95, color = '#e15759', size = 1.5) +
        geom_vline(xintercept = 23, color = '#e15759', size = 1.5, linetype = 2)
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### for generic probabilistic model ###
df_multi_paths_tl_1 <- reshape2::melt(df_multi_paths_tl[c(1:50), ] %>% select(customer_id, first_touch_date, last_touch_date, conversion),
                    id.vars = c('customer_id', 'conversion'),
                    value.name = 'touch_date') %>%
        arrange(customer_id)
rep_date <- as.Date('2016-01-10', format = '%Y-%m-%d')

ggplot(df_multi_paths_tl_1, aes(x = as.factor(customer_id), y = touch_date, color = factor(conversion), group = customer_id)) +
        theme_minimal() +
        coord_flip() +
        geom_point(size = 2) +
        geom_line(size = 0.5, color = 'darkgrey') +
        geom_hline(yintercept = as.numeric(rep_date), color = '#e15759', size = 2) +
        geom_rect(xmin = -Inf, xmax = Inf, ymin = as.numeric(rep_date), ymax = Inf, alpha = 0.01, color = 'white', fill = 'white') +
        theme(legend.position = 'bottom',
              panel.border = element_blank(),
              panel.grid.major = element_blank(),
              panel.grid.minor = element_blank(),
              axis.ticks.x = element_blank(),
              axis.ticks.y = element_blank()) +
        guides(colour = guide_legend(override.aes = list(size = 5)))
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df_multi_paths_tl_2 <- df_path_1_clean_multi %>%
        group_by(customer_id) %>%
        mutate(prev_touch_date = lag(date)) %>%
        ungroup() %>%
        filter(conversion == 1) %>%
        mutate(prev_time_lapse = round(as.numeric(date - prev_touch_date)))

# distribution
ggplot(df_multi_paths_tl_2, aes(x = prev_time_lapse)) +
        theme_minimal() +
        geom_histogram(fill = '#4e79a7', binwidth = 1)
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# cumulative distribution
ggplot(df_multi_paths_tl_2, aes(x = prev_time_lapse)) +
        theme_minimal() +
        stat_ecdf(geom = 'step', color = '#4e79a7', size = 2, alpha = 0.7) +
        geom_hline(yintercept = 0.95, color = '#e15759', size = 1.5) +
        geom_vline(xintercept = 12, color = '#e15759', size = 1.5, linetype = 2)
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Reading the two cutoffs together yields an operational churn rule: a customer whose first contact was more than 23 days ago and whose most recent contact was more than 12 days ago is on a fruitless path and may be excluded or re-targeted. The final block operationalizes exactly this flag.


# extracting data for generic model
df_multi_paths_tl_3 <- df_path_1_clean_multi %>%
        group_by(customer_id) %>%
        mutate(prev_time_lapse = round(as.numeric(date - lag(date)))) %>%
        summarise(path = paste(channel, collapse = ' > '),
                  tot_time_lapse = round(as.numeric(max(date) - min(date))),
                  prev_touch_tl = prev_time_lapse[which(max(date) == date)],
                  conversion = sum(conversion)) %>%
        ungroup() %>%
        mutate(is_fruitless = ifelse(conversion == 0 & tot_time_lapse > 20 & prev_touch_tl > 10, TRUE, FALSE)) %>%
        filter(conversion == 1 | is_fruitless == TRUE)




Channel value comparison. Finally, supplying markov_model() with a var_value argument attributes gross margin rather than raw conversions, so channels are ranked by the revenue they help generate rather than by conversion counts alone—the managerially relevant currency.



32.1.2.5 Worked Example: Value Attribution

The third example, following Bounteous, exercises the value-attribution path on the package’s bundled PathData. Here each path carries four quantities: the channel sequence, the conversion count, the monetary value of each conversion, and the count of exits (the null variable).


# Load these libraries (every time you start RStudio)
library(ChannelAttribution)
library(reshape)
library(ggplot2)

# This loads the demo data. You can load your own data by importing a dataset or reading in a file
data(PathData)




The heuristic and Markov models are fit on both conversions and conversion value, so that two parallel comparisons—credit and dollars—can be drawn.


H <- heuristic_models(Data, 'path', 'total_conversions', var_value='total_conversion_value')
#> [1] "*** Install ChannelAttribution Pro for free! Run install_pro(). Set flg_pro=FALSE to hide this message."





M <- markov_model(Data, 'path', 'total_conversions', var_value='total_conversion_value', order = 1)
#> 
#> Number of simulations: 100000 - Convergence reached: 1.46% < 5.00%
#> 
#> Percentage of simulated paths that successfully end before maximum number of steps (46) is reached: 99.99%
#> 
#> [1] "*** Install ChannelAttribution Pro for free running install_pro(). Visit https://channelattribution.io for more info. Set flg_pro=FALSE to hide this message."





# Merges the two data frames on the "channel_name" column.
R <- merge(H, M, by='channel_name')

# Selects only relevant columns
R1 <- R[, (colnames(R)%in%c('channel_name', 'first_touch_conversions', 'last_touch_conversions', 'linear_touch_conversions', 'total_conversion'))]

# Renames the columns
colnames(R1) <- c('channel_name', 'first_touch', 'last_touch', 'linear_touch', 'markov_model')

# Transforms the dataset into a data frame that ggplot2 can use to graph the outcomes
R1 <- melt(R1, id='channel_name')





ggplot(R1, aes(channel_name, value, fill = variable)) +
  geom_bar(stat='identity', position='dodge') +
  ggtitle('TOTAL CONVERSIONS') +
  theme(axis.title.x = element_text(vjust = -2)) +
  theme(axis.title.y = element_text(vjust = +2)) +
  theme(title = element_text(size = 16)) +
  theme(plot.title=element_text(size = 20)) +
  ylab("")
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Figure 32.5: Total conversions attributed to each channel under the four rules on the bundled PathData.








Figure 32.5 reports how many conversions each method assigns to each channel. The companion chart in Figure 32.6 repeats the exercise on monetary value, which can reorder the channels when high-converting channels close low-value purchases and vice versa.


R2 <- R[, (colnames(R)%in%c('channel_name', 'first_touch_value', 'last_touch_value', 'linear_touch_value', 'total_conversion_value'))]

colnames(R2) <- c('channel_name', 'first_touch', 'last_touch', 'linear_touch', 'markov_model')

R2 <- melt(R2, id='channel_name')

ggplot(R2, aes(channel_name, value, fill = variable)) +
  geom_bar(stat='identity', position='dodge') +
  ggtitle('TOTAL VALUE') +
  theme(axis.title.x = element_text(vjust = -2)) +
  theme(axis.title.y = element_text(vjust = +2)) +
  theme(title = element_text(size = 16)) +
  theme(plot.title=element_text(size = 20)) +
  ylab("")
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Figure 32.6: Total conversion value attributed to each channel. Comparing against the conversion-count chart reveals channels that convert often but cheaply, or rarely but at high value.








The contrast between Figure 32.5 and Figure 32.6 is the practical payoff of value attribution: a channel that converts often but cheaply and one that converts rarely but at high value receive very different budget recommendations, and only the monetary view distinguishes them.





32.2 Sales-Funnel Models

Attribution credits channels; funnel analysis credits stages. The classical AIDA funnel posits that a prospect moves through awareness, interest, desire, and action in sequence,

Awareness→Interest→Desire→Action,(32.4)
\text{Awareness} \to \text{Interest} \to \text{Desire} \to \text{Action},
 \qquad(32.4)

and that the firm’s task is to maximize the conversion probability at each transition while minimizing leakage. Where Markov attribution treats channels as nodes, the funnel model treats the Equation 32.4 stages as nodes and asks which stage a channel most helps a customer clear.
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Figure 32.7: The operationalized AIDA funnel. Each stage is defined by an observable on-site event, and the step probability is the share of customers who advance from one stage to the next.









32.2.1 Funnel-Based Attribution

The first funnel model, following Sergey Bryl, operationalizes the abstract AIDA stages of Equation 32.4 as observable on-site events, as Figure 32.7 depicts: a first site visit is the necessary entry condition; visiting two pages marks awareness; reviewing a product page marks interest; adding to cart marks desire; and completing the purchase marks action. The data are simulated as a clickstream in which each later event is conditional on the previous one, so the funnel structure is built into the generating process.


library(tidyverse)
library(purrrlyr)
library(reshape2)

##### simulating the "real" data #####
set.seed(454)
df_raw <-
  data.frame(
    customer_id = paste0('id', sample(c(1:5000), replace = TRUE)),
    date = as.POSIXct(
      rbeta(10000, 0.7, 10) * 10000000,
      origin = '2017-01-01',
      tz = "UTC"
    ),
    channel = paste0('channel_', sample(
      c(0:7),
      10000,
      replace = TRUE,
      prob = c(0.2, 0.12, 0.03, 0.07, 0.15, 0.25, 0.1, 0.08)
    )),
    site_visit = 1
  ) %>%

  mutate(
    two_pages_visit = sample(c(0, 1), 10000, replace = TRUE, prob = c(0.8, 0.2)),
    product_page_visit = ifelse(
      two_pages_visit == 1,
      sample(
        c(0, 1),
        length(two_pages_visit[which(two_pages_visit == 1)]),
        replace = TRUE,
        prob = c(0.75, 0.25)
      ),
      0
    ),
    add_to_cart = ifelse(
      product_page_visit == 1,
      sample(
        c(0, 1),
        length(product_page_visit[which(product_page_visit == 1)]),
        replace = TRUE,
        prob = c(0.1, 0.9)
      ),
      0
    ),
    purchase = ifelse(add_to_cart == 1,
                      sample(
                        c(0, 1),
                        length(add_to_cart[which(add_to_cart == 1)]),
                        replace = TRUE,
                        prob = c(0.02, 0.98)
                      ),
                      0)
  ) %>%
  dmap_at(c('customer_id', 'channel'), as.character) %>%
  arrange(date) %>%
  mutate(session_id = row_number()) %>%
  arrange(customer_id, session_id)
df_raw <-
  reshape2::melt(
    df_raw,
    id.vars = c('customer_id', 'date', 'channel', 'session_id'),
    value.name = "trigger",
    variable.name = 'event'
  ) %>%
  filter(trigger == 1) %>%
  select(-trigger) %>%
  arrange(customer_id, date)




Because the analysis assumes every customer is a first-time buyer, only the first occurrence of each event per customer is retained; any later repurchase event is discarded.


### removing not first events ###
df_customers <- df_raw %>%
  group_by(customer_id, event) %>%
  filter(date == min(date)) %>%
  ungroup()




The core quantities are the step probabilities. Let ckc_k be the number of customers reaching stage kk. The cumulative funnel probability is ck/csite_visitc_k / c_{\text{site\_visit}}, the step probability is ck/ck−1c_k / c_{k-1}, and the importance of clearing step kk is 1−ck/ck−11 - c_k / c_{k-1}—the share of customers lost at that transition, which is exactly the leakage the firm wants to plug. Normalizing the importances to sum to one yields stage weights that play the role the removal effect played for channels.


### Sales Funnel probabilities ###
sf_probs <- df_customers %>%

    group_by(event) %>%
    summarise(customers_on_step = n()) %>%
    ungroup() %>%

    mutate(
        sf_probs = round(customers_on_step / customers_on_step[event == 'site_visit'], 3),
        sf_probs_step = round(customers_on_step / lag(customers_on_step), 3),
        sf_probs_step = ifelse(is.na(sf_probs_step) == TRUE, 1, sf_probs_step),
        sf_importance = 1 - sf_probs_step,
        sf_importance_weighted = sf_importance / sum(sf_importance)
    )




The journey visualization in Figure 32.8 overlays every customer’s path on the funnel and annotates each stage with its cumulative conversion probability, so that the width of the leakage at each step is immediately visible.


### Sales Funnel visualization ###
df_customers_plot <- df_customers %>%

    group_by(event) %>%
    arrange(channel) %>%
    mutate(pl = row_number()) %>%
    ungroup() %>%

    mutate(
        pl_new = case_when(
            event == 'two_pages_visit' ~ round((max(pl[event == 'site_visit']) - max(pl[event == 'two_pages_visit'])) / 2),
            event == 'product_page_visit' ~ round((max(pl[event == 'site_visit']) - max(pl[event == 'product_page_visit'])) / 2),
            event == 'add_to_cart' ~ round((max(pl[event == 'site_visit']) - max(pl[event == 'add_to_cart'])) / 2),
            event == 'purchase' ~ round((max(pl[event == 'site_visit']) - max(pl[event == 'purchase'])) / 2),
            TRUE ~ 0
        ),
        pl = pl + pl_new
    )

df_customers_plot$event <-
    factor(
        df_customers_plot$event,
        levels = c(
            'purchase',
            'add_to_cart',
            'product_page_visit',
            'two_pages_visit',
            'site_visit'
        )
    )

# color palette
cols <- c(
    '#4e79a7',
    '#f28e2b',
    '#e15759',
    '#76b7b2',
    '#59a14f',
    '#edc948',
    '#b07aa1',
    '#ff9da7',
    '#9c755f',
    '#bab0ac'
)

ggplot(df_customers_plot, aes(x = event, y = pl)) +
    theme_minimal() +
    scale_colour_manual(values = cols) +
    coord_flip() +
    geom_line(aes(group = customer_id, color = as.factor(channel)), size = 0.05) +
    geom_text(
        data = sf_probs,
        aes(
            x = event,
            y = 1,
            label = paste0(sf_probs * 100, '%')
        ),
        size = 4,
        fontface = 'bold'
    ) +
    guides(color = guide_legend(override.aes = list(size = 2))) +
    theme(
        legend.position = 'bottom',
        legend.direction = "horizontal",
        panel.grid.major.x = element_blank(),
        panel.grid.minor = element_blank(),
        plot.title = element_text(
            size = 20,
            face = "bold",
            vjust = 2,
            color = 'black',
            lineheight = 0.8
        ),
        axis.title.y = element_text(size = 16, face = "bold"),
        axis.title.x = element_blank(),
        axis.text.x = element_blank(),
        axis.text.y = element_text(
            size = 8,
            angle = 90,
            hjust = 0.5,
            vjust = 0.5,
            face = "plain"
        )
    ) +
    ggtitle("Sales Funnel visualization - all customers journeys")
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Figure 32.8: All customer journeys overlaid on the funnel, colored by acquisition channel, with cumulative conversion probability annotated at each stage.








Channel attribution then follows by crediting each channel with the weighted importance of the stages a converting customer cleared while exposed to it: customers who never purchased are dropped, the stage weights are joined on, and the weighted importances are summed by channel.


### computing attribution ###
df_attrib <- df_customers %>%
    # removing customers without purchase
    group_by(customer_id) %>%
    filter(any(as.character(event) == 'purchase')) %>%
    ungroup() %>%

    # joining step's importances
    left_join(., sf_probs %>% select(event, sf_importance_weighted), by = 'event') %>%

    group_by(channel) %>%
    summarise(tot_attribution = sum(sf_importance_weighted)) %>%
    ungroup()






32.2.2 Funnel Visualization

The second funnel example, also following Bryl, is a presentation device rather than an estimator: it renders a funnel chart in which each stage’s width is proportional to the number of customers present, with conversion rates annotated between stages. The data combine content nodes (pages mapped to AIDA stages) with customer lifecycle nodes (new, engaged, loyal), and the plotting code constructs the symmetric trapezoidal silhouette by adding white “dummy” segments that center each bar. Figure 32.9 presents the result, with stage widths proportional to customer counts and the step conversion rates annotated between stages.


library(dplyr)
library(ggplot2)
library(reshape2)

# creating a data samples
# content
df.content <- data.frame(
    content = c(
        'main',
        'ad landing',
        'product 1',
        'product 2',
        'product 3',
        'product 4',
        'shopping cart',
        'thank you page'
    ),
    step = c(
        'awareness',
        'awareness',
        'interest',
        'interest',
        'interest',
        'interest',
        'desire',
        'action'
    ),
    number = c(150000, 80000,
               80000, 40000, 35000, 25000,
               130000,
               120000)
)
# customers
df.customers <- data.frame(
    content = c('new', 'engaged', 'loyal'),
    step = c('new', 'engaged', 'loyal'),
    number = c(25000, 40000, 55000)
)
# combining two data sets
df.all <- rbind(df.content, df.customers)

# calculating dummies, max and min values of X for plotting
df.all <- df.all %>%
    group_by(step) %>%
    mutate(totnum = sum(number)) %>%
    ungroup() %>%
    mutate(dum = (max(totnum) - totnum) / 2,
           maxx = totnum + dum,
           minx = dum)

# data frame for plotting funnel lines
df.lines <- df.all %>%
    distinct(step, maxx, minx)

# data frame with dummies
df.dum <- df.all %>%
    distinct(step, dum) %>%
    mutate(content = 'dummy',
           number = dum) %>%
    select(content, step, number)

# data frame with rates
conv <- df.all$totnum[df.all$step == 'action']

df.rates <- df.all %>%
    distinct(step, totnum) %>%
    mutate(
        prevnum = lag(totnum),
        rate = ifelse(
            step == 'new' | step == 'engaged' | step == 'loyal',
            round(totnum / conv, 3),
            round(totnum / prevnum, 3)
        )
    ) %>%
    select(step, rate)
df.rates <- na.omit(df.rates)

# creting final data frame
df.all <- df.all %>%
    select(content, step, number)

df.all <- rbind(df.all, df.dum)

# defining order of steps
df.all$step <-
    factor(
        df.all$step,
        levels = c(
            'loyal',
            'engaged',
            'new',
            'action',
            'desire',
            'interest',
            'awareness'
        )
    )
df.all <- df.all %>%
    arrange(desc(step))
list1 <- df.all %>% distinct(content) %>%
    filter(content != 'dummy')
df.all$content <-
    factor(df.all$content, levels = c(as.character(list1$content), 'dummy'))

# calculating position of labels
df.all <- df.all %>%
    arrange(step, desc(content)) %>%
    group_by(step) %>%
    mutate(pos = cumsum(number) - 0.5 * number) %>%
    ungroup()

# creating custom palette with 'white' color for dummies
cols <- c(
    "#fec44f",
    "#fc9272",
    "#a1d99b",
    "#fee0d2",
    "#2ca25f",
    "#8856a7",
    "#43a2ca",
    "#fdbb84",
    "#e34a33",
    "#a6bddb",
    "#dd1c77",
    "#ffffff"
)

# plotting chart
ggplot() +
    theme_minimal() +
    coord_flip() +
    scale_fill_manual(values = cols) +
    geom_bar(
        data = df.all,
        aes(x = step, y = number, fill = content),
        stat = "identity",
        width = 1
    ) +
    geom_text(
        data = df.all[df.all$content != 'dummy',],
        aes(
            x = step,
            y = pos,
            label = paste0(content, '-', number / 1000, 'K')
        ),
        size = 4,
        color = 'white',
        fontface = "bold"
    ) +
    geom_ribbon(data = df.lines,
                aes(
                    x = step,
                    ymax = max(maxx),
                    ymin = maxx,
                    group = 1
                ),
                fill = 'white') +
    geom_line(
        data = df.lines,
        aes(x = step, y = maxx, group = 1),
        color = 'darkred',
        size = 4
    ) +
    geom_ribbon(data = df.lines,
                aes(
                    x = step,
                    ymax = minx,
                    ymin = min(minx),
                    group = 1
                ),
                fill = 'white') +
    geom_line(
        data = df.lines,
        aes(x = step, y = minx, group = 1),
        color = 'darkred',
        size = 4
    ) +
    geom_text(
        data = df.rates,
        aes(
            x = step,
            y = (df.lines$minx[-1]),
            label = paste0(rate * 100, '%')
        ),
        hjust = 1.2,
        color = 'darkblue',
        fontface = "bold"
    ) +
    theme(
        legend.position = 'none',
        axis.ticks = element_blank(),
        axis.text.x = element_blank(),
        axis.title.x = element_blank()
    )
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Figure 32.9: Funnel chart with stage widths proportional to customer counts and step conversion rates annotated between stages, combining content stages with customer-lifecycle stages.











32.3 Recency, Frequency, Monetary (RFM)

RFM scoring is the oldest and most durable behavioral-segmentation device in direct marketing. The premise is that three sufficient statistics of a customer’s transaction history predict future value: how recently they purchased, how frequently they purchase, and how much monetary value they have generated. Customers who bought recently, buy often, and spend heavily are the most responsive to the next offer.

Formally, for customer ii observed up to an analysis date t0t_0, define recency Ri=t0−maxjtijR_i = t_0 - \max_j t_{ij} as the elapsed time since the most recent of their transactions {tij}\{t_{ij}\}, frequency Fi=niF_i = n_i as the transaction count, and monetary value Mi=∑jmijM_i = \sum_j m_{ij} as cumulative revenue. Each raw measure is mapped to an ordinal score, conventionally a quintile {1,…,5}\{1,\dots,5\}, by binning the empirical distribution: recency is reverse-coded so that more recent buyers score higher, while frequency and monetary value score higher with larger values. The composite RFM score concatenates or sums the three sub-scores and is the basis for the segmentation rules of Section 32.4.

The rfm package implements this pipeline from either customer-level summaries or raw order logs. The customer-level table requires a customer identifier, a transaction count, total revenue, and days since the last visit; the order-level table requires an identifier, a transaction date, and an amount, from which rfm_table_order() derives the summaries.


library("rfm")
rfm_data_customer
#>       customer_id revenue most_recent_visit number_of_orders recency_days
#> 1           22086     777        2006-05-14                9          232
#> 2            2290    1555        2006-09-08               16          115
#> 3           26377     336        2006-11-19                5           43
#> 4           24650    1189        2006-10-29               12           64
#> 5           12883    1229        2006-12-09               12           23
#> 6            2119     929        2006-10-21               11           72
#> 7           31283    1569        2006-09-11               17          112
#> 8           33815     778        2006-08-12               11          142
#> 9           15972     641        2006-11-19                9           43
#> 10          27650     970        2006-08-23               10          131
#> 11           4168     730        2006-04-10                9          266
#> 12          23375     798        2005-12-26                9          371
#> 13           7460     980        2006-09-27               10           96
#> 14          31412    1596        2006-07-15               14          170
#> 15           4298    1105        2006-02-02               13          333
#> 16          11217     673        2006-08-28                7          126
#> 17          27435     793        2006-12-14                7           18
#> 18          22756     652        2006-04-30                8          246
#> 19          14737    1081        2006-08-21               12          133
#> 20          38027     712        2006-07-04                8          181
#> 21          35527    1060        2006-07-24               11          161
#> 22          21182     790        2006-08-02                9          152
#> 23          35926    1248        2006-05-15               13          231
#> 24           2091     789        2006-03-23                9          284
#> 25          16555     794        2006-07-29                8          156
#> 26           7868     700        2006-09-22               10          101
#> 27          16526     855        2006-08-04               10          150
#> 28          12370     793        2006-06-14                6          201
#> 29          32863     793        2006-08-30               11          124
#> 30          11206    1220        2006-07-31               14          154
#> 31          16677     220        2005-11-05                5          422
#> 32           2718    1633        2006-10-15               16           78
#> 33          35549     812        2006-08-02                9          152
#> 34          39729    1231        2006-10-16               10           77
#> 35          16563    1380        2006-10-15               16           78
#> 36          14317     918        2006-10-12                9           81
#> 37          27557     981        2006-06-07               10          208
#> 38          16094     631        2005-11-17                7          410
#> 39          10725     537        2005-07-12                6          538
#> 40          27531    1804        2006-11-25               18           37
#> 41          35774     994        2005-10-03                9          455
#> 42          18357    1561        2006-11-19               18           43
#> 43          18377     562        2006-08-16                9          138
#> 44          12558     909        2006-06-18               10          197
#> 45           2036     216        2006-12-21                3           11
#> 46          15489    1185        2006-09-06               11          117
#> 47           1811     978        2006-09-14                9          109
#> 48          38345     794        2006-08-15                9          139
#> 49           6116     450        2006-04-02                7          274
#> 50          30839     943        2006-11-24               10           38
#> 51          17548     691        2006-07-21                8          164
#> 52          31140    1143        2006-08-30               10          124
#> 53           9338     309        2006-03-23                3          284
#> 54           5437    1154        2006-08-18               14          136
#> 55          38672     859        2006-09-15               10          108
#> 56           6662    1388        2006-07-17               10          168
#> 57          32799     724        2005-08-10                6          509
#> 58          23565    1240        2006-03-29                8          278
#> 59          17474    1256        2005-11-29               11          398
#> 60          20635     922        2006-10-06               10           87
#> 61           2057     921        2006-12-22               11           10
#> 62          10176     370        2006-07-20                5          165
#> 63           7409     693        2006-02-19                7          316
#> 64          36111    1068        2006-12-10               13           22
#> 65          16700    1138        2006-09-05               11          118
#> 66           6203     394        2006-04-27                7          249
#> 67           4641    1370        2006-07-09               17          176
#> 68          38766    1378        2005-12-27               12          370
#> 69          39138    1460        2006-04-12               14          264
#> 70          23711    1146        2006-03-17               11          290
#> 71          29815    1505        2006-11-27               14           35
#> 72           1552     682        2006-06-12                9          203
#> 73          14070    1023        2006-11-23               10           39
#> 74          11698     554        2006-01-07                5          359
#> 75           2837    1117        2006-10-28               11           65
#> 76          15039     891        2006-09-14                9          109
#> 77          35252    1131        2005-12-20               12          377
#> 78           7414    2031        2006-09-26               18           97
#> 79          36920    1098        2006-12-20               11           12
#> 80           2094     940        2006-11-28               10           34
#> 81           1027     951        2006-09-02               10          121
#> 82          19104     739        2005-10-02                9          456
#> 83          22573    1489        2006-10-25               15           68
#> 84          16910     982        2006-05-28                9          218
#> 85          28412    1045        2006-07-09               10          176
#> 86           7025    1089        2006-11-20               11           42
#> 87          25933     973        2006-09-24               12           99
#> 88          13586     812        2006-08-21               11          133
#> 89          18695    1007        2006-09-23                9          100
#> 90          22278    1093        2006-09-29               11           94
#> 91          25897     935        2006-07-21               12          164
#> 92          17131     497        2004-11-13                4          779
#> 93          33971     541        2006-07-29                9          156
#> 94           9920    1860        2006-11-08               15           54
#> 95          34568    1121        2006-08-31               10          123
#> 96          26537    1078        2006-05-21               11          225
#> 97           9016     777        2006-05-22                8          224
#> 98          39972    1236        2006-09-25               12           98
#> 99          31644    1388        2006-09-28               13           95
#> 100          3626     613        2006-11-03                5           59
#> 101         22867     847        2006-10-16                9           77
#> 102         26253     549        2006-03-30                5          277
#> 103         14938     968        2006-11-06                9           56
#> 104         30444     980        2006-07-21               10          164
#> 105         26680     779        2006-10-20                8           73
#> 106         18260     719        2006-08-27                6          127
#> 107         31835     958        2006-06-23                9          192
#> 108         28602     261        2006-02-11                5          324
#> 109         38433    1652        2006-08-21               16          133
#> 110         33465     902        2005-11-02               10          425
#> 111         22188     735        2006-10-19                9           74
#> 112         21572     544        2006-04-14                3          262
#> 113         18108     777        2006-06-03                6          212
#> 114         29137     707        2005-08-04                7          515
#> 115         30644     807        2006-05-12                8          234
#> 116         15440    1028        2006-05-26                9          220
#> 117         21382    1789        2006-05-10               17          236
#> 118           269    1339        2006-10-10               13           83
#> 119          3324     867        2006-02-19               10          316
#> 120         13234     907        2006-10-26               10           67
#> 121         18608    1277        2006-07-05               14          180
#> 122          2327     996        2006-09-20               10          103
#> 123         20670     770        2006-02-25                7          310
#> 124          9105     803        2006-03-15                9          292
#> 125         19342     805        2006-11-23               12           39
#> 126         31640     924        2005-11-06                9          421
#> 127         36454     538        2006-03-17                7          290
#> 128         38816     814        2006-07-31                9          154
#> 129         19635     891        2006-08-15               12          139
#> 130         31330    1072        2006-10-15               14           78
#> 131          8077    1328        2006-11-08               15           54
#> 132         27347     717        2005-10-25                7          433
#> 133         35369    1972        2006-09-25               19           98
#> 134         14603     696        2006-06-07                7          208
#> 135         14486    1482        2006-10-03               12           90
#> 136          8631     809        2006-08-18               10          136
#> 137         32709    1172        2005-12-02               11          395
#> 138           305     873        2006-09-29               10           94
#> 139         20591     880        2006-06-21               11          194
#> 140          1335     957        2006-08-26               11          128
#> 141          7068    1286        2006-07-08               16          177
#> 142         35342    1267        2006-12-02               14           30
#> 143          3357    1276        2006-09-02               12          121
#> 144         16912    1636        2006-10-07               14           86
#> 145          2568    1296        2006-07-25               10          160
#> 146          6229     531        2006-03-12                8          295
#> 147         25323    1269        2006-06-16               11          199
#> 148         13459     854        2006-06-06                7          209
#> 149          7870     690        2006-10-21                7           72
#> 150         29419    1365        2006-08-25               12          129
#> 151          8468    1558        2006-11-07               14           55
#> 152         36430     286        2004-11-08                3          784
#> 153         34120    1504        2006-08-08               15          146
#> 154          8391     840        2006-11-22                8           40
#> 155          9873    1170        2006-10-27               11           66
#> 156         27524     539        2006-08-05                4          149
#> 157          3031    1802        2006-12-07               18           25
#> 158         30183     699        2005-11-28                7          399
#> 159         31579     797        2006-10-14                8           79
#> 160         25670     611        2006-10-24                6           69
#> 161         19918     645        2006-07-01                6          184
#> 162          7615    1477        2006-08-07               16          147
#> 163          3256      11        2004-05-30                1          946
#> 164          1767     662        2006-07-18                8          167
#> 165          8721    1111        2006-10-15               11           78
#> 166         11279     608        2006-04-18                9          258
#> 167         33656     571        2005-07-05                4          545
#> 168          9346     243        2006-12-03                6           29
#> 169         13446     406        2005-10-18                5          440
#> 170         29811    1231        2006-08-21               11          133
#> 171         17234    1378        2005-12-19               14          378
#> 172         35229     635        2006-12-29               10            3
#> 173         19451     760        2006-09-10               10          113
#> 174           722    1586        2006-08-18               16          136
#> 175          6787     626        2006-08-03                8          151
#> 176         32140     709        2006-07-14                9          171
#> 177          8422     865        2006-12-29               11            3
#> 178         14498    1024        2006-11-09               13           53
#> 179         33155    1030        2006-04-29                9          247
#> 180         19798    1384        2006-04-13               16          263
#> 181         16692    1746        2006-07-13               13          172
#> 182         11378     597        2006-05-17                6          229
#> 183         28246     893        2006-11-26                9           36
#> 184         37743    1228        2006-06-13               13          202
#> 185         35359    1103        2006-09-25               14           98
#> 186         15429    1121        2006-06-01               11          214
#> 187         22652    1319        2006-08-11               15          143
#> 188         27115     601        2006-05-05                5          241
#> 189          5219     482        2006-07-01                9          184
#> 190         29602     665        2006-10-08                7           85
#> 191          9847     667        2006-07-29                6          156
#> 192         39067     904        2006-11-08               11           54
#> 193         22172     898        2006-10-19               10           74
#> 194          5151    1064        2006-07-25               12          160
#> 195         34388     644        2006-11-25                7           37
#> 196         35476     406        2006-09-30                6           93
#> 197         26036     969        2006-09-21                9          102
#> 198         27266    1359        2006-06-04               12          211
#> 199         33933     717        2006-06-12                9          203
#> 200         15808     143        2005-04-05                2          636
#> 201         24956    1356        2006-10-26               13           67
#> 202         37891    1248        2006-06-22               11          193
#> 203         14730     658        2006-07-19                7          166
#> 204         15596     775        2006-12-03               11           29
#> 205         22757     861        2006-02-09                9          326
#> 206         12960     461        2006-10-13                6           80
#> 207         17190    1287        2006-05-17               13          229
#> 208          7393     527        2006-05-02                7          244
#> 209         27507    1259        2006-10-25               13           68
#> 210         38046     912        2006-06-14               10          201
#> 211         28789    1508        2006-10-10               13           83
#> 212         33551     807        2005-10-11                9          447
#> 213         21616     995        2006-10-06               16           87
#> 214         38869    1436        2006-07-08               13          177
#> 215          7757    1095        2006-09-28               11           95
#> 216         20083    1128        2006-10-06               14           87
#> 217          4697     224        2005-11-29                3          398
#> 218         19776    1073        2006-09-02               13          121
#> 219         16705    1439        2006-07-12               16          173
#> 220         22004    1454        2006-01-12               11          354
#> 221         10972    1071        2006-09-26               10           97
#> 222          5936    1118        2006-07-11               11          174
#> 223          2521    1262        2006-08-30               10          124
#> 224         31716    1314        2006-06-28               10          187
#> 225         22410     492        2006-09-09                5          114
#> 226         37614    1372        2006-08-19               14          135
#> 227           177     457        2006-01-09                7          357
#> 228         31226     118        2005-08-07                3          512
#> 229           396     626        2006-08-03                8          151
#> 230         10584    1209        2006-06-14               10          201
#> 231         24522     578        2006-12-07                8           25
#> 232         20085     886        2006-10-22               12           71
#> 233         18122     559        2005-09-17                5          471
#> 234         10914     844        2006-08-22                7          132
#> 235         31578    1703        2006-02-08               17          327
#> 236          1658     933        2006-10-03                9           90
#> 237         31570     769        2006-07-16                9          169
#> 238         32149     657        2006-10-08                6           85
#> 239         11336     202        2005-10-21                3          437
#> 240          3356     932        2006-10-14                9           79
#> 241         34920     763        2006-11-15               10           47
#> 242           867     732        2006-07-02                9          183
#> 243         37814     851        2006-06-30               11          185
#> 244         33666    1043        2006-09-29               13           94
#> 245         39210     142        2005-08-14                4          505
#> 246         21650     635        2006-10-31               13           62
#> 247         38760     748        2006-12-03                9           29
#> 248         32778     799        2006-06-11                8          204
#> 249         29092    1267        2006-04-03               15          273
#> 250         23007     321        2005-08-20                3          499
#> 251         26203    1116        2006-11-10               10           52
#> 252         10910     781        2005-10-14                7          444
#> 253         27285     790        2006-11-29                8           33
#> 254         37197    1400        2006-08-24               14          130
#> 255         29609    1025        2006-07-07               12          178
#> 256         32621    1244        2006-11-09               12           53
#> 257         18086    1058        2006-09-25               10           98
#> 258          8824     917        2006-09-24                8           99
#> 259         17480    1238        2006-06-21               14          194
#> 260         30005    1405        2006-05-07               13          239
#> 261          4344    1621        2006-11-01               16           61
#> 262         17635     582        2006-09-11               10          112
#> 263         35716     105        2006-10-21                3           72
#> 264         27183     988        2006-04-24                9          252
#> 265         12801    1290        2006-08-14                9          140
#> 266         28732    1021        2006-07-01               10          184
#> 267         15920     429        2006-07-05                8          180
#> 268          9119    1716        2006-10-22               16           71
#> 269          6605     729        2006-12-19                8           13
#> 270         10472     862        2006-12-05                9           27
#> 271         18230     924        2006-08-14               10          140
#> 272         26963     575        2005-12-02                5          395
#> 273         12108     802        2006-10-14                7           79
#> 274         21571    1592        2006-11-24               18           38
#> 275          7052    1223        2006-04-20               14          256
#> 276          6833    1146        2005-11-28                9          399
#> 277         15509    1136        2006-09-01                8          122
#> 278         23492     763        2006-11-27                7           35
#> 279         20862     712        2005-10-12                7          446
#> 280           896     560        2006-05-31                8          215
#> 281          6608    1126        2006-06-10               13          205
#> 282         32000     312        2005-11-15                4          412
#> 283         27750     885        2006-04-23               10          253
#> 284          7581     896        2006-11-06               10           56
#> 285           352    1095        2006-07-08               10          177
#> 286          3205     955        2005-10-02               10          456
#> 287         22309    1153        2006-12-04                9           28
#> 288         28729     648        2006-10-12                9           81
#> 289         22337     475        2006-07-25                7          160
#> 290         18312     358        2006-07-01                6          184
#> 291          9897    1022        2006-03-27                9          280
#> 292         30142     590        2006-10-11               10           82
#> 293         39015     802        2006-09-24                6           99
#> 294          5687     965        2006-05-05               11          241
#> 295         28713      82        2006-02-08                3          327
#> 296         23489     415        2006-07-18                6          167
#> 297         27345     507        2006-06-21                6          194
#> 298         32784    1011        2006-03-18                8          289
#> 299         23606    1140        2005-09-11               12          477
#> 300         23057     613        2006-04-16                7          260
#> 301         17232    1246        2006-10-01               12           92
#> 302         29494    1126        2006-11-17               14           45
#> 303          3990     888        2006-09-27               13           96
#> 304         11831    1523        2006-10-09               16           84
#> 305         33207    1132        2006-10-02               12           91
#> 306          2703    1325        2006-07-19               13          166
#> 307          3885    1325        2006-11-17               14           45
#> 308          6895     838        2006-10-19                9           74
#> 309         32528     703        2006-11-23               10           39
#> 310         23371     626        2006-07-29                5          156
#> 311         13834     545        2006-11-05                6           57
#> 312         18862     814        2006-09-25                9           98
#> 313          4280     692        2006-12-03                7           29
#> 314         14990    1948        2006-10-29               20           64
#> 315          4772    1450        2006-08-05               13          149
#> 316          3730     590        2006-08-14                7          140
#> 317          3059     791        2006-06-13               10          202
#> 318         39158     931        2006-08-18               10          136
#> 319         13426     847        2005-11-15                9          412
#> 320         15680    1556        2006-09-26               14           97
#> 321          8501     848        2006-11-04               12           58
#> 322          4919     684        2005-07-03                6          547
#> 323         11689     783        2005-12-06                7          391
#> 324         12915     403        2006-05-22                5          224
#> 325         33635    1196        2006-04-25               12          251
#> 326         28335     932        2006-09-04               11          119
#> 327         17202     918        2006-07-13               12          172
#> 328         21879     775        2006-10-24               11           69
#> 329         17654     678        2006-09-06                8          117
#> 330         39733    1025        2006-02-04                8          331
#> 331         31994     555        2006-05-27                6          219
#> 332          2573     783        2006-11-06               10           56
#> 333         36068     709        2005-12-10                7          387
#> 334         39830     984        2006-02-11               11          324
#> 335         34275    1121        2006-07-11                9          174
#> 336         36102    1360        2006-09-10               15          113
#> 337         22653     809        2006-05-08                8          238
#> 338         22859    1324        2006-08-04               15          150
#> 339         31706     639        2006-07-01                7          184
#> 340          2330     602        2005-10-01               10          457
#> 341         28552    2162        2006-10-05               18           88
#> 342          1750    1444        2006-09-25               14           98
#> 343         19939     808        2005-10-14               10          444
#> 344         13570    1348        2006-11-01               10           61
#> 345         37471    1553        2006-09-24               16           99
#> 346         10485     776        2005-10-07                8          451
#> 347         29129    1045        2006-11-04                8           58
#> 348         35712    1125        2006-09-28                8           95
#> 349         37999    1018        2006-03-04                9          303
#> 350         21922    1848        2006-07-12               16          173
#> 351         35380     260        2006-09-15                6          108
#> 352         34779     632        2005-09-02                7          486
#> 353         10478     850        2006-08-29                8          125
#> 354         21975    1041        2006-04-16               10          260
#> 355         24305     899        2006-08-28                9          126
#> 356          7538    2092        2006-09-16               19          107
#> 357         28875     884        2005-07-12                9          538
#> 358         29590    1576        2006-06-30               15          185
#> 359         38922     413        2006-07-12                6          173
#> 360         14148    1462        2006-07-29               14          156
#> 361           906    1771        2006-08-26               17          128
#> 362         14094     682        2005-12-31                8          366
#> 363         11713     465        2006-07-27                6          158
#> 364          1058     874        2006-09-17                7          106
#> 365         27141    1207        2006-03-05               16          302
#> 366         24053     932        2005-07-22                8          528
#> 367          8688     492        2006-08-25                7          129
#> 368          7257     648        2005-07-25                7          525
#> 369          7011    1351        2006-05-06               14          240
#> 370         35207     910        2006-10-25               10           68
#> 371          2926    1051        2006-10-11                8           82
#> 372         32611     947        2005-11-25                7          402
#> 373         20581     871        2006-12-09               10           23
#> 374         13652    1119        2006-11-13               11           49
#> 375         36595     810        2006-08-16                8          138
#> 376         20128     367        2006-07-06                7          179
#> 377         38148     901        2006-09-23               13          100
#> 378         35137    1031        2006-07-26               13          159
#> 379         11144    1229        2006-12-04               11           28
#> 380         11074    1674        2006-06-29               16          186
#> 381         10413     933        2006-08-30               11          124
#> 382          6265     642        2005-10-23                9          435
#> 383         12538     593        2006-11-04                6           58
#> 384         12793     577        2006-08-24                9          130
#> 385         13002     953        2006-08-22               11          132
#> 386         35374     641        2006-07-20               11          165
#> 387         11851    1006        2005-10-20                9          438
#> 388         11542    1062        2006-06-13               11          202
#> 389          6290     570        2006-06-27                7          188
#> 390         36237     616        2006-08-14                7          140
#> 391         16359     783        2006-06-25                9          190
#> 392          3164    1248        2006-11-22               11           40
#> 393         32548    1070        2006-06-02               10          213
#> 394         33908    1595        2006-07-07               14          178
#> 395         26463     752        2006-07-01                7          184
#> 396         15036    1575        2006-05-22               14          224
#> 397         12365     653        2006-07-22                7          163
#> 398         28054     596        2006-12-11                7           21
#> 399         27742    1215        2006-08-04               12          150
#> 400         21408     954        2005-09-02                9          486
#> 401         23244    1240        2006-08-03               14          151
#> 402          7412     335        2006-08-31                5          123
#> 403         31374     912        2006-09-02                9          121
#> 404         31042    1006        2006-12-18               12           14
#> 405         37767    1804        2006-08-11               20          143
#> 406           240    1040        2006-07-13               10          172
#> 407          2112    2019        2006-12-20               14           12
#> 408         24560    1223        2006-08-12               11          142
#> 409         34438    1266        2006-11-16               12           46
#> 410         26095     682        2006-10-07                6           86
#> 411         20191     957        2006-08-02               10          152
#> 412         33075     570        2006-11-26                8           36
#> 413         23903     922        2006-08-09               10          145
#> 414          2021    1384        2006-09-13               14          110
#> 415         11941     676        2006-07-04                9          181
#> 416            56     970        2005-09-02                9          486
#> 417         26674     918        2006-09-24               10           99
#> 418         36063     963        2006-08-28                9          126
#> 419         29915     934        2006-08-28                9          126
#> 420         24798     775        2006-06-24               10          191
#> 421          1712     772        2005-12-21               11          376
#> 422         15577     524        2005-08-03                6          516
#> 423          2147    1103        2006-11-03               14           59
#> 424         31134    1306        2006-03-10               15          297
#> 425          5502     521        2006-08-10                7          144
#> 426         21798     882        2006-12-11               10           21
#> 427         32547     957        2006-07-17                9          168
#> 428         25790    1117        2006-12-29               14            3
#> 429         19619    1250        2006-08-29               13          125
#> 430          4382     854        2006-09-06                9          117
#> 431          9782     602        2006-04-16                7          260
#> 432          5867     959        2006-09-26                8           97
#> 433         13014    1536        2006-08-13               15          141
#> 434         26768     365        2006-07-27                5          158
#> 435           952     609        2005-12-02                7          395
#> 436         35610    1031        2006-07-03               10          182
#> 437         21150     930        2006-06-20               10          195
#> 438         11494     203        2005-09-19                4          469
#> 439         19151     869        2006-07-22                8          163
#> 440         21779     800        2006-04-25                8          251
#> 441         34471    1083        2006-07-30               11          155
#> 442          9231    1302        2006-06-02               11          213
#> 443         30564     395        2005-06-28                7          552
#> 444         14374    1137        2006-06-12               12          203
#> 445         29133     951        2006-08-06                9          148
#> 446          8799    1129        2006-06-09               12          206
#> 447         10194     729        2005-11-23                9          404
#> 448          3504     516        2006-11-09                7           53
#> 449          3654    1059        2006-05-31               11          215
#> 450          7993     735        2006-11-05               11           57
#> 451         11740    1105        2005-11-26               12          401
#> 452          7825     550        2006-06-13                8          202
#> 453         24561    1357        2006-09-15               12          108
#> 454         14309    1380        2006-11-25               13           37
#> 455          7314     688        2006-09-25                8           98
#> 456         38962    1824        2006-07-03               17          182
#> 457         17591     251        2004-06-16                2          929
#> 458         39129    1398        2006-07-25               14          160
#> 459         16207     993        2006-07-28               10          157
#> 460         35470    1140        2006-07-03               12          182
#> 461         36619     304        2006-04-30                4          246
#> 462          6508     576        2006-09-05                8          118
#> 463         28446    1022        2006-08-30               14          124
#> 464         17396    1089        2005-08-09               10          510
#> 465         14881     499        2006-08-20                6          134
#> 466         30369     862        2006-12-08                7           24
#> 467         24900     974        2006-12-15               10           17
#> 468          7880     668        2006-07-15                5          170
#> 469         17889     845        2006-01-07               10          359
#> 470          1190    1125        2006-05-26               13          220
#> 471         30010    1091        2006-08-02               12          152
#> 472         36840     939        2006-10-05               11           88
#> 473         36135    1241        2006-12-10               13           22
#> 474         38837    1186        2006-05-17               12          229
#> 475         34063     440        2006-08-11                5          143
#> 476         21722    1068        2006-08-16               10          138
#> 477         37906    1424        2006-05-08               14          238
#> 478         29322     935        2005-08-28                7          491
#> 479         16814     697        2006-11-21               10           41
#> 480         21323    1022        2006-11-23               10           39
#> 481         37708     845        2006-11-06                9           56
#> 482          5005     424        2005-12-17                4          380
#> 483         35133    1032        2006-07-03               10          182
#> 484          5712    1413        2006-07-14               10          171
#> 485         37996     663        2006-11-28                8           34
#> 486         22884     885        2006-07-09               10          176
#> 487         16320    1109        2005-11-24               11          403
#> 488         28100     996        2006-11-11               10           51
#> 489         32456     579        2006-09-24                9           99
#> 490          9984     978        2006-10-08               12           85
#> 491          8898    1025        2006-07-30               10          155
#> 492         20672     955        2006-07-31                9          154
#> 493          6956     756        2006-09-19                6          104
#> 494          4064     693        2006-07-16                8          169
#> 495         31199     977        2006-08-22               11          132
#> 496          9706    1018        2006-08-31               12          123
#> 497         32816    1182        2006-12-03               14           29
#> 498          6008     819        2006-04-22                7          254
#> 499         39585     549        2006-07-08                6          177
#> 500         20698    1566        2006-10-19               17           74
#> 501         37738     617        2006-10-08                8           85
#> 502         31321     789        2006-08-27                6          127
#> 503         38394     598        2005-11-04                7          423
#> 504         14580     994        2006-10-27               10           66
#> 505         34768    1035        2006-05-07                9          239
#> 506         27245     850        2006-09-27               10           96
#> 507         21420    1191        2006-11-15                9           47
#> 508          4843     933        2006-10-13                7           80
#> 509         37659     776        2006-07-01               11          184
#> 510         37026    1637        2006-08-06               15          148
#> 511          7226    1004        2006-09-05               10          118
#> 512         32408    1350        2006-09-27               11           96
#> 513          5212     910        2006-02-25                8          310
#> 514         27846    1019        2006-07-11                9          174
#> 515         30574    1012        2006-03-11                8          296
#> 516            35     709        2006-11-28                9           34
#> 517          7188     697        2006-06-17                6          198
#> 518          2451     768        2006-09-01               12          122
#> 519         39480     713        2005-07-03                5          547
#> 520         12665     431        2006-07-25                9          160
#> 521         13294     514        2006-11-13                7           49
#> 522         15959     609        2006-02-07                7          328
#> 523         32371    1285        2006-10-01               15           92
#> 524          6361     621        2006-03-23               10          284
#> 525         38781     952        2006-06-12               10          203
#> 526          7235     995        2005-07-22               10          528
#> 527         26078     280        2006-08-09                3          145
#> 528          6065    1179        2006-10-15               13           78
#> 529         37484    1573        2006-08-24               14          130
#> 530         18565    1089        2006-10-08               12           85
#> 531         30849     578        2006-02-10                9          325
#> 532         37104     908        2005-11-22               10          405
#> 533         32331    1832        2006-07-24               15          161
#> 534         14079     660        2006-09-27                8           96
#> 535         18328    1636        2006-11-21               12           41
#> 536         11271     774        2006-11-03                8           59
#> 537         39956     996        2006-09-15               11          108
#> 538         12407     653        2006-05-17                9          229
#> 539         30012     655        2006-10-17                9           76
#> 540         17824     715        2006-10-19               10           74
#> 541            50    1430        2006-11-11               13           51
#> 542          1728    1084        2006-08-09                7          145
#> 543          7486    1051        2006-10-15               10           78
#> 544          1955     391        2006-03-02                5          305
#> 545           490     827        2006-08-24               11          130
#> 546         27447     827        2006-11-29               11           33
#> 547         27119     132        2005-08-26                4          493
#> 548         25633     760        2006-08-30                8          124
#> 549          8731     282        2006-08-01                6          153
#> 550          2101     800        2006-05-13               11          233
#> 551         30445    1123        2006-10-02               10           91
#> 552          7072     681        2005-12-17                8          380
#> 553         14513    1107        2006-07-20               13          165
#> 554         19191     801        2006-09-30                7           93
#> 555         16217    1398        2006-05-02               13          244
#> 556          1206     790        2006-09-22                8          101
#> 557         13996     822        2006-04-11               10          265
#> 558         33286    1184        2006-09-09               11          114
#> 559         27888     772        2006-09-26                9           97
#> 560          1240    1161        2006-06-29                8          186
#> 561          6973     520        2006-05-09                5          237
#> 562         21033     877        2006-10-15               13           78
#> 563         30787     391        2006-08-16                5          138
#> 564          2502    1477        2006-12-13               13           19
#> 565         39049     371        2005-08-06                5          513
#> 566         39521     542        2006-05-25                6          221
#> 567          5891     910        2006-07-18               13          167
#> 568         38876    1197        2006-10-09               14           84
#> 569           101    1284        2006-08-24               16          130
#> 570         16826     656        2006-10-20                7           73
#> 571          6946     607        2005-06-25                7          555
#> 572         19857     493        2006-01-11                8          355
#> 573         33302    1308        2006-03-03               14          304
#> 574          9672     559        2006-07-15                6          170
#> 575         24939    1211        2006-12-21               13           11
#> 576         35757    1322        2006-06-05               13          210
#> 577         13691     539        2006-11-06                8           56
#> 578          4822     634        2006-03-08                8          299
#> 579         13788    1212        2006-09-25               11           98
#> 580          1683    1009        2006-07-29               11          156
#> 581          9098     559        2006-04-27                7          249
#> 582         14477     917        2006-08-10               11          144
#> 583         20802    1627        2006-12-27               14            5
#> 584         27731    1523        2006-04-23               14          253
#> 585         23442     685        2006-08-30               12          124
#> 586         30913     753        2006-07-30                9          155
#> 587         26728     503        2006-01-05                7          361
#> 588         28225     728        2005-11-08                5          419
#> 589         32603     740        2006-09-01                7          122
#> 590         30035     774        2006-10-04                8           89
#> 591         16270     632        2006-09-18                7          105
#> 592         29715     791        2006-07-20               11          165
#> 593          2649     700        2006-03-03                9          304
#> 594         38104     250        2006-05-01                7          245
#> 595         31971    1348        2006-09-17               15          106
#> 596         25963     890        2006-06-05               11          210
#> 597         13309    1038        2005-12-25                8          372
#> 598         31359    2004        2006-06-17               19          198
#> 599         32684    1188        2006-08-01               16          153
#> 600         39834     484        2006-12-29                9            3
#> 601         13905    1458        2006-12-11               13           21
#> 602          5968     294        2005-10-10                5          448
#> 603         16339    1315        2006-06-20               14          195
#> 604           369    1430        2006-05-10               14          236
#> 605           165     963        2005-12-26               10          371
#> 606         36220    1399        2006-02-02               15          333
#> 607         28247     607        2006-10-15                8           78
#> 608          1228     556        2006-11-27                6           35
#> 609         22797    1321        2006-10-16               13           77
#> 610         16743    1347        2006-09-14               12          109
#> 611          6793     863        2006-05-05               10          241
#> 612         22614     175        2006-02-16                4          319
#> 613          7749    1093        2006-02-23               10          312
#> 614           591     931        2005-07-30                9          520
#> 615         13204     798        2006-02-25               10          310
#> 616         18161    1081        2006-10-13               10           80
#> 617         18215    1045        2006-05-24               10          222
#> 618         25124    1013        2006-08-15               10          139
#> 619         32910     824        2006-05-11                8          235
#> 620         16871     842        2006-10-29               10           64
#> 621         11371     445        2005-09-06                6          482
#> 622         14018     540        2006-12-22                6           10
#> 623         26657     980        2006-10-25               12           68
#> 624         13418    1495        2006-05-16               13          230
#> 625         23028     361        2006-08-27                7          127
#> 626         17266     939        2006-10-24                7           69
#> 627         15647     464        2006-08-31                9          123
#> 628         34156    1069        2006-09-30               13           93
#> 629          6291     634        2006-01-16                6          350
#> 630         17157     662        2006-06-26                8          189
#> 631         25137    1380        2006-11-27               11           35
#> 632         25911     429        2006-04-18                8          258
#> 633          1306     848        2005-12-14               11          383
#> 634         11568    1088        2006-08-25                8          129
#> 635         24129    1125        2006-07-20               10          165
#> 636         34387    1166        2006-06-04               10          211
#> 637         12536     789        2006-05-27                8          219
#> 638         18315     849        2006-04-04                6          272
#> 639          8607     851        2006-10-05               10           88
#> 640         24144     817        2006-02-05                7          330
#> 641          3746    1402        2006-12-24               16            8
#> 642         33109     486        2006-08-11                9          143
#> 643         35933     643        2006-07-16                7          169
#> 644          7583    1290        2006-06-19               14          196
#> 645         37113     661        2005-08-20               10          499
#> 646         37453    1016        2006-07-12               12          173
#> 647         31946    1152        2005-07-18               10          532
#> 648         13307     548        2006-01-26                7          340
#> 649         30995     872        2006-08-21                9          133
#> 650         25669     652        2006-05-09               10          237
#> 651         29323     729        2006-10-03                7           90
#> 652         18379    1073        2006-09-08               15          115
#> 653         31969     659        2006-09-15                9          108
#> 654         25289    1027        2006-11-15                8           47
#> 655         19801    1542        2006-10-23               17           70
#> 656         37442     596        2006-08-22                6          132
#> 657         22232     655        2006-07-16                5          169
#> 658         25577     749        2005-10-28                8          430
#> 659         17018     354        2006-08-07                8          147
#> 660         34657     939        2006-09-21                9          102
#> 661          8105    1196        2006-08-02               13          152
#> 662         16924     849        2006-01-04                5          362
#> 663         18821    1173        2006-06-30               14          185
#> 664         36568     796        2006-07-22               10          163
#> 665         39780     558        2006-11-08                6           54
#> 666         18412     563        2006-04-11                5          265
#> 667         19055     620        2006-10-08                7           85
#> 668         35973     500        2005-10-04                5          454
#> 669         38162    1443        2006-03-05               13          302
#> 670         33921    1512        2006-12-11               13           21
#> 671         39403    1493        2006-09-19               14          104
#> 672         19596    1070        2006-10-28               12           65
#> 673         33864    1765        2006-11-12               13           50
#> 674         34224     941        2006-05-22               12          224
#> 675         33110    1332        2006-07-10               16          175
#> 676         27759     497        2005-09-12                6          476
#> 677         32907     903        2006-07-24               10          161
#> 678         26179     953        2005-11-19                8          408
#> 679          3451     260        2005-06-30                3          550
#> 680          4987    1536        2005-09-28               12          460
#> 681         11700     935        2006-03-12               10          295
#> 682         24653     822        2006-07-01               10          184
#> 683         15904     960        2006-08-22                8          132
#> 684         12591     311        2006-06-12                5          203
#> 685          2698     988        2006-06-09               12          206
#> 686         12279     660        2006-08-08                8          146
#> 687         12637    1215        2006-09-22               11          101
#> 688         15615    1381        2006-07-20               13          165
#> 689          1704    1274        2006-12-03               11           29
#> 690         18290    1242        2006-10-08               12           85
#> 691         31765     426        2006-11-13                6           49
#> 692         20450    1488        2006-11-16               14           46
#> 693         20833     994        2006-07-12               10          173
#> 694         31587     855        2006-11-28                9           34
#> 695         18697    1344        2006-07-12               13          173
#> 696          3538     396        2006-02-03                4          332
#> 697          9104     766        2006-02-23               11          312
#> 698         17767    1111        2006-12-24               13            8
#> 699         20426    1039        2006-12-09               12           23
#> 700         30238     862        2006-08-29                9          125
#> 701         35081    1217        2006-08-26               10          128
#> 702         23385    1012        2006-07-14               12          171
#> 703         10393     792        2006-09-02               10          121
#> 704          4731     805        2006-01-03                9          363
#> 705          9686     880        2006-06-16                9          199
#> 706         17327     923        2006-08-06                9          148
#> 707          9842    1238        2006-08-13               10          141
#> 708         38285    1270        2006-12-24               15            8
#> 709         29082     902        2006-08-18                9          136
#> 710            72    1800        2006-07-24               16          161
#> 711         22474    1504        2006-11-26               17           36
#> 712         18378    1132        2006-12-22               12           10
#> 713         23724     950        2006-09-15                8          108
#> 714          5696    1222        2006-05-12               13          234
#> 715         22205    1035        2006-09-25               11           98
#> 716          9563     997        2006-07-26                9          159
#> 717         26508    1190        2006-08-19               12          135
#> 718         36933     572        2005-10-17                9          441
#> 719         10929     256        2005-04-07                3          634
#> 720          2347     980        2006-06-17                9          198
#> 721         17145     998        2006-08-16               12          138
#> 722          4622     494        2006-03-19                7          288
#> 723          3284     635        2006-10-09                9           84
#> 724         36384    1044        2006-10-03               11           90
#> 725         17540     932        2006-05-03               12          243
#> 726         26849    1586        2006-09-09               16          114
#> 727         24416     857        2006-09-06               10          117
#> 728           289    1370        2006-10-05               14           88
#> 729         31384     292        2005-04-15                4          626
#> 730         11385    1253        2006-11-01               10           61
#> 731         19764     784        2006-12-04                9           28
#> 732          4293     411        2006-08-06                4          148
#> 733         22242     691        2005-07-22                6          528
#> 734         38069    1188        2006-08-07               13          147
#> 735         31546     783        2006-11-28                9           34
#> 736         35285    1103        2006-10-09               12           84
#> 737          5245    1307        2006-08-02               13          152
#> 738         16536     926        2006-07-30               11          155
#> 739         30554     968        2006-02-20               12          315
#> 740         30810     777        2005-10-01                9          457
#> 741         31802     967        2005-09-27                7          461
#> 742         18849     714        2005-08-10                7          509
#> 743         32511     842        2006-07-17                8          168
#> 744          7943    1433        2006-08-31               14          123
#> 745          2682    1070        2006-07-29               11          156
#> 746         12480     935        2006-07-19               11          166
#> 747         25173     901        2006-10-11                7           82
#> 748         11366     944        2006-11-19                8           43
#> 749          1510     574        2006-07-22                6          163
#> 750          4098    1188        2006-08-27               11          127
#> 751         16860     810        2006-07-30                9          155
#> 752         24725     455        2004-08-08                4          876
#> 753         17440    1057        2006-05-18                7          228
#> 754         37929    1216        2006-05-27               10          219
#> 755         26281    1159        2006-10-04               12           89
#> 756         21144    1874        2006-12-10               15           22
#> 757         30740     997        2005-11-02                8          425
#> 758         34719    1219        2006-09-25               11           98
#> 759         28203     854        2006-01-30               10          336
#> 760          6887     913        2006-10-14               10           79
#> 761         10860    1085        2006-12-03               11           29
#> 762         17236     410        2006-10-17                6           76
#> 763          9846     563        2006-11-04                8           58
#> 764           651     709        2006-09-30               10           93
#> 765         10448     262        2006-09-03                5          120
#> 766          1249    1086        2006-10-15               11           78
#> 767         18830    1573        2006-09-26               16           97
#> 768         13491     521        2006-09-20                7          103
#> 769         23031    1299        2006-08-15               11          139
#> 770         12760    1629        2006-09-14               15          109
#> 771         23481    1101        2006-09-03               10          120
#> 772         34092     811        2006-08-23                6          131
#> 773         25511    1302        2006-06-15               10          200
#> 774         21352    1036        2006-02-28                9          307
#> 775         21704     886        2006-04-25               10          251
#> 776         25295     663        2006-08-02                8          152
#> 777         38421     900        2005-12-19               11          378
#> 778         25975     883        2006-08-29                9          125
#> 779         13281     795        2006-11-27                8           35
#> 780         17585    2303        2006-11-15               18           47
#> 781         26930    1077        2006-06-23               11          192
#> 782         15868    1170        2006-11-14               10           48
#> 783          2628    1279        2006-04-04               12          272
#> 784         13242    1200        2005-10-04                7          454
#> 785         11734    1520        2006-11-17               14           45
#> 786          4865    1131        2006-10-14               13           79
#> 787         17240     555        2005-08-22                7          497
#> 788         31022     967        2006-07-14               11          171
#> 789         29248     653        2006-07-07                8          178
#> 790         36014     882        2006-09-24               10           99
#> 791          4067    1065        2006-10-20               13           73
#> 792         23125    1064        2006-01-14               11          352
#> 793         31034     592        2006-09-06                8          117
#> 794         32295     640        2006-10-28                6           65
#> 795         23279     596        2006-10-04                6           89
#> 796           996     523        2005-08-01                5          518
#> 797          3460     854        2006-10-21                8           72
#> 798          3649    1140        2005-10-14               11          444
#> 799         11154     970        2006-06-27               10          188
#> 800         21130    1205        2006-10-24               11           69
#> 801         31025     682        2006-12-20                7           12
#> 802         12400    1538        2006-09-03               15          120
#> 803         13600    1203        2006-09-07               12          116
#> 804         36956     644        2006-06-08               12          207
#> 805         23658     837        2006-08-08               11          146
#> 806          8264     436        2006-08-04                6          150
#> 807         30400     868        2006-07-21                9          164
#> 808          2737    1286        2005-12-08               12          389
#> 809         32688     854        2006-08-10                9          144
#> 810         20652    1307        2006-10-22               16           71
#> 811         11045     759        2006-08-07                8          147
#> 812         29763     590        2006-10-23                7           70
#> 813         27169    1000        2006-08-26               12          128
#> 814          9282    1028        2006-08-26               11          128
#> 815         33176    1223        2006-08-17               12          137
#> 816          2267    1647        2006-07-08               14          177
#> 817         39539     701        2005-11-22                9          405
#> 818          9471    1560        2006-02-09               13          326
#> 819         29841    1037        2005-10-06               10          452
#> 820         20582     559        2006-02-28                8          307
#> 821         19565     910        2006-04-29               12          247
#> 822         14581    1934        2006-11-28               19           34
#> 823         16062    1298        2006-09-06               13          117
#> 824          5817     619        2006-07-02                7          183
#> 825         39524     634        2005-12-05                8          392
#> 826          9387     751        2006-08-10                9          144
#> 827         30912    1123        2006-10-20               12           73
#> 828         20771     989        2006-06-11               10          204
#> 829         25630     741        2006-06-12                9          203
#> 830         10571     880        2006-08-01                8          153
#> 831         11695     780        2005-12-09                8          388
#> 832          1774     699        2005-08-05                9          514
#> 833         13546     638        2006-08-11                9          143
#> 834         37658    1054        2006-09-16               11          107
#> 835         16596     860        2006-06-02               10          213
#> 836         28131     863        2006-11-02                9           60
#> 837         11301     681        2005-08-07                9          512
#> 838         20647     836        2006-06-23               10          192
#> 839          1336    1181        2006-07-23               12          162
#> 840           652     784        2005-12-26               10          371
#> 841         26076     340        2005-10-28                4          430
#> 842         32527     963        2006-10-02               11           91
#> 843         32310    1399        2005-11-18               12          409
#> 844          3490    1043        2006-08-30               11          124
#> 845         10801     665        2006-08-02                8          152
#> 846          5149     847        2006-12-06                9           26
#> 847         11215     873        2006-10-19               11           74
#> 848          5704    1633        2006-09-14               14          109
#> 849         39255     463        2006-07-01                5          184
#> 850         23160     576        2006-09-08                7          115
#> 851         11068     959        2006-06-09                9          206
#> 852         31964     826        2006-08-13                9          141
#> 853         27193     757        2006-04-24                9          252
#> 854         13957    1018        2006-07-28                8          157
#> 855          5459     892        2006-10-19               11           74
#> 856          7791     867        2006-05-26                8          220
#> 857         12666    1278        2006-10-07               10           86
#> 858         28154    1044        2006-09-24               12           99
#> 859         33287     306        2006-01-16                5          350
#> 860          7713    1616        2006-09-01               15          122
#> 861         10179     610        2006-07-31                7          154
#> 862         36234     495        2005-12-17                8          380
#> 863         27669     796        2006-03-28               10          279
#> 864         21464     919        2006-06-05                8          210
#> 865         39771     894        2005-10-30                6          428
#> 866         26725    1299        2006-10-19               11           74
#> 867         20184     685        2006-06-12                8          203
#> 868         29424     934        2006-07-15               10          170
#> 869         23027    1032        2006-08-29               10          125
#> 870         33518     908        2006-04-01               10          275
#> 871         36277    1378        2006-10-25               16           68
#> 872          4087     807        2006-02-16                7          319
#> 873         12701     644        2006-10-22                9           71
#> 874         31000     284        2005-09-21                3          467
#> 875         37212     997        2006-10-31                9           62
#> 876          2565     703        2006-12-06                7           26
#> 877         32680     804        2006-09-08                9          115
#> 878          8760     772        2005-10-11                6          447
#> 879         27260     427        2006-10-08               11           85
#> 880            68     831        2006-11-10               10           52
#> 881         21677    1182        2006-12-09               11           23
#> 882         15704     728        2006-10-04                5           89
#> 883         23912    1330        2006-05-27               13          219
#> 884         25469     962        2006-09-05               12          118
#> 885         34256    1425        2006-11-04               16           58
#> 886         31225    1303        2006-10-27               12           66
#> 887          8975     976        2006-11-16               13           46
#> 888         16289     782        2006-09-10                7          113
#> 889         20925     480        2006-05-24                6          222
#> 890          7288     650        2006-10-08                5           85
#> 891         23065    1139        2006-07-25               11          160
#> 892          2816     992        2006-10-21               10           72
#> 893         14436    1030        2006-02-08                6          327
#> 894         34071     711        2006-12-20               11           12
#> 895         18861    1017        2006-07-05               13          180
#> 896          4289     270        2005-10-04                3          454
#> 897         23095    1220        2006-02-13               13          322
#> 898         26482     681        2006-02-08                9          327
#> 899         25841     782        2006-06-24               10          191
#> 900          7551     766        2005-08-05                8          514
#> 901         15184    1236        2006-08-06               13          148
#> 902          5849    1669        2006-07-11               18          174
#> 903         22323     741        2006-09-06                8          117
#> 904         35059    1361        2006-03-31               14          276
#> 905         38984     969        2006-02-05               12          330
#> 906         14967     969        2006-06-28               12          187
#> 907          2755     748        2006-06-18                7          197
#> 908          4303     634        2006-08-27                8          127
#> 909         27323    1396        2006-10-27               16           66
#> 910         21527     666        2006-10-16                6           77
#> 911         17103    1366        2006-09-01               14          122
#> 912          6089    1307        2006-05-20               13          226
#> 913         27273    1427        2006-12-06               11           26
#> 914         27592    1234        2006-11-18               11           44
#> 915         39790     370        2006-10-16                6           77
#> 916         29888    1028        2006-12-18               11           14
#> 917          3272     649        2006-09-28               10           95
#> 918         29525     927        2006-08-17                9          137
#> 919         26726     836        2006-08-05                7          149
#> 920         29732     874        2006-07-12                9          173
#> 921         21759     466        2006-07-01                7          184
#> 922          4620     329        2006-02-20                4          315
#> 923         35620     633        2006-10-19                7           74
#> 924         33136    1022        2006-07-03               10          182
#> 925         29847     486        2006-09-15                4          108
#> 926         38726     865        2006-08-29                8          125
#> 927         26178     983        2006-07-09                7          176
#> 928         18174     710        2006-02-26                6          309
#> 929          8995    1249        2006-11-11               12           51
#> 930         29704    1804        2006-09-17               17          106
#> 931         14376     701        2006-07-23                6          162
#> 932         31782    1107        2006-09-23               12          100
#> 933         19949     818        2006-11-26                7           36
#> 934         34316     905        2006-09-17               10          106
#> 935         14708    1062        2006-07-10               13          175
#> 936          5543     553        2006-07-21                7          164
#> 937         25550     959        2006-07-28               10          157
#> 938          9162    1162        2006-06-08               13          207
#> 939         36373     609        2005-09-01                6          487
#> 940          2691     512        2006-09-04                5          119
#> 941         28742    1244        2006-10-24               12           69
#> 942         39749     895        2006-05-22               11          224
#> 943         34923    1164        2006-02-07               10          328
#> 944          8387    1042        2006-08-01               12          153
#> 945            15     631        2005-11-17                8          410
#> 946         22577    1473        2006-06-09               14          206
#> 947         39730    1564        2006-07-05               13          180
#> 948          3234     860        2006-09-16                8          107
#> 949         31485    1016        2006-01-19                8          347
#> 950         38114     941        2006-08-13               11          141
#> 951         15418    1736        2006-08-25               17          129
#> 952         25791     640        2006-05-09                7          237
#> 953         33187    1416        2006-10-01               12           92
#> 954          1960     660        2006-06-04                8          211
#> 955          4356     474        2005-08-26                5          493
#> 956         35780     180        2005-11-26                4          401
#> 957         21221     580        2006-12-11                7           21
#> 958         36183     949        2006-09-27                9           96
#> 959         30092    1288        2006-08-28               14          126
#> 960         34997     612        2006-05-09                7          237
#> 961          8593    1375        2006-05-31               13          215
#> 962         12964    1363        2006-08-19               14          135
#> 963           285    1500        2006-09-22               15          101
#> 964         17127     529        2006-08-07                7          147
#> 965          4671     676        2006-05-12               10          234
#> 966         30833     832        2006-07-11               10          174
#> 967         37580     461        2006-05-13                5          233
#> 968         13787    1166        2006-12-15               11           17
#> 969         26313     891        2006-12-04                9           28
#> 970         24681     707        2006-09-12                7          111
#> 971          7794    1033        2006-08-03               13          151
#> 972         35469    1339        2006-10-18               13           75
#> 973          2719    1321        2006-09-26               13           97
#> 974         33791    1299        2006-05-01               12          245
#> 975         22100    1449        2006-09-30               13           93
#> 976          9723     771        2006-10-24                8           69
#> 977         14981    1266        2006-11-02               14           60
#> 978         24048     902        2006-12-12               10           20
#> 979          2046    1327        2006-11-29               12           33
#> 980         24168    1349        2006-05-28               17          218
#> 981         25123     645        2006-02-14                4          321
#> 982         39128    1070        2006-08-30               12          124
#> 983         37171     786        2006-10-24               10           69
#> 984           937     664        2006-08-05               10          149
#> 985         31719     614        2005-11-10                6          417
#> 986         39345     576        2006-04-23                5          253
#> 987         17271    1254        2006-07-31               12          154
#> 988         22305     683        2006-03-27                7          280
#> 989          3563     334        2006-08-23                3          131
#> 990          4489    1144        2006-09-26               11           97
#> 991           845     820        2006-10-03                8           90
#> 992         28476    1003        2006-05-07               11          239
#> 993         32284    1282        2006-02-25               10          310
#> 994         24117     936        2006-08-15               11          139
#> 995         17761    1140        2005-08-10               11          509
#> 996         20124     503        2005-07-28                7          522
#> 997         33847     842        2005-12-27               10          370
#> 998         36344     883        2006-10-24               10           69
#> 999          2289     588        2006-07-01                8          184
#> 1000        33149    1266        2006-07-19               13          166
#> 1001        16274    1158        2006-07-05               13          180
#> 1002        14594    1263        2006-11-04               10           58
#> 1003        20389     956        2006-04-12                7          264
#> 1004        15373    1231        2006-07-31               12          154
#> 1005         4245     838        2006-06-24               10          191
#> 1006        38506    1285        2006-08-21               11          133
#> 1007        35224     292        2006-09-01                5          122
#> 1008        31043     980        2006-11-06                9           56
#> 1009        38634     478        2006-01-07                4          359
#> 1010         5688      91        2005-08-19                2          500
#> 1011        10162     886        2005-08-30                9          489
#> 1012        19029     618        2006-07-21                7          164
#> 1013        10988     536        2006-07-26                6          159
#> 1014        18439    1002        2006-11-10               13           52
#> 1015        18295     499        2006-09-20                5          103
#> 1016        20132    1031        2006-08-09               13          145
#> 1017        18241     632        2006-06-16                9          199
#> 1018        21168     706        2005-12-21                8          376
#> 1019        19973     405        2006-10-27                6           66
#> 1020         3048    1041        2006-11-24               11           38
#> 1021         5349     776        2006-04-21                9          255
#> 1022        35000    1101        2006-07-07               12          178
#> 1023        25712    1573        2006-07-22               20          163
#> 1024        30233    1505        2006-07-22               15          163
#> 1025         4969     559        2006-04-22                5          254
#> 1026         1457    1682        2006-12-08               15           24
#> 1027         6017    1548        2006-07-16               15          169
#> 1028        18962     753        2006-07-09                8          176
#> 1029         3766    1168        2006-10-03               13           90
#> 1030          882     216        2006-04-12                4          264
#> 1031        33866     548        2006-06-22                8          193
#> 1032        11047     560        2006-10-29                6           64
#> 1033         5489     781        2006-10-20               12           73
#> 1034        20734     925        2006-02-13               10          322
#> 1035        28503    1054        2006-04-07               12          269
#> 1036        24225    1441        2006-07-06               13          179
#> 1037         7023     861        2006-05-05                8          241
#> 1038        25865     442        2006-07-09                6          176
#> 1039        22321    1117        2005-10-26               12          432
#> 1040        30947     837        2006-10-23                8           70
#> 1041         8386    1019        2006-09-19               13          104
#> 1042         4953     851        2006-09-27               10           96
#> 1043        35798    1444        2006-12-26               18            6
#> 1044         3317    1067        2006-10-22               10           71
#> 1045         3735    1401        2006-09-27               17           96
#> 1046        27887     554        2006-01-20                6          346
#> 1047           32    1046        2006-07-10               12          175
#> 1048         7275    1170        2006-07-21               10          164
#> 1049        26125    1635        2006-07-15               14          170
#> 1050        27086     938        2006-10-09               12           84
#> 1051        23527     948        2006-05-15               10          231
#> 1052        32272     569        2005-08-16                5          503
#> 1053        37648    1270        2006-08-15               15          139
#> 1054        36906    1361        2006-12-02               15           30
#> 1055        38545    1117        2006-09-29               10           94
#> 1056         6307    1627        2006-03-31               12          276
#> 1057        11550     829        2006-07-14               12          171
#> 1058         9378    1028        2006-09-04               17          119
#> 1059        28293     992        2006-12-18               11           14
#> 1060         7637    1423        2006-11-07               18           55
#> 1061         1526     858        2006-07-25                9          160
#> 1062        31068    1143        2006-08-25               12          129
#> 1063         7512     876        2006-09-03                8          120
#> 1064        34860     582        2006-06-09                8          206
#> 1065        21938    1058        2006-07-03                8          182
#> 1066         8946     608        2005-07-25                7          525
#> 1067        17924     344        2006-07-13                5          172
#> 1068        33395     678        2006-04-29                9          247
#> 1069        15044    1029        2006-09-05               11          118
#> 1070        21008     418        2006-06-05                6          210
#> 1071         5892    1069        2006-10-27                9           66
#> 1072        25893     243        2005-08-31                3          488
#> 1073        37159     958        2005-10-18                9          440
#> 1074        12993    1281        2006-04-11               13          265
#> 1075        37147     486        2005-11-12                5          415
#> 1076        18072     941        2006-10-27               10           66
#> 1077         5013     974        2006-11-25               11           37
#> 1078         9193     814        2006-11-23               10           39
#> 1079        36900    1368        2006-07-21               10          164
#> 1080        10259    1369        2006-11-01               13           61
#> 1081         4961     927        2006-08-15               11          139
#> 1082        28162    1647        2006-06-19               13          196
#> 1083        30558     822        2006-09-05                9          118
#> 1084         7245    2085        2006-06-20               19          195
#> 1085        27308    1241        2006-09-29               16           94
#> 1086        33230    1038        2006-06-20               11          195
#> 1087        22629     654        2005-12-20                7          377
#> 1088        18558     978        2005-12-27                9          370
#> 1089         7780    1589        2006-07-29               13          156
#> 1090        27454    1776        2006-07-11               15          174
#> 1091         8694    1262        2006-09-20               11          103
#> 1092        23715     585        2006-08-20                5          134
#> 1093         6172    1239        2006-07-30               10          155
#> 1094        33379     823        2006-08-30                9          124
#> 1095        34457    1239        2006-06-29               12          186
#> 1096            2    1230        2005-09-21               11          467
#> 1097        19645     461        2006-09-19                7          104
#> 1098        12068    1196        2006-06-21               10          194
#> 1099         4215    1053        2005-10-03               11          455
#> 1100         3414    1766        2006-07-21               18          164
#> 1101        14838     803        2006-05-27                8          219
#> 1102        10282     226        2005-10-28                3          430
#> 1103           27     581        2006-05-21                7          225
#> 1104        13882     381        2006-04-08                4          268
#> 1105         4573     857        2006-08-30                9          124
#> 1106        12345     615        2006-10-28                9           65
#> 1107         4997     950        2006-03-13               11          294
#> 1108        26865     590        2006-12-05               10           27
#> 1109        12786     703        2005-10-18                7          440
#> 1110         6379    2356        2006-07-13               22          172
#> 1111        39760    1379        2006-12-16               12           16
#> 1112        12328     957        2006-08-14               11          140
#> 1113         7118     884        2006-10-01                8           92
#> 1114        27114    1272        2006-06-20               12          195
#> 1115        32791     548        2006-04-11                7          265
#> 1116        23972     722        2006-11-28                7           34
#> 1117        15343    1401        2006-06-04               12          211
#> 1118        10629     823        2006-08-05                8          149
#> 1119        10945     901        2006-10-18               13           75
#> 1120        23593    1420        2006-06-12               13          203
#> 1121        34209    1024        2006-05-08               13          238
#> 1122        32795     849        2006-08-31                8          123
#> 1123         4510     502        2006-08-03                4          151
#> 1124        14796     596        2005-09-20                6          468
#> 1125        33107     602        2006-07-16                7          169
#> 1126        29457     755        2006-08-01                9          153
#> 1127         5104    1391        2006-04-14               12          262
#> 1128        15803    1022        2006-08-01               11          153
#> 1129        13604     925        2006-07-02                9          183
#> 1130         2777    1380        2006-10-26               14           67
#> 1131        36173     804        2006-12-15                9           17
#> 1132         5901     991        2006-08-07               12          147
#> 1133        34795    1072        2006-09-10               11          113
#> 1134        20594    1221        2006-09-30               13           93
#> 1135        37053    1062        2005-07-20               12          530
#> 1136        12757    2209        2006-07-20               20          165
#> 1137        16219     767        2006-08-03                8          151
#> 1138        38389     786        2006-04-08                9          268
#> 1139        22249    1336        2006-09-21               16          102
#> 1140        27376     840        2006-09-02               10          121
#> 1141        14066     943        2006-08-24                8          130
#> 1142        29824     766        2006-09-23                9          100
#> 1143         4263     647        2006-08-01                6          153
#> 1144        30523     913        2006-09-07                9          116
#> 1145        30173     897        2006-11-06                9           56
#> 1146         4836     626        2005-09-18                8          470
#> 1147         9666     801        2006-07-17               10          168
#> 1148         1186    1493        2006-11-21               14           41
#> 1149          974    1269        2006-09-29               14           94
#> 1150        18777    1099        2006-01-18               10          348
#> 1151        36397    1879        2006-09-04               19          119
#> 1152        17673    1009        2006-09-28               10           95
#> 1153        17062     644        2006-10-20                8           73
#> 1154        20351     685        2006-05-12                6          234
#> 1155         1651     895        2006-05-17               10          229
#> 1156        36611     753        2006-04-16               12          260
#> 1157        31242     912        2006-05-15                9          231
#> 1158        21264     636        2006-02-03               11          332
#> 1159         1418     936        2006-10-05                7           88
#> 1160        16878    1458        2006-06-08               14          207
#> 1161        37220     904        2006-08-15                9          139
#> 1162        24185    1048        2006-06-20                8          195
#> 1163        24994     631        2006-11-15                8           47
#> 1164        27795    1091        2006-10-21               13           72
#> 1165        31580    2271        2006-06-10               18          205
#> 1166        17530     401        2005-11-19                7          408
#> 1167        22845    1044        2006-11-22                9           40
#> 1168        22120     592        2006-11-22                9           40
#> 1169         6218    1266        2006-08-22               14          132
#> 1170        11556    1360        2006-12-13               13           19
#> 1171        21827     786        2006-04-22                9          254
#> 1172         1003    1474        2006-03-27               13          280
#> 1173        14931    1269        2006-05-23               11          223
#> 1174         7408     802        2006-09-15                7          108
#> 1175         6942     674        2006-05-30                7          216
#> 1176          642    1346        2006-11-15               16           47
#> 1177        15293    1119        2006-07-14               10          171
#> 1178        22097    1314        2006-11-06               12           56
#> 1179         1234     400        2006-08-16                6          138
#> 1180         2600     362        2005-06-09                4          571
#> 1181          125    1823        2005-12-22               20          375
#> 1182         8728     486        2006-05-26                7          220
#> 1183         9610    1209        2006-10-07               10           86
#> 1184         4537    1193        2006-08-12               14          142
#> 1185         7017     415        2005-09-18                5          470
#> 1186         9745     908        2006-11-28                9           34
#> 1187         5520     834        2006-08-07                8          147
#> 1188        24925     983        2006-08-13               13          141
#> 1189         3314    1132        2006-08-23               13          131
#> 1190        11850    1060        2006-08-17               11          137
#> 1191        23646    1125        2006-12-26               11            6
#> 1192        21145     901        2006-10-14               11           79
#> 1193        19891     459        2006-09-02                5          121
#> 1194         8645     585        2005-08-05                7          514
#> 1195          180     659        2006-07-12                9          173
#> 1196        31046    1097        2005-11-10               12          417
#> 1197        22809     561        2006-08-21               11          133
#> 1198        24962    1606        2006-11-28               16           34
#> 1199        35968     583        2006-07-03                8          182
#> 1200        16997    1752        2006-09-29               14           94
#> 1201        28880    1131        2006-11-03                8           59
#> 1202        10305     445        2006-06-25                6          190
#> 1203        28438     953        2006-09-27                9           96
#> 1204        20879     418        2006-03-17                7          290
#> 1205        37927     549        2006-05-10                5          236
#> 1206        30649    1487        2006-09-20               13          103
#> 1207        28953     902        2006-01-20               11          346
#> 1208        30747    1298        2006-05-12               11          234
#> 1209           49    1191        2006-08-04               10          150
#> 1210        39056    1094        2006-07-27               10          158
#> 1211         5120     902        2006-12-09               10           23
#> 1212        15600     686        2006-11-06                7           56
#> 1213        39377    1365        2006-10-01               12           92
#> 1214        19174     939        2006-09-17               11          106
#> 1215         8703     509        2006-09-10                6          113
#> 1216        12415     352        2006-11-13                5           49
#> 1217        32253     813        2006-07-18                9          167
#> 1218        36571     416        2005-12-04                5          393
#> 1219        35791     875        2006-07-30                8          155
#> 1220         6105     388        2006-03-04                7          303
#> 1221        21302    1000        2006-03-13               11          294
#> 1222         7353     660        2006-02-28               10          307
#> 1223        19128     611        2006-07-28                7          157
#> 1224         7894     822        2006-07-12                7          173
#> 1225        14386     861        2006-05-10                9          236
#> 1226        21251    1028        2006-07-10               10          175
#> 1227        26497     852        2006-12-19                9           13
#> 1228        20041    1226        2006-09-19               13          104
#> 1229        38800     846        2006-08-05               11          149
#> 1230         6298     509        2006-06-09                7          206
#> 1231        18139     415        2006-04-07                4          269
#> 1232        20941     577        2006-06-06                6          209
#> 1233          624     879        2006-10-06               11           87
#> 1234        26995     394        2006-07-19                5          166
#> 1235        23865     508        2006-07-22                8          163
#> 1236        22778    1048        2006-10-19               11           74
#> 1237        28242    1177        2006-05-10                9          236
#> 1238        21641    1197        2006-10-28               11           65
#> 1239         5830     726        2006-08-04                9          150
#> 1240        25419     686        2006-06-07                8          208
#> 1241         8320     881        2006-07-13               10          172
#> 1242        36688     542        2006-02-23                7          312
#> 1243        11527    1049        2006-08-13                9          141
#> 1244        16010     373        2005-07-31                5          519
#> 1245         2486     697        2006-06-18                8          197
#> 1246        14057     952        2006-07-13               10          172
#> 1247        37217     966        2006-11-14               11           48
#> 1248        23030    1199        2006-08-07               12          147
#> 1249        11800    1261        2006-08-23               12          131
#> 1250        11826    1008        2006-10-11                8           82
#> 1251         7996    1106        2006-06-25               14          190
#> 1252        15525     947        2005-11-25               10          402
#> 1253        37391     982        2006-06-15               13          200
#> 1254        30552    1280        2006-11-10               13           52
#> 1255        25179    1045        2006-06-08               12          207
#> 1256        39219    2447        2006-11-06               18           56
#> 1257        13673    1061        2006-09-18               13          105
#> 1258        38797     498        2006-06-27                6          188
#> 1259        15197    1172        2006-11-16               11           46
#> 1260        16296    1139        2006-05-17                9          229
#> 1261        22156    1110        2005-09-25               10          463
#> 1262        28804     880        2006-06-07                9          208
#> 1263        20678     625        2005-12-30               11          367
#> 1264        32294     519        2005-04-22                4          619
#> 1265        25480     626        2006-07-02                8          183
#> 1266        29039     665        2006-09-10                5          113
#> 1267         5207     745        2006-09-02                9          121
#> 1268        13160     267        2006-01-21                5          345
#> 1269        16689     931        2005-09-24                8          464
#> 1270        37527     543        2006-05-16                6          230
#> 1271         4145    1279        2006-09-28               14           95
#> 1272        22679    1404        2006-10-06               12           87
#> 1273        33770     618        2006-04-26                7          250
#> 1274        15852    1297        2006-08-25               12          129
#> 1275        34740     466        2005-09-09                4          479
#> 1276        14742     631        2006-08-22                7          132
#> 1277         8162     432        2005-12-04               10          393
#> 1278        33874     842        2006-04-05                8          271
#> 1279        34613     409        2006-03-28                5          279
#> 1280        18250    1292        2006-02-06               12          329
#> 1281        23571    1230        2006-12-30                9            2
#> 1282        39832    1104        2006-03-03               10          304
#> 1283         3976     326        2005-10-18                6          440
#> 1284        21819     800        2006-03-15                6          292
#> 1285        38360     502        2006-05-04                6          242
#> 1286        32098     789        2006-05-09               11          237
#> 1287        39617    1020        2006-06-27               11          188
#> 1288        10560    1532        2006-10-05               12           88
#> 1289        17873     340        2006-12-13                4           19
#> 1290        10230     822        2006-04-29                7          247
#> 1291        32646     957        2006-07-24               12          161
#> 1292        32008     773        2006-07-29                9          156
#> 1293        20978     655        2006-10-15                7           78
#> 1294        28259    1390        2006-05-27               12          219
#> 1295        23218    1059        2006-08-28                9          126
#> 1296         7808     434        2006-04-13                4          263
#> 1297        24455    1102        2006-08-01               11          153
#> 1298        15416     928        2006-10-05                8           88
#> 1299        39984    1378        2006-10-02               17           91
#> 1300         6337    1226        2006-09-13               14          110
#> 1301        15764    1182        2006-12-06               10           26
#> 1302        19038    1139        2006-07-04                9          181
#> 1303        38375     594        2006-02-25                5          310
#> 1304         2140     917        2006-07-04               10          181
#> 1305           70    1181        2006-07-29                8          156
#> 1306         7252     603        2006-10-15                7           78
#> 1307        10744     708        2005-08-22                7          497
#> 1308        37254     887        2006-06-26               11          189
#> 1309        16606     360        2006-02-26                6          309
#> 1310        31015    1262        2005-10-11               11          447
#> 1311         6556     662        2006-10-08                8           85
#> 1312        38343     962        2006-10-01               13           92
#> 1313        12509    1241        2006-08-01               10          153
#> 1314        28917     706        2006-05-16                8          230
#> 1315        13955     738        2006-03-18               10          289
#> 1316        12968     237        2006-12-16                4           16
#> 1317        38090     773        2006-11-22                9           40
#> 1318        15716     840        2006-09-28                9           95
#> 1319         6729    1189        2006-12-13                9           19
#> 1320        17718    1070        2006-10-21                9           72
#> 1321        11854    1464        2006-11-02               14           60
#> 1322        37438     211        2006-04-22                4          254
#> 1323        19273     842        2006-06-04                9          211
#> 1324        33606    1347        2006-04-01               15          275
#> 1325        18829     797        2006-08-23                9          131
#> 1326        20638     787        2006-11-12                8           50
#> 1327        31982     581        2005-08-30                6          489
#> 1328        15402     793        2006-07-25                9          160
#> 1329        12054     376        2006-05-28                7          218
#> 1330         2332    1394        2006-09-08               13          115
#> 1331        26333     901        2006-08-06               11          148
#> 1332         2005     758        2006-11-13               11           49
#> 1333         2806    1340        2006-12-12               14           20
#> 1334        13463     363        2005-09-05                6          483
#> 1335        37227     786        2006-06-20               12          195
#> 1336        12221     401        2005-06-20                7          560
#> 1337        12014     432        2005-07-12                4          538
#> 1338        26419     772        2006-12-02               11           30
#> 1339         4723     939        2006-11-25               11           37
#> 1340        24175     778        2005-12-12                8          385
#> 1341        13644     941        2006-10-19               11           74
#> 1342        22837    1130        2006-12-02               10           30
#> 1343        19070     552        2006-08-26                6          128
#> 1344         3534    1139        2005-12-28                9          369
#> 1345        15993    1392        2006-11-06               11           56
#> 1346        26231    1134        2006-05-01               10          245
#> 1347        14749     747        2006-11-11                8           51
#> 1348        29710     888        2006-01-11                7          355
#> 1349        34622     897        2006-05-01               13          245
#> 1350         6432     725        2006-12-02                8           30
#> 1351        28991     309        2006-09-19                4          104
#> 1352         1437     497        2005-10-02                5          456
#> 1353        24550     886        2006-08-26                8          128
#> 1354        11231     810        2006-04-18                9          258
#> 1355        10603     900        2006-11-15               10           47
#> 1356        32811    1628        2006-07-17               15          168
#> 1357        29911     762        2006-08-26               10          128
#> 1358        26210    1280        2006-11-20               13           42
#> 1359         6599     974        2006-11-02                8           60
#> 1360        34011     993        2006-07-02               12          183
#> 1361        32418    1515        2006-10-26               14           67
#> 1362         6862    1561        2006-03-26               14          281
#> 1363        32308    1492        2006-12-01               17           31
#> 1364        20820     418        2006-10-04                6           89
#> 1365        15952    1437        2006-04-07               16          269
#> 1366         7341    1063        2006-10-22               10           71
#> 1367        19257     777        2006-07-31               10          154
#> 1368        28757    1124        2006-08-24               11          130
#> 1369         3008    1062        2005-10-04                8          454
#> 1370        28374     649        2006-06-03                7          212
#> 1371        22274     482        2005-12-07                3          390
#> 1372        39943     991        2006-05-26                9          220
#> 1373        38739     993        2006-09-01               12          122
#> 1374        10690     695        2006-09-03                6          120
#> 1375        31055    1643        2006-11-08               15           54
#> 1376        12896    1006        2006-06-19                9          196
#> 1377        31107    1364        2006-09-01               12          122
#> 1378        14454    1282        2006-02-11               14          324
#> 1379        26066     314        2006-09-01                5          122
#> 1380        36434     786        2006-09-19                9          104
#> 1381        13637     890        2005-11-24                9          403
#> 1382        25715     978        2006-09-13               10          110
#> 1383        25608     807        2006-05-21                8          225
#> 1384        36273    1864        2006-12-04               18           28
#> 1385        31986     904        2006-07-02               10          183
#> 1386        34379     893        2006-09-04               10          119
#> 1387        27383     593        2006-12-15                7           17
#> 1388        37513     906        2006-12-11               10           21
#> 1389         5906     565        2006-10-06                6           87
#> 1390          253     895        2006-06-04                9          211
#> 1391        15472     797        2006-12-25               10            7
#> 1392         9011    1366        2006-08-31               13          123
#> 1393         2205    1033        2006-05-13               12          233
#> 1394         4385    1440        2006-06-18               13          197
#> 1395        32645    1217        2006-11-21               11           41
#> 1396        19972     493        2006-10-17                6           76
#> 1397         4062     836        2006-10-11               10           82
#> 1398        31630     654        2005-12-24                9          373
#> 1399        36603     834        2006-12-14                9           18
#> 1400         7542     868        2006-08-22               12          132
#> 1401        31811    1118        2006-06-07               10          208
#> 1402        31056     831        2006-05-10               11          236
#> 1403         2670     868        2006-07-29               10          156
#> 1404        20837    1411        2006-08-12               14          142
#> 1405        20737    1074        2006-08-19               11          135
#> 1406        36033    1072        2006-10-31               10           62
#> 1407        27543     911        2005-09-26                9          462
#> 1408        21313    1364        2005-09-11               13          477
#> 1409        16323    1007        2006-05-24               10          222
#> 1410        17093     584        2006-07-15                6          170
#> 1411         3211     603        2006-11-03                7           59
#> 1412        38999     963        2006-09-15                8          108
#> 1413        12148     978        2006-04-09               12          267
#> 1414         1879     641        2006-06-06                7          209
#> 1415        12532     972        2006-08-14                7          140
#> 1416        18147     595        2006-09-26                7           97
#> 1417        39468    1068        2006-09-30               11           93
#> 1418        26405     873        2006-03-22                8          285
#> 1419         4235    1431        2006-11-13               12           49
#> 1420        23152    1043        2005-10-06                9          452
#> 1421        31538     970        2006-11-21               10           41
#> 1422        35358     942        2006-08-02               14          152
#> 1423        20281     975        2006-07-25               10          160
#> 1424        25408     810        2006-02-19                8          316
#> 1425        31883    1285        2006-11-05               11           57
#> 1426        27148    1344        2005-05-05               10          606
#> 1427          194    1639        2006-09-23               14          100
#> 1428        23038     729        2006-08-30               10          124
#> 1429        34360     368        2006-06-14                6          201
#> 1430        38340     682        2006-12-28                8            4
#> 1431        25754     711        2006-08-22                9          132
#> 1432        31260    1149        2006-08-06               10          148
#> 1433        13300     886        2006-08-06               12          148
#> 1434        15350     780        2006-07-06                9          179
#> 1435        21815     661        2006-12-22                7           10
#> 1436        20735     916        2006-05-27               10          219
#> 1437          692    1124        2006-06-23               13          192
#> 1438        38729    1132        2006-10-06               13           87
#> 1439        15601    1172        2006-08-28               12          126
#> 1440        36676     576        2006-04-17                5          259
#> 1441        33540     964        2006-10-19               10           74
#> 1442        29773    1252        2006-08-17               12          137
#> 1443        39784     982        2006-12-04                9           28
#> 1444        30518     679        2006-11-30                6           32
#> 1445        18164     464        2005-10-03                7          455
#> 1446        26407    1345        2006-05-05               14          241
#> 1447         2428     693        2006-02-25                9          310
#> 1448        14001    1583        2005-11-18               12          409
#> 1449        39291     912        2006-05-30                8          216
#> 1450        24722    1010        2006-08-18               10          136
#> 1451        31210     833        2005-11-17                9          410
#> 1452        16592    1306        2006-11-24               14           38
#> 1453        23182     756        2006-10-27                6           66
#> 1454        13728     593        2006-12-03                6           29
#> 1455        32202      33        2006-04-03                1          273
#> 1456        27653    1065        2006-04-26               11          250
#> 1457        29442     921        2006-08-18                9          136
#> 1458         4065    1433        2005-10-23               14          435
#> 1459        16090     974        2006-10-12               11           81
#> 1460        10432    1106        2006-06-11               11          204
#> 1461         7962     894        2006-10-18                7           75
#> 1462         7879    1046        2006-05-14                9          232
#> 1463         1854     377        2005-10-07                4          451
#> 1464         3488     672        2006-05-03                9          243
#> 1465        19931     743        2006-02-04                7          331
#> 1466         2466    1521        2006-10-25               13           68
#> 1467        13793    1384        2006-11-11               13           51
#> 1468        29460    1309        2006-02-25               13          310
#> 1469        26583     925        2006-06-13                7          202
#> 1470        19899    1160        2006-02-24               11          311
#> 1471        39494     886        2006-02-28                8          307
#> 1472         7375    1288        2006-11-09               15           53
#> 1473        14582     799        2006-07-06                8          179
#> 1474        22374     748        2006-12-24                9            8
#> 1475        29330     891        2005-10-25               10          433
#> 1476        28824     954        2006-06-30               11          185
#> 1477         6007     691        2006-10-21                7           72
#> 1478        10585     511        2005-10-22                8          436
#> 1479        32793     475        2005-08-11                4          508
#> 1480        38836     344        2006-08-07                4          147
#> 1481        18426     623        2006-05-17                8          229
#> 1482        28797     547        2005-12-17                6          380
#> 1483        36190     805        2005-08-15                8          504
#> 1484         8722     995        2006-03-11               10          296
#> 1485         1425    1126        2006-10-29               12           64
#> 1486        11879    1575        2006-09-09               17          114
#> 1487        11875    1654        2006-10-04               16           89
#> 1488        25869    1150        2006-10-22               14           71
#> 1489        33413     772        2005-11-08               10          419
#> 1490        27261     941        2005-10-20               11          438
#> 1491         2143     998        2006-07-03               14          182
#> 1492        29378     549        2005-10-03                7          455
#> 1493         7332    1087        2006-06-04               13          211
#> 1494        11466    1034        2006-08-23               10          131
#> 1495         7124    1459        2006-10-30               12           63
#> 1496         8454     865        2006-12-14                8           18
#> 1497         7539     998        2006-11-08               10           54
#> 1498        26589     773        2006-08-17                9          137
#> 1499         7333     524        2006-10-14                5           79
#> 1500        32234    1480        2006-07-11               14          174
#> 1501          348     421        2006-07-19                5          166
#> 1502        24811    1859        2006-10-28               16           65
#> 1503        33204     771        2006-09-04                5          119
#> 1504          933    1304        2006-09-10               13          113
#> 1505        11309    1002        2006-09-04               11          119
#> 1506        32082     992        2006-07-01               11          184
#> 1507        11737    1352        2006-07-05               15          180
#> 1508        16383     948        2006-08-22               12          132
#> 1509        30753    1175        2006-10-19               11           74
#> 1510        11016    1361        2006-02-17               13          318
#> 1511        24761    1084        2006-06-15               13          200
#> 1512         9298    1877        2006-10-20               16           73
#> 1513        13370    1109        2006-11-13               13           49
#> 1514        13278    1584        2006-10-21               14           72
#> 1515         1816    1268        2006-11-05               15           57
#> 1516        37167    1671        2006-07-25               15          160
#> 1517        27264     455        2006-12-22                7           10
#> 1518        37485     560        2006-11-03                6           59
#> 1519        38593     768        2006-08-05                7          149
#> 1520        21669     646        2005-07-07                6          543
#> 1521        29969    1111        2006-06-14               12          201
#> 1522        10251     993        2006-01-21               10          345
#> 1523        17445    1082        2006-11-22               11           40
#> 1524        16184     864        2006-07-03               11          182
#> 1525        16105     440        2005-07-24                7          526
#> 1526        17201     352        2006-08-14                5          140
#> 1527        15684     887        2006-07-29                7          156
#> 1528        14853     667        2006-08-31                5          123
#> 1529        31875     842        2006-07-16               10          169
#> 1530        30709     777        2006-12-11                7           21
#> 1531         4341    2100        2006-11-20               20           42
#> 1532        32626     851        2006-06-16                9          199
#> 1533        38570     801        2006-10-28                9           65
#> 1534         2322     580        2006-07-03                6          182
#> 1535         1931     660        2006-11-24                9           38
#> 1536        12843    1939        2006-09-26               15           97
#> 1537         7273    1312        2006-07-27               11          158
#> 1538        39544    1159        2006-06-24               14          191
#> 1539         3075    1403        2006-09-30               14           93
#> 1540        23269    1102        2006-07-22               12          163
#> 1541        15713     658        2006-03-21                9          286
#> 1542        13968    1294        2006-07-10               15          175
#> 1543        31904     823        2006-09-30               10           93
#> 1544         9088    1256        2005-08-30               10          489
#> 1545        32155     729        2006-01-21                6          345
#> 1546        24126     508        2006-09-06                8          117
#> 1547        16989     566        2005-10-14                7          444
#> 1548        13019     761        2006-10-10               12           83
#> 1549        11641    1062        2006-01-07                9          359
#> 1550        33017     941        2006-08-10               11          144
#> 1551        33210     833        2006-09-07                7          116
#> 1552        30359     663        2005-11-05                7          422
#> 1553        36041    1094        2006-09-02               12          121
#> 1554        35307     949        2006-10-02               12           91
#> 1555        24649     446        2006-04-21                6          255
#> 1556        39980    1494        2006-11-26               14           36
#> 1557         7736    1144        2006-10-02               12           91
#> 1558        15177    1025        2006-12-16               11           16
#> 1559        25192     601        2006-07-14                6          171
#> 1560        10512     940        2006-08-08                8          146
#> 1561        36848     407        2006-04-14                7          262
#> 1562         2847    1401        2006-07-02               14          183
#> 1563         2133    1499        2006-08-13               18          141
#> 1564        10229     758        2005-10-11                9          447
#> 1565        35886     536        2005-10-07                5          451
#> 1566         3095     930        2006-11-27               12           35
#> 1567        21844    1143        2005-12-23               11          374
#> 1568         8727     928        2006-09-02               10          121
#> 1569        37131     537        2006-10-16                7           77
#> 1570        32259     587        2006-03-08                6          299
#> 1571        31584    1010        2006-08-05                9          149
#> 1572        17233    1264        2006-10-20               12           73
#> 1573        25545    1065        2006-08-19                9          135
#> 1574        25306     771        2006-11-05               10           57
#> 1575         5557     497        2006-12-22                5           10
#> 1576        29631     915        2006-10-22                8           71
#> 1577        36499     770        2006-01-21                8          345
#> 1578        10119     746        2006-10-05               11           88
#> 1579         6823    1057        2006-10-08               13           85
#> 1580        14475    1005        2006-04-22               12          254
#> 1581        20293     458        2006-11-05                4           57
#> 1582         6981    1336        2006-09-17               10          106
#> 1583        19703     462        2006-11-26                4           36
#> 1584         1612    1177        2006-10-10               10           83
#> 1585        32170     133        2006-02-25                2          310
#> 1586        31941     546        2006-02-01                6          334
#> 1587        19636    1097        2006-10-06               14           87
#> 1588         8469     961        2006-05-13               10          233
#> 1589        37408     939        2006-12-19                9           13
#> 1590         1589     854        2006-12-20               10           12
#> 1591        24511    1293        2006-08-12               14          142
#> 1592        18104    1608        2006-09-25               14           98
#> 1593        28044     825        2006-05-18                9          228
#> 1594        27218    1424        2006-07-18               14          167
#> 1595        19755     834        2006-07-05               10          180
#> 1596        14941     657        2006-08-14                5          140
#> 1597        28040     589        2005-12-17                8          380
#> 1598         5692    1384        2006-05-18               10          228
#> 1599        39250    1063        2006-12-09               11           23
#> 1600        39404     923        2006-08-22               12          132
#> 1601         7402    1420        2006-11-16               11           46
#> 1602        14264    1851        2006-11-05               18           57
#> 1603        14880     994        2006-09-07               11          116
#> 1604        23778     871        2006-10-15               10           78
#> 1605        14081    1278        2006-08-19               11          135
#> 1606        14505    1351        2006-11-07               11           55
#> 1607        26817     654        2006-07-29                8          156
#> 1608        22914     381        2006-02-17                5          318
#> 1609         8153    1368        2006-07-04               14          181
#> 1610        37079    1517        2006-08-07               12          147
#> 1611        24426     739        2005-06-29                8          551
#> 1612         5618     910        2006-06-07               10          208
#> 1613         5130    1500        2006-08-01               14          153
#> 1614        29181     459        2006-03-11                7          296
#> 1615         7172     578        2006-11-25                9           37
#> 1616        31161    1245        2006-10-03               14           90
#> 1617        20235     770        2006-10-17                9           76
#> 1618        36939    1178        2006-10-24                8           69
#> 1619        14105    1274        2006-09-16               14          107
#> 1620         1164    1665        2006-10-01               15           92
#> 1621        24497    1632        2006-10-04               17           89
#> 1622        18838    1156        2006-12-27               12            5
#> 1623        28524    1028        2006-08-23                9          131
#> 1624        16246    1106        2006-08-22               13          132
#> 1625        10170    1066        2006-07-21                8          164
#> 1626          372    1109        2006-06-02               11          213
#> 1627        26140     601        2006-07-25                8          160
#> 1628        36654     718        2005-10-10                8          448
#> 1629        22550    1309        2006-10-11               11           82
#> 1630        28405    1064        2006-05-22               13          224
#> 1631        36019     312        2006-10-17                4           76
#> 1632        15403     866        2005-11-05                6          422
#> 1633        15317    1232        2006-08-04               10          150
#> 1634        14576    1546        2006-11-22               14           40
#> 1635          963     662        2006-09-03                9          120
#> 1636         9023     948        2006-10-01               10           92
#> 1637        33597     718        2006-03-16                8          291
#> 1638         5987     698        2006-07-04                7          181
#> 1639         5613     529        2006-10-10                6           83
#> 1640         8287     798        2006-07-18                9          167
#> 1641        31870     938        2006-09-30               11           93
#> 1642        39970    1311        2006-09-25               10           98
#> 1643        27374     991        2006-06-11                9          204
#> 1644        13410     999        2006-09-22                9          101
#> 1645        39471     825        2006-11-02               10           60
#> 1646          114    1503        2006-10-13               13           80
#> 1647        39423    1543        2006-06-17               12          198
#> 1648        20269    1295        2006-09-04               15          119
#> 1649         2835     706        2006-09-14               10          109
#> 1650         9082     727        2006-11-18                7           44
#> 1651        21395    1255        2006-10-27               16           66
#> 1652         6648    1400        2006-12-08               18           24
#> 1653        33071     538        2005-06-12                7          568
#> 1654        23885     648        2006-10-07                7           86
#> 1655        16461     483        2006-10-20                5           73
#> 1656        17359    1168        2006-09-06               13          117
#> 1657        15009     843        2006-09-26               11           97
#> 1658        29410     795        2006-12-12               11           20
#> 1659        19081    1062        2006-06-27               12          188
#> 1660         9320    1319        2006-12-29               13            3
#> 1661        31200     171        2005-09-26                3          462
#> 1662        25839    1012        2006-03-21                9          286
#> 1663        18302    1279        2006-11-07               13           55
#> 1664         6994     772        2006-07-19                9          166
#> 1665        14624     951        2006-09-23               11          100
#> 1666         8185    1137        2006-12-12               11           20
#> 1667        38701     970        2006-10-14                9           79
#> 1668         8984    1366        2006-08-24               16          130
#> 1669        31900    1321        2006-08-26               15          128
#> 1670        26118    1410        2006-11-14               12           48
#> 1671        25569    1211        2006-08-06               10          148
#> 1672        25746     821        2006-09-01                9          122
#> 1673        32296    1354        2006-10-26               12           67
#> 1674        30481     942        2006-03-26               10          281
#> 1675        25013     595        2006-09-19                6          104
#> 1676        19767     550        2006-08-01                5          153
#> 1677         9538     544        2006-07-18                7          167
#> 1678         8291    1190        2006-09-25               13           98
#> 1679         7956    1416        2006-11-03               13           59
#> 1680         7283     572        2006-06-27                7          188
#> 1681        15620     907        2005-11-05                9          422
#> 1682        31527    1007        2006-03-26                9          281
#> 1683        37370    1206        2005-09-18               11          470
#> 1684        37600     896        2006-08-20                9          134
#> 1685         3612    1469        2006-12-15               14           17
#> 1686        33043     520        2006-10-02                6           91
#> 1687        32763     645        2006-12-19                8           13
#> 1688        32895     612        2006-11-23                8           39
#> 1689        10722     541        2006-09-21                7          102
#> 1690         1048     809        2006-09-23               10          100
#> 1691        23600     876        2005-12-06                7          391
#> 1692        38707    1680        2006-09-28               14           95
#> 1693         9084    1144        2006-05-22               12          224
#> 1694        17118    1068        2006-11-18               10           44
#> 1695        11603    1478        2006-07-04               13          181
#> 1696        34804     614        2006-09-09                8          114
#> 1697         5941     951        2006-03-25               10          282
#> 1698        17096     795        2006-06-10                8          205
#> 1699         6052     684        2006-11-15                8           47
#> 1700        29954    1370        2006-05-27               13          219
#> 1701         1377    1051        2006-08-31               10          123
#> 1702         6125    1400        2006-05-25               13          221
#> 1703        11265     835        2005-09-22                9          466
#> 1704        35744     878        2006-07-10                8          175
#> 1705        39575     759        2006-08-14                8          140
#> 1706        29511     886        2006-08-10                9          144
#> 1707         9944     487        2006-07-18                6          167
#> 1708         2611     656        2006-08-25               12          129
#> 1709        25144     809        2006-09-30                9           93
#> 1710         7213     739        2006-09-24                6           99
#> 1711        19575    1143        2006-09-25               12           98
#> 1712        30381    1117        2005-11-28               10          399
#> 1713         8586    1025        2006-05-22                9          224
#> 1714        30634    1349        2006-03-01               13          306
#> 1715        22392     825        2006-09-09                9          114
#> 1716        24510     828        2006-04-06                6          270
#> 1717        20851     256        2005-12-11                3          386
#> 1718        14591     918        2006-10-24               10           69
#> 1719        21114     646        2006-01-04                8          362
#> 1720        20952     581        2005-09-15                6          473
#> 1721        10339     897        2005-08-30                6          489
#> 1722        15232    1186        2006-06-22               13          193
#> 1723        18256    1197        2006-09-17               13          106
#> 1724        36651    1320        2006-02-17               12          318
#> 1725        37277     127        2005-12-11                2          386
#> 1726        33771     372        2005-09-28                7          460
#> 1727        12630     769        2006-06-26                9          189
#> 1728        28819     480        2006-11-05                6           57
#> 1729        18136     535        2006-07-19                8          166
#> 1730         1282     738        2006-09-14               10          109
#> 1731        30608    1428        2006-10-06               11           87
#> 1732        12132    1436        2006-01-18               11          348
#> 1733        28891    1036        2006-10-23               11           70
#> 1734        36608     824        2006-07-01                8          184
#> 1735        36680     840        2006-06-22                9          193
#> 1736        21282    1104        2006-10-20               10           73
#> 1737        20661     457        2006-10-03                6           90
#> 1738        11633     797        2006-08-24               11          130
#> 1739        29500    1065        2006-10-26               12           67
#> 1740        26693    1553        2006-11-29               15           33
#> 1741        33138     949        2006-05-31                9          215
#> 1742        39819     945        2005-09-27               11          461
#> 1743        20557    1140        2006-09-21               11          102
#> 1744        17073     853        2006-12-11               10           21
#> 1745        15870     614        2006-06-22                7          193
#> 1746         4901     710        2005-10-13                6          445
#> 1747        37700     969        2005-10-21               10          437
#> 1748        11493     820        2006-05-25                7          221
#> 1749        39798     909        2006-10-31               11           62
#> 1750        18332    1202        2006-09-10               12          113
#> 1751         5445    1310        2006-09-24               12           99
#> 1752        10075     750        2006-07-15                9          170
#> 1753        34166    1181        2006-10-01               10           92
#> 1754        18216     929        2006-02-19               10          316
#> 1755        19499    1130        2006-08-10               13          144
#> 1756        30270    1674        2006-04-10               17          266
#> 1757        27547     847        2006-07-25                7          160
#> 1758        36113     560        2005-11-18                8          409
#> 1759        29225    1159        2005-12-30               11          367
#> 1760        39197    1028        2005-09-28                7          460
#> 1761        34592     535        2006-05-10                8          236
#> 1762         7577    1212        2006-06-24               10          191
#> 1763        21546     193        2006-07-02                3          183
#> 1764        29527     831        2006-06-23                9          192
#> 1765        32126     883        2006-09-28               11           95
#> 1766        13719     779        2006-07-20                8          165
#> 1767         1185    1217        2006-08-16               14          138
#> 1768        31111    1234        2006-07-25               10          160
#> 1769        36312     702        2006-10-27                9           66
#> 1770        29200    1366        2006-09-30               16           93
#> 1771        30134     747        2005-08-15               10          504
#> 1772        21016    1794        2006-07-25               14          160
#> 1773        27733    1233        2006-07-17               13          168
#> 1774         7557    1311        2006-01-06               15          360
#> 1775        15372    1147        2006-10-27               10           66
#> 1776        35277    1146        2006-06-09               10          206
#> 1777        22754     417        2006-07-14                7          171
#> 1778        29539     367        2006-06-22                4          193
#> 1779        27778     912        2006-08-13               13          141
#> 1780        27254     622        2006-05-15                5          231
#> 1781        10714     493        2006-04-15                8          261
#> 1782        18798     519        2005-12-17                7          380
#> 1783        18944     502        2005-12-14                6          383
#> 1784         3846    1327        2006-07-21               12          164
#> 1785        20044    1450        2006-07-04               12          181
#> 1786        33284     743        2006-09-13                7          110
#> 1787        15734    1228        2006-09-19               10          104
#> 1788        22070     521        2006-04-15                8          261
#> 1789         2595     683        2006-06-16                5          199
#> 1790        27301     670        2006-11-02                8           60
#> 1791         7829    1056        2006-09-11               11          112
#> 1792        21557     906        2006-10-13               11           80
#> 1793        23388    1386        2006-10-21               14           72
#> 1794        23980    1328        2006-05-03               12          243
#> 1795        37815     526        2006-10-20                7           73
#> 1796        19011    1202        2006-09-06               10          117
#> 1797        24728    1153        2006-10-18               16           75
#> 1798        15690    1275        2006-11-15               13           47
#> 1799        15540     610        2006-09-02                6          121
#> 1800        38661     891        2006-07-09               11          176
#> 1801        37570    1445        2006-11-14               15           48
#> 1802        12544     282        2006-09-12                6          111
#> 1803        19777    1660        2006-08-27               15          127
#> 1804        28046    1293        2006-07-15               13          170
#> 1805        12177     680        2006-10-14               10           79
#> 1806         1780     940        2006-11-07               10           55
#> 1807        21368    1087        2006-07-05               10          180
#> 1808        27529    1009        2006-06-23                9          192
#> 1809        33327     511        2005-12-22                5          375
#> 1810        18718     666        2006-07-14                8          171
#> 1811        15345    1011        2006-09-21               13          102
#> 1812        34663    1781        2006-10-06               18           87
#> 1813          646     869        2006-12-13               10           19
#> 1814        21913    1203        2006-09-22               10          101
#> 1815        29241     947        2006-09-30               10           93
#> 1816        25903     491        2006-07-01                5          184
#> 1817        39918    1039        2006-08-18               12          136
#> 1818        19673    1504        2006-11-19               14           43
#> 1819         5636    1681        2006-05-04               13          242
#> 1820        26315    1507        2006-11-04               13           58
#> 1821        14854     597        2006-03-18                7          289
#> 1822        28867     626        2006-07-29                5          156
#> 1823        32804     680        2006-06-05                6          210
#> 1824        35894     905        2006-07-23               10          162
#> 1825        13080     905        2006-10-21               13           72
#> 1826          606     597        2006-09-07                8          116
#> 1827        17114     434        2006-12-11                7           21
#> 1828        23001     793        2006-07-04               12          181
#> 1829         5098     896        2006-10-03               11           90
#> 1830        17822    1274        2006-09-11               13          112
#> 1831        39629     707        2006-06-12                9          203
#> 1832         3659    1022        2006-10-19               12           74
#> 1833         2785     792        2006-09-15                8          108
#> 1834        39704     875        2006-12-06                6           26
#> 1835        16495     773        2005-12-02               10          395
#> 1836        16562     506        2006-10-20                9           73
#> 1837        37504    1183        2006-06-13               12          202
#> 1838        20503    1046        2005-07-31               11          519
#> 1839         7865    1032        2006-09-23               10          100
#> 1840        15974    1016        2006-08-10               11          144
#> 1841        11195    1066        2006-06-05                9          210
#> 1842        30054    1516        2006-05-30               14          216
#> 1843        37617    1025        2006-05-13                7          233
#> 1844        23581     405        2005-10-18                6          440
#> 1845        21554    1228        2006-10-05               11           88
#> 1846        36553    1179        2006-10-02               12           91
#> 1847        35430     466        2006-01-16                8          350
#> 1848        39461     669        2006-09-24               10           99
#> 1849        24086     288        2005-06-18                3          562
#> 1850        32398     878        2006-04-24                9          252
#> 1851        37074    1250        2006-12-14               13           18
#> 1852         3555     816        2006-09-12                9          111
#> 1853        13237     731        2006-05-19               10          227
#> 1854        38313    1593        2006-08-03               14          151
#> 1855        35963     903        2006-12-22               10           10
#> 1856        24491    1281        2006-04-15               12          261
#> 1857        13372     684        2006-04-08                8          268
#> 1858        37910     883        2006-04-14                7          262
#> 1859        17898     720        2006-03-13                6          294
#> 1860        12698    1087        2006-07-13               14          172
#> 1861        14431     594        2006-07-15                5          170
#> 1862        19926    1208        2006-11-11               12           51
#> 1863        11333    1146        2005-10-25               11          433
#> 1864        20838    1073        2006-10-14               10           79
#> 1865        28807     729        2006-07-15                8          170
#> 1866        20485     635        2006-05-15                6          231
#> 1867        31557    1619        2006-05-25               12          221
#> 1868         7170    1023        2006-07-25               11          160
#> 1869         7706    1123        2006-07-06               11          179
#> 1870        34164    1061        2005-12-12               10          385
#> 1871        27281    1144        2006-03-23                9          284
#> 1872        37629    1110        2006-01-27               12          339
#> 1873        22715     748        2006-09-20                8          103
#> 1874        21766     576        2006-09-09                5          114
#> 1875         6243     952        2006-10-16               10           77
#> 1876        22179    1434        2006-12-11               13           21
#> 1877        38206     438        2005-08-26                5          493
#> 1878        20998     612        2006-07-01                9          184
#> 1879        32593    1425        2006-01-15               13          351
#> 1880        35396     758        2006-03-20                7          287
#> 1881        16635     629        2006-08-06                7          148
#> 1882        38371    1504        2006-10-06               14           87
#> 1883        11462    1550        2006-06-19               14          196
#> 1884        14773    1524        2006-09-12               16          111
#> 1885        12848    1494        2006-08-04               13          150
#> 1886        38095     864        2006-11-03                9           59
#> 1887        35645     362        2006-07-22                6          163
#> 1888        22736     586        2006-07-25                8          160
#> 1889        25517    1117        2006-10-15               11           78
#> 1890        29411     778        2006-09-20                9          103
#> 1891        33326     166        2006-11-03                2           59
#> 1892        22406     839        2006-05-08               11          238
#> 1893        32255    1454        2006-09-10               11          113
#> 1894        32440    1357        2006-11-03               15           59
#> 1895        37015     794        2006-05-12                8          234
#> 1896        18758    1049        2006-05-22               14          224
#> 1897        16533     648        2006-08-14                8          140
#> 1898        22901    1031        2006-09-17               11          106
#> 1899          671     750        2006-02-26                6          309
#> 1900        20434     502        2005-11-01                7          426
#> 1901        23841     416        2006-10-16                5           77
#> 1902        37194     565        2006-03-12                9          295
#> 1903         3329    1447        2006-07-01               13          184
#> 1904          960    1151        2006-11-12               10           50
#> 1905         3718    1005        2006-10-02                9           91
#> 1906        31661    1776        2006-11-26               15           36
#> 1907          629     899        2006-08-27                9          127
#> 1908         1896     518        2006-01-02                5          364
#> 1909        20675    1438        2006-09-22               15          101
#> 1910        26682     366        2006-05-22                6          224
#> 1911         3004    1373        2006-08-11               12          143
#> 1912        17752     719        2006-05-10                8          236
#> 1913        27491     834        2005-11-24                9          403
#> 1914        27976    1439        2006-10-27               11           66
#> 1915        20080     595        2006-11-22               10           40
#> 1916        27598    1152        2006-03-23               12          284
#> 1917         1902     730        2006-09-24                7           99
#> 1918        23138    1412        2006-08-06                9          148
#> 1919         1666    1256        2006-08-16               16          138
#> 1920        25525     532        2005-09-05                5          483
#> 1921        37529    1557        2006-05-29               12          217
#> 1922        28221     131        2004-09-30                2          823
#> 1923        23411     653        2006-12-06                8           26
#> 1924        16509    1003        2006-07-11                8          174
#> 1925        13794     425        2006-08-08                4          146
#> 1926        39283     805        2005-07-20                8          530
#> 1927        14932     724        2006-03-12                8          295
#> 1928        30154     791        2006-09-30                8           93
#> 1929        21349    1006        2006-06-05               10          210
#> 1930        38002     192        2004-09-18                3          835
#> 1931        10909     832        2006-09-11               10          112
#> 1932        23428     910        2006-11-13                8           49
#> 1933        22190     857        2006-07-10                8          175
#> 1934        38218    1245        2006-03-22               13          285
#> 1935         8058    1953        2006-11-06               17           56
#> 1936         4877     695        2006-07-09               11          176
#> 1937        19523    1163        2006-07-25               12          160
#> 1938        34750    1234        2006-07-06               12          179
#> 1939        19968    1429        2006-08-07               13          147
#> 1940        12216    1406        2006-12-01               12           31
#> 1941        18805    1385        2006-08-21               13          133
#> 1942        27282    1226        2006-05-02               14          244
#> 1943        37966     955        2006-12-30                9            2
#> 1944          808    1021        2006-11-03               12           59
#> 1945        16420     681        2006-07-10                7          175
#> 1946        14177    1005        2006-07-01                9          184
#> 1947        18505     447        2005-08-20                6          499
#> 1948        28954     987        2006-08-24               11          130
#> 1949        21062    1200        2006-06-24               16          191
#> 1950         4509    1270        2006-11-30               10           32
#> 1951        36101     490        2006-09-19                6          104
#> 1952        21491     862        2006-03-21               11          286
#> 1953         3786     346        2005-05-26                3          585
#> 1954        16925     683        2006-08-13                7          141
#> 1955        31593     575        2006-02-18                8          317
#> 1956        21291     642        2006-07-17                9          168
#> 1957        31292     412        2005-07-09                6          541
#> 1958        39641    1743        2006-12-27               19            5
#> 1959        29980     719        2006-10-11                9           82
#> 1960        21457    1138        2006-07-30               10          155
#> 1961        39630    1316        2006-06-11               12          204
#> 1962        13055     757        2006-09-28               12           95
#> 1963        16809     775        2006-08-21                9          133
#> 1964        31525     930        2006-11-27               10           35
#> 1965        11225    1086        2006-06-17               12          198
#> 1966        19874    1466        2006-06-16               14          199
#> 1967         6128     754        2006-10-24                8           69
#> 1968         9608     360        2005-10-30                6          428
#> 1969        29509    1001        2006-08-06               12          148
#> 1970        27628    1106        2006-05-15               12          231
#> 1971         9097    1028        2006-11-20               13           42
#> 1972        21963     701        2006-08-23                9          131
#> 1973        16982     499        2006-09-29                5           94
#> 1974         2495    1148        2006-04-16               10          260
#> 1975        32139     932        2006-09-04                7          119
#> 1976         7020    1002        2006-07-15               10          170
#> 1977        38120     813        2005-09-19               12          469
#> 1978        18090     975        2006-06-13                9          202
#> 1979        25269    1138        2006-11-03                9           59
#> 1980        38094    1981        2006-10-05               19           88
#> 1981         9404     933        2006-08-25                9          129
#> 1982         1256     668        2006-11-09                7           53
#> 1983         8855    1231        2006-05-22               14          224
#> 1984         2407     802        2006-05-12               10          234
#> 1985         8988     923        2006-08-12                9          142
#> 1986        31970     597        2006-10-31                8           62
#> 1987        32167    1391        2006-07-16               14          169
#> 1988        20331     975        2006-11-10               12           52
#> 1989        36572    1588        2005-11-19               13          408
#> 1990        33878    1412        2006-08-26               19          128
#> 1991        23835    1543        2006-05-28               13          218
#> 1992        13587     551        2006-09-10                7          113
#> 1993        13206     488        2006-05-25                8          221
#> 1994        19077     925        2005-12-18                8          379
#> 1995        27420     705        2006-08-20               10          134
#> 1996         8074     504        2006-10-06                8           87
#> 1997        25228     843        2006-11-15                8           47
#> 1998        18730     655        2006-08-07                8          147
#> 1999         9828     690        2005-08-18                9          501
#> 2000         2473     449        2006-01-08                5          358
#> 2001        27329    1033        2005-08-25               13          494
#> 2002         6807     826        2005-10-23                9          435
#> 2003        16145     697        2006-08-21                7          133
#> 2004         4840     467        2006-08-11                9          143
#> 2005        30281    1152        2006-05-10               12          236
#> 2006        34087     762        2006-05-04                8          242
#> 2007        37986     735        2006-11-14                9           48
#> 2008        18931     935        2006-05-17                9          229
#> 2009        34738    1039        2006-09-20               10          103
#> 2010        38905     593        2006-05-17                7          229
#> 2011          379     667        2006-07-11                7          174
#> 2012         5943    1072        2006-12-02                9           30
#> 2013        17614    1423        2006-09-22               13          101
#> 2014        24803     779        2005-10-16                9          442
#> 2015        12545     403        2004-12-18                4          744
#> 2016        26484     509        2006-08-22                7          132
#> 2017        24597    1605        2006-11-27               14           35
#> 2018         1807    1426        2005-09-02               13          486
#> 2019        36617     358        2006-07-05                6          180
#> 2020        36458     716        2005-11-02                8          425
#> 2021        22227    1757        2006-04-13               15          263
#> 2022         9740     575        2005-05-20                7          591
#> 2023         2751    1109        2006-06-20               11          195
#> 2024        32960     589        2006-08-14                9          140
#> 2025        35486     559        2006-12-17                8           15
#> 2026        16755     741        2006-09-16               10          107
#> 2027        25067     919        2006-11-04               10           58
#> 2028        23236     683        2006-03-06                9          301
#> 2029        13832     908        2006-02-06                9          329
#> 2030        32865    1181        2006-10-11               10           82
#> 2031        10591     714        2006-09-22                4          101
#> 2032         4823     636        2006-08-26                8          128
#> 2033         1749     505        2006-02-25                6          310
#> 2034         5932    1160        2006-09-04               16          119
#> 2035        12485     872        2006-07-23                8          162
#> 2036         8950     450        2006-06-26                6          189
#> 2037        27690     310        2006-02-13                5          322
#> 2038        14868    1157        2006-08-19               14          135
#> 2039        35488     422        2006-06-04                8          211
#> 2040        27974    1727        2006-09-09               17          114
#> 2041        38953     699        2005-10-08                8          450
#> 2042        34334    1583        2006-03-16               15          291
#> 2043        33622    1555        2006-11-04               14           58
#> 2044        11190    1126        2006-07-28               10          157
#> 2045         3920     845        2006-08-16               10          138
#> 2046        22891    1411        2006-12-28               11            4
#> 2047        28392     782        2006-02-19                9          316
#> 2048        20696     884        2006-07-02               10          183
#> 2049        36232    1481        2006-10-06               15           87
#> 2050         6718     749        2006-07-25                6          160
#> 2051         2779    1781        2006-10-01               16           92
#> 2052        37259     343        2005-06-15                4          565
#> 2053         1439     443        2006-08-14                5          140
#> 2054        16757    1491        2006-08-05               14          149
#> 2055        26992    1479        2006-08-06               17          148
#> 2056        15526    1032        2006-11-20               10           42
#> 2057        23145     764        2006-10-21                9           72
#> 2058         6009     554        2006-11-09                7           53
#> 2059        18247    1057        2006-07-29               10          156
#> 2060        26700     612        2006-05-07                7          239
#> 2061        22438     678        2006-11-27                9           35
#> 2062         1935     953        2006-06-07               13          208
#> 2063        15820     664        2006-05-28                6          218
#> 2064        33245     671        2006-08-27                6          127
#> 2065        36085    1157        2006-07-18               14          167
#> 2066        35305     487        2006-08-14                7          140
#> 2067        38109     691        2006-10-24                7           69
#> 2068        16722    1063        2006-09-08               12          115
#> 2069        22020     262        2005-12-01                3          396
#> 2070        37915    1508        2006-10-09               13           84
#> 2071         6020    1478        2006-10-27               15           66
#> 2072          706    1397        2006-07-15               13          170
#> 2073        29231     635        2005-10-16                9          442
#> 2074         5041     982        2006-03-13               12          294
#> 2075         2316    1854        2006-11-19               18           43
#> 2076        15650     235        2006-06-05                4          210
#> 2077        34969     812        2006-09-22                9          101
#> 2078        16587     741        2006-12-23               12            9
#> 2079        39054     703        2006-09-08               10          115
#> 2080        17081     977        2006-06-29                9          186
#> 2081        21461    1430        2006-06-05               11          210
#> 2082         8563     708        2005-09-05                6          483
#> 2083         9511     509        2005-06-26                5          554
#> 2084        14663    1376        2006-10-28               17           65
#> 2085        31118     731        2006-10-10                7           83
#> 2086         4602     564        2006-09-05                5          118
#> 2087         3750    1056        2006-02-24               14          311
#> 2088         5059     823        2006-06-02               10          213
#> 2089        22111    1197        2006-12-23               13            9
#> 2090          841     808        2006-10-14                7           79
#> 2091         4484     749        2006-06-04                9          211
#> 2092        37573    1121        2006-10-19               12           74
#> 2093         4242     785        2006-07-11                7          174
#> 2094        35045     768        2006-07-10                9          175
#> 2095        11483     981        2006-05-09               11          237
#> 2096          185     900        2006-10-01                8           92
#> 2097         4300     969        2005-12-03               10          394
#> 2098        22536    1794        2006-08-09               18          145
#> 2099        10370    1604        2006-05-23               16          223
#> 2100        19470    1274        2006-09-07               14          116
#> 2101        12259     884        2006-10-21                8           72
#> 2102        22050    1012        2006-10-01                8           92
#> 2103        22992     644        2005-09-19                6          469
#> 2104        27987    1462        2006-09-21               16          102
#> 2105        29554     506        2006-11-01               10           61
#> 2106        21355     523        2006-11-01                7           61
#> 2107         2900     446        2006-07-17                5          168
#> 2108        28311     933        2006-12-16               12           16
#> 2109        18109     388        2006-08-24                7          130
#> 2110        35898    1199        2006-07-30               10          155
#> 2111        15956     684        2005-06-15                7          565
#> 2112        38082     767        2006-02-11                9          324
#> 2113        32696     668        2006-04-06               11          270
#> 2114        13631    1100        2006-08-21               12          133
#> 2115         4630     698        2006-06-18                7          197
#> 2116        20688     516        2006-11-02                7           60
#> 2117        23367     445        2006-05-16                8          230
#> 2118         6915     829        2006-06-13               10          202
#> 2119        19021     643        2006-11-30                7           32
#> 2120        10852    1092        2006-07-17                9          168
#> 2121        20752    1086        2006-09-23                7          100
#> 2122        29695     449        2006-05-24                8          222
#> 2123        34823    1072        2006-02-13                9          322
#> 2124        35684    1260        2006-07-03               12          182
#> 2125          505    1289        2006-04-15               14          261
#> 2126        29579     898        2006-07-24               11          161
#> 2127         9928     739        2006-10-02                8           91
#> 2128        14770     459        2006-08-28                6          126
#> 2129         4144    1316        2006-04-13               13          263
#> 2130        33983     939        2006-05-15                7          231
#> 2131         1671     645        2006-01-20                7          346
#> 2132         5826    1129        2006-07-14               12          171
#> 2133        34713     840        2006-07-28               10          157
#> 2134         3628     930        2006-07-04                9          181
#> 2135        17571     747        2006-08-01               10          153
#> 2136         1146    1197        2006-09-08               13          115
#> 2137         8246     681        2006-06-01                8          214
#> 2138        34805    1087        2006-12-03               10           29
#> 2139        15865    1285        2006-09-16               11          107
#> 2140        38986     410        2006-08-27                5          127
#> 2141        20290    1270        2006-08-07               11          147
#> 2142        34465     858        2006-08-10               10          144
#> 2143        18937     968        2006-04-23               12          253
#> 2144        11351     747        2006-08-04                8          150
#> 2145        12063     992        2006-12-21               11           11
#> 2146        37192     853        2006-11-16               11           46
#> 2147        21916     510        2006-07-21                5          164
#> 2148        32465     950        2006-08-26               11          128
#> 2149        17819     985        2005-12-15               11          382
#> 2150         5782    1148        2006-05-27               10          219
#> 2151        21100    1323        2006-07-20               10          165
#> 2152        30716     847        2006-04-18                8          258
#> 2153        12554     505        2005-08-20                5          499
#> 2154        34208    1145        2006-07-27               11          158
#> 2155        11643     265        2005-12-24                3          373
#> 2156        34150    1056        2006-06-03               13          212
#> 2157        20747     758        2006-02-15                7          320
#> 2158        26258     654        2006-06-10                6          205
#> 2159        28145    1231        2006-11-20               16           42
#> 2160        17763     712        2006-07-09               10          176
#> 2161        20156     574        2006-08-27                7          127
#> 2162        34197     812        2006-01-14                7          352
#> 2163        25677     216        2006-03-07                4          300
#> 2164        20867     444        2006-09-09                7          114
#> 2165        34127     493        2006-06-14                6          201
#> 2166        36967     597        2006-10-23                8           70
#> 2167        14315     803        2006-11-06                8           56
#> 2168        26918    1584        2006-07-26               13          159
#> 2169        30999     446        2006-12-20                6           12
#> 2170         7654     666        2005-08-22                9          497
#> 2171        11436     854        2006-04-05                9          271
#> 2172        21575     656        2005-09-04                5          484
#> 2173         8372     652        2006-03-21                7          286
#> 2174         2380     819        2006-06-29                9          186
#> 2175         3323    1884        2006-06-15               17          200
#> 2176        39849    1003        2005-10-04               12          454
#> 2177        20903     944        2006-09-06                9          117
#> 2178         4488     905        2006-07-22               10          163
#> 2179        19982     705        2005-06-13               11          567
#> 2180        13545    1283        2006-11-16               11           46
#> 2181        29234    1378        2006-07-16               14          169
#> 2182        15135    1176        2006-11-14               10           48
#> 2183        29614    1200        2006-10-10               12           83
#> 2184        28853    1102        2006-07-06               12          179
#> 2185         9801    1410        2006-06-20               13          195
#> 2186         3214    1201        2006-11-07               11           55
#> 2187        29165    1053        2006-12-15               11           17
#> 2188        14125     675        2006-09-24               13           99
#> 2189        22451     920        2006-09-29               13           94
#> 2190         2759     760        2005-10-28                9          430
#> 2191         2520     791        2006-08-13                9          141
#> 2192        17416     956        2006-06-06               10          209
#> 2193         5025     760        2006-12-15                7           17
#> 2194        24220     791        2006-02-27                9          308
#> 2195         9322     821        2006-07-22                9          163
#> 2196        29929     227        2006-08-29                4          125
#> 2197         2720    1244        2006-08-29               12          125
#> 2198        36369     791        2006-09-09                8          114
#> 2199        22661    1181        2006-06-28               11          187
#> 2200        17373    1193        2005-10-24                9          434
#> 2201        17657    1571        2006-11-09               13           53
#> 2202         8909     853        2006-02-24                8          311
#> 2203        32549     452        2005-10-12                5          446
#> 2204        21289    1708        2006-09-09               19          114
#> 2205        37448    1103        2006-05-12               15          234
#> 2206        20615     747        2006-05-17                7          229
#> 2207        36039     947        2006-05-20                9          226
#> 2208          313    1255        2006-08-17               12          137
#> 2209        22954     700        2005-08-30                5          489
#> 2210        18694    1379        2006-07-28               14          157
#> 2211        29351     845        2006-09-07               12          116
#> 2212        37992    1331        2006-10-21               12           72
#> 2213        34345     818        2006-11-12               10           50
#> 2214        29182    1128        2006-12-28               12            4
#> 2215        36670     818        2006-10-16                9           77
#> 2216        19321     700        2006-11-26                8           36
#> 2217        24060     730        2006-07-22                9          163
#> 2218        12395     700        2006-11-10                7           52
#> 2219         2142     793        2006-07-29               10          156
#> 2220        33433    1046        2006-10-18               10           75
#> 2221        11650     893        2006-07-22               13          163
#> 2222         1266     856        2006-11-16                8           46
#> 2223        30032    1459        2006-11-19               15           43
#> 2224         6927     622        2006-07-08                7          177
#> 2225        28588    1034        2006-11-07               11           55
#> 2226        28538    1249        2006-07-28               16          157
#> 2227         4025     824        2006-09-22               10          101
#> 2228        30638     538        2006-10-29                5           64
#> 2229         8028     538        2006-02-18                8          317
#> 2230         6002    1004        2006-09-04               12          119
#> 2231        39804    1121        2006-11-13               11           49
#> 2232         6537     555        2005-12-02                8          395
#> 2233        13030     438        2006-06-26                6          189
#> 2234        27785    1132        2006-10-14               13           79
#> 2235        12397     723        2006-09-01                8          122
#> 2236        38865     577        2005-08-10                7          509
#> 2237          106    1226        2006-08-18               10          136
#> 2238        11865    1201        2006-04-07               11          269
#> 2239        25847     705        2006-10-21               10           72
#> 2240        15867     803        2005-09-15                9          473
#> 2241        23100     562        2006-08-27                5          127
#> 2242        28865    1203        2006-12-29               15            3
#> 2243        14153    1262        2006-07-24               13          161
#> 2244        16190     680        2005-09-21                6          467
#> 2245        22732     209        2006-01-16                6          350
#> 2246        39032     547        2006-04-21                6          255
#> 2247         8612     605        2006-11-27                8           35
#> 2248         1170     871        2006-09-17               11          106
#> 2249        26411    1358        2006-10-12               14           81
#> 2250        22830    1067        2006-06-16                9          199
#> 2251        22828    1064        2006-07-27               13          158
#> 2252        11970    1381        2006-09-12               13          111
#> 2253         8384     664        2006-07-09                6          176
#> 2254        11099    1081        2006-07-06               11          179
#> 2255         2639     739        2006-07-14               12          171
#> 2256         4844     579        2006-12-06                8           26
#> 2257        20804     760        2006-06-21                7          194
#> 2258        29514    1151        2006-11-18                9           44
#> 2259         1646     755        2006-06-03                9          212
#> 2260        14692    1120        2006-10-02               13           91
#> 2261         8940     882        2006-06-29               10          186
#> 2262        32348     868        2006-09-02                9          121
#> 2263        29752     791        2006-08-01               10          153
#> 2264        30454    1226        2006-09-11               12          112
#> 2265         5027     559        2006-05-17                6          229
#> 2266        13573    1156        2006-11-09               14           53
#> 2267         2096    1017        2006-07-27               10          158
#> 2268         7028     842        2006-09-10               13          113
#> 2269         4670    1394        2006-03-21               12          286
#> 2270        25561    1217        2006-08-30               12          124
#> 2271        23735     479        2005-11-26                7          401
#> 2272        21852     630        2006-05-22                8          224
#> 2273        23961     780        2006-07-06                8          179
#> 2274        31323     442        2006-10-20                6           73
#> 2275        34096    1036        2005-09-03               10          485
#> 2276        39198    1296        2006-07-09               12          176
#> 2277        29913     986        2006-10-03                9           90
#> 2278        30755     999        2006-11-14               11           48
#> 2279        24988    1096        2006-09-27                8           96
#> 2280        36081     945        2006-09-13                8          110
#> 2281        34815     904        2006-08-06                9          148
#> 2282         8364     242        2005-09-17                4          471
#> 2283        24490    1377        2006-11-21               12           41
#> 2284        16191     316        2005-02-01                5          699
#> 2285        36179     460        2006-07-09                9          176
#> 2286        30615     558        2006-08-16                6          138
#> 2287        38853    1868        2006-12-04               18           28
#> 2288        20530     848        2005-08-31               11          488
#> 2289        13747     773        2006-11-11               10           51
#> 2290         8873     931        2006-11-02               12           60
#> 2291         6590    1620        2006-12-16               15           16
#> 2292        39589     632        2005-08-23               10          496
#> 2293         8092     961        2006-05-13               10          233
#> 2294         1784     639        2006-06-02                7          213
#> 2295        19511     704        2006-12-17               13           15
#> 2296        25621     866        2006-12-24                6            8
#> 2297        10464     847        2006-07-28               10          157
#> 2298        16144    1471        2006-01-22               17          344
#> 2299        35350    1175        2006-08-08               13          146
#> 2300        21240     699        2006-02-24                6          311
#> 2301        20028    1020        2006-07-18               11          167
#> 2302        19370    1170        2006-09-15                8          108
#> 2303        36962     690        2006-08-14                7          140
#> 2304        26864    1410        2006-08-30               11          124
#> 2305        26914     919        2006-08-26               10          128
#> 2306        11186     699        2006-08-10                9          144
#> 2307        38101     675        2006-03-09                7          298
#> 2308        25910     707        2006-06-30                7          185
#> 2309         2529    1479        2006-09-21               15          102
#> 2310        10779    1324        2006-11-09               12           53
#> 2311        27309     813        2006-10-12                7           81
#> 2312         1624     979        2006-11-22               11           40
#> 2313         4942     989        2006-11-26                9           36
#> 2314         7434     236        2006-07-17                5          168
#> 2315         5677     546        2006-05-03                6          243
#> 2316        24169     566        2005-10-31                7          427
#> 2317         9912     554        2006-09-22                9          101
#> 2318          536    1026        2006-09-10               12          113
#> 2319         6500     736        2006-04-21                8          255
#> 2320        35038     651        2005-07-20                5          530
#> 2321        39386     965        2006-07-16               12          169
#> 2322        20131     917        2006-12-09                8           23
#> 2323        32136    1411        2006-11-30               16           32
#> 2324         5063    1006        2006-05-13               13          233
#> 2325        27713    1269        2006-12-10               12           22
#> 2326        23840    1632        2006-06-18               14          197
#> 2327        24009     720        2006-08-30                8          124
#> 2328        18127     317        2006-08-27                5          127
#> 2329          838     850        2006-11-11               12           51
#> 2330         2403     770        2006-08-17                6          137
#> 2331        20439     737        2005-08-20                6          499
#> 2332        15020     722        2006-06-30                9          185
#> 2333        27852    1225        2006-07-01               14          184
#> 2334         2879     908        2006-03-18                8          289
#> 2335        33835     715        2006-07-16                7          169
#> 2336         7061     484        2005-12-26                6          371
#> 2337        34528     717        2006-08-11                8          143
#> 2338        19897     713        2006-06-24                8          191
#> 2339        25996    1475        2006-06-30               16          185
#> 2340        34491     740        2006-06-28                6          187
#> 2341        30193    1218        2006-10-11               14           82
#> 2342        13399    1102        2006-04-18               12          258
#> 2343        25546     823        2005-11-09                8          418
#> 2344        31739     997        2006-11-26               10           36
#> 2345        34232    1466        2006-07-30               12          155
#> 2346        16777     402        2005-09-08                3          480
#> 2347        31098    1316        2006-12-05               13           27
#> 2348        13886    1560        2006-09-05               13          118
#> 2349         2533     893        2006-02-13                7          322
#> 2350        14794    1405        2006-10-15               16           78
#> 2351        30256     574        2006-12-28                7            4
#> 2352        22807     940        2006-09-09                9          114
#> 2353        10360     652        2006-08-27                6          127
#> 2354        27828     860        2006-08-05               12          149
#> 2355        32705    1476        2006-09-28               17           95
#> 2356        39308     635        2006-06-29                9          186
#> 2357        26645    1081        2005-10-25               12          433
#> 2358        29434     675        2006-12-17                9           15
#> 2359        10884    1038        2005-12-19                9          378
#> 2360        15216    1640        2006-07-30               15          155
#> 2361         1970     446        2005-11-12                6          415
#> 2362        23899     467        2006-09-07                6          116
#> 2363        24492     961        2005-07-21                9          529
#> 2364        24092    1079        2006-09-09               17          114
#> 2365          978    1225        2006-06-09               12          206
#> 2366        30348     662        2006-07-01                7          184
#> 2367        32504     248        2006-05-24                3          222
#> 2368        11212    1020        2006-08-27               10          127
#> 2369        39532    1304        2006-12-26               14            6
#> 2370        31534     877        2006-07-19                9          166
#> 2371         7470     851        2006-06-14                8          201
#> 2372        32302     799        2006-10-23               12           70
#> 2373        21603     781        2006-09-30                7           93
#> 2374        23356     766        2005-09-16                9          472
#> 2375        36859     984        2005-11-15               11          412
#> 2376        21721    1024        2006-03-27                9          280
#> 2377         6901     789        2006-07-18               12          167
#> 2378        13283     705        2005-11-06                7          421
#> 2379         3189     662        2005-11-20                8          407
#> 2380         7655     219        2005-04-20                5          621
#> 2381        38326     458        2006-07-20                6          165
#> 2382        22690    1051        2005-12-06                9          391
#> 2383        35274    1394        2006-11-16               10           46
#> 2384        11142     896        2006-12-29               12            3
#> 2385        30987    1781        2006-12-11               19           21
#> 2386        12382    1075        2005-05-24                8          587
#> 2387        21683     949        2006-04-24               10          252
#> 2388         7035    1354        2006-10-31               11           62
#> 2389        10698     418        2005-12-15                7          382
#> 2390         8497     805        2006-01-31               11          335
#> 2391        14752     865        2006-06-02               10          213
#> 2392        18523     718        2006-05-24                9          222
#> 2393        25587     751        2006-11-16                7           46
#> 2394        10341     648        2006-01-08                5          358
#> 2395        16876     461        2006-08-23                7          131
#> 2396         7086    1231        2006-01-08               11          358
#> 2397        12362    1431        2006-05-01               14          245
#> 2398        10407    1509        2006-09-30               15           93
#> 2399        16018    1013        2006-08-11                8          143
#> 2400         8662    1097        2006-10-06               12           87
#> 2401        18827     828        2006-10-14               12           79
#> 2402        34903     980        2006-12-06               10           26
#> 2403        37761     985        2006-10-01               11           92
#> 2404        19850     648        2006-01-27                8          339
#> 2405         9482    1266        2006-10-11               13           82
#> 2406        33012    1120        2006-08-24               12          130
#> 2407         4231    1340        2005-12-23               12          374
#> 2408        39482     523        2006-10-06                8           87
#> 2409        13758    1268        2006-10-29               14           64
#> 2410        14092    1411        2006-09-19               16          104
#> 2411        38587    1075        2006-08-25               11          129
#> 2412         6374    1572        2006-10-31               14           62
#> 2413        27305    1113        2006-12-07               14           25
#> 2414         8640    2383        2006-12-20               22           12
#> 2415        35101     815        2006-09-23               10          100
#> 2416        31521     891        2006-05-14               11          232
#> 2417        36549    1070        2005-12-25               12          372
#> 2418        17704    1054        2006-09-18                8          105
#> 2419        39106     621        2006-11-18                8           44
#> 2420        31968    1036        2006-08-17               13          137
#> 2421         3206     914        2006-09-16                8          107
#> 2422         1631    1068        2006-04-26               10          250
#> 2423        12307     923        2006-03-14                8          293
#> 2424        31717    1172        2006-06-29               11          186
#> 2425        32565     495        2006-10-21                8           72
#> 2426        33076     684        2006-09-19                8          104
#> 2427        23643     278        2005-11-13                4          414
#> 2428         1897     737        2006-10-23                7           70
#> 2429        21476     979        2006-12-11                9           21
#> 2430         3130     957        2006-08-24               13          130
#> 2431        14553     842        2006-06-09               10          206
#> 2432        25213    1187        2006-09-27               10           96
#> 2433        21885     807        2006-09-10                9          113
#> 2434        33270     531        2005-08-18                8          501
#> 2435         1866     960        2006-11-14                8           48
#> 2436        27163     614        2006-03-24                7          283
#> 2437        16586    1601        2006-11-27               14           35
#> 2438        11934     502        2006-11-27                7           35
#> 2439        35872     688        2006-05-22                8          224
#> 2440        29828     170        2006-04-23                4          253
#> 2441        36381     721        2006-10-20                7           73
#> 2442        11595     412        2006-10-12                4           81
#> 2443        35322    1533        2005-09-29               16          459
#> 2444        13094     904        2006-08-21                9          133
#> 2445         7756     777        2006-08-23                9          131
#> 2446        38244     922        2006-09-21                9          102
#> 2447        17697     758        2006-03-22                9          285
#> 2448         2416     756        2006-11-28               10           34
#> 2449         1360     808        2005-09-15                8          473
#> 2450         1108     688        2006-08-29                7          125
#> 2451        20942     468        2006-06-03                6          212
#> 2452        34141    1512        2006-08-18               12          136
#> 2453        30267     975        2006-08-23                9          131
#> 2454        33830    1293        2006-07-11               12          174
#> 2455         3068     661        2005-10-07                6          451
#> 2456        19062     834        2006-07-28               10          157
#> 2457        30953    1021        2006-06-06               10          209
#> 2458        13106     394        2005-07-27                5          523
#> 2459        16764    1225        2005-10-20               13          438
#> 2460         7274     506        2006-10-06                6           87
#> 2461        39546    1098        2006-12-09               11           23
#> 2462        28264     744        2006-07-04                7          181
#> 2463        28198     924        2006-08-19               12          135
#> 2464        15568     974        2006-05-04               10          242
#> 2465        29298     732        2006-10-09                8           84
#> 2466        21116     784        2006-09-11                9          112
#> 2467        10347    1148        2006-09-24               12           99
#> 2468        28747     805        2006-10-16               11           77
#> 2469         8981    1404        2006-06-17               14          198
#> 2470        14130    1175        2006-08-03               10          151
#> 2471        28558     123        2005-06-11                2          569
#> 2472        15856    1283        2006-12-21               12           11
#> 2473         7217    1480        2006-12-18               17           14
#> 2474        35654     106        2006-06-15                3          200
#> 2475        19318     886        2006-12-20               12           12
#> 2476        21017     528        2005-08-06                7          513
#> 2477         3278     972        2006-07-12                7          173
#> 2478         5071     807        2006-12-20                7           12
#> 2479        22915    1314        2006-08-27               12          127
#> 2480        37748     674        2006-11-02                7           60
#> 2481        31761     945        2006-09-17               10          106
#> 2482        35605    1328        2006-11-10               12           52
#> 2483        33975     997        2006-08-02               10          152
#> 2484         9116     816        2006-07-26               10          159
#> 2485        13784     931        2006-06-02               10          213
#> 2486         1597    1279        2006-11-23               11           39
#> 2487        28180     721        2006-09-12                8          111
#> 2488         5795    1348        2006-09-17               15          106
#> 2489         8098     911        2006-07-28               11          157
#> 2490        12562     774        2006-08-23                8          131
#> 2491        16651     357        2006-11-03                7           59
#> 2492        39475     279        2005-12-28                3          369
#> 2493        10320     848        2006-11-23                9           39
#> 2494         8091     354        2006-09-02                6          121
#> 2495        19227    1283        2006-09-18               11          105
#> 2496        16630     683        2006-07-21                5          164
#> 2497        24928     846        2006-06-27                8          188
#> 2498         3580    1599        2006-07-27               13          158
#> 2499        14778    1072        2006-07-05                9          180
#> 2500        18355    1213        2006-12-10               16           22
#> 2501         5134    1339        2006-07-14               11          171
#> 2502        11562     784        2006-11-19                8           43
#> 2503        26243    1429        2006-07-24               13          161
#> 2504        27324    1384        2006-09-30               15           93
#> 2505        37639     739        2006-09-28                9           95
#> 2506        17150     778        2005-10-28                7          430
#> 2507        20666    1014        2006-07-18               11          167
#> 2508         9086     971        2006-12-26               10            6
#> 2509         5878     748        2006-06-14               11          201
#> 2510        39994     514        2005-09-05                4          483
#> 2511        30942     782        2006-08-07                9          147
#> 2512        20955     620        2006-12-11                8           21
#> 2513        23739     791        2006-10-04                9           89
#> 2514        38564     860        2006-12-03               11           29
#> 2515        25932     994        2006-08-31               15          123
#> 2516        38282    1043        2006-12-22               11           10
#> 2517        31790    1024        2006-08-02               11          152
#> 2518         4524     545        2006-06-12                9          203
#> 2519        22741     922        2006-04-20                9          256
#> 2520        23775    1180        2006-08-26               11          128
#> 2521        12478     615        2006-09-07                6          116
#> 2522         5512     266        2005-07-18                5          532
#> 2523        32475    1222        2006-03-04               11          303
#> 2524         2110     862        2006-04-28                8          248
#> 2525        27075    1469        2006-12-11               16           21
#> 2526        14946     378        2004-06-17                3          928
#> 2527         2642     690        2006-10-20                9           73
#> 2528        28485     600        2006-07-29               10          156
#> 2529         5160    1390        2006-08-22               16          132
#> 2530        25776    1451        2006-11-12               14           50
#> 2531        10087    1137        2006-06-23               15          192
#> 2532        14047    1082        2006-11-29               10           33
#> 2533        30374     848        2006-12-06                8           26
#> 2534        32337     239        2006-06-03                4          212
#> 2535        32419    1425        2006-06-19               11          196
#> 2536        13742     816        2006-02-06               10          329
#> 2537         7608    1305        2006-05-05               14          241
#> 2538        33085    1563        2005-11-19               14          408
#> 2539         9890     946        2005-10-10                8          448
#> 2540        19168    1317        2006-12-13               14           19
#> 2541        18049    1209        2006-01-11               13          355
#> 2542         5301     708        2006-08-21                7          133
#> 2543         7700     894        2006-06-18                8          197
#> 2544        19714     992        2006-09-03                9          120
#> 2545        26642     848        2006-12-17               13           15
#> 2546        16008     522        2005-07-22                7          528
#> 2547         3876    1451        2006-10-01               16           92
#> 2548         5183     654        2006-05-15                7          231
#> 2549        28913     942        2006-07-30                9          155
#> 2550        18202     523        2006-12-11                7           21
#> 2551        12160     399        2005-07-13                7          537
#> 2552        38293     934        2006-09-25               11           98
#> 2553         7194     719        2006-03-26                9          281
#> 2554        36090    1181        2006-11-15                9           47
#> 2555        33621     772        2006-02-03                7          332
#> 2556        18180    1864        2006-01-06               15          360
#> 2557        23525     364        2006-09-25                5           98
#> 2558        26587     539        2006-06-29                6          186
#> 2559         8861     582        2006-11-20                6           42
#> 2560        22099     833        2006-06-26                9          189
#> 2561         4194    1508        2006-10-16               13           77
#> 2562        35351    1549        2006-09-06               13          117
#> 2563        10790     861        2006-05-01               10          245
#> 2564        37726     576        2006-09-14                9          109
#> 2565        28426     455        2006-07-13               10          172
#> 2566        27095     945        2006-07-02               11          183
#> 2567         1112     871        2005-11-22                8          405
#> 2568         7710     877        2006-11-02                8           60
#> 2569        38072     812        2006-03-03               10          304
#> 2570        12658     729        2006-07-01               12          184
#> 2571         1609    1206        2006-10-04               15           89
#> 2572        13484    1731        2006-08-17               14          137
#> 2573        28045     944        2006-08-18               10          136
#> 2574        25299     921        2006-05-10                9          236
#> 2575        27848    1629        2006-11-24               18           38
#> 2576        17325     743        2006-06-14               10          201
#> 2577         5110    1060        2006-06-01               10          214
#> 2578        28836    1928        2006-12-02               15           30
#> 2579        25951     487        2006-08-02                8          152
#> 2580        20059     929        2006-10-06                8           87
#> 2581        10131    1226        2006-08-12               14          142
#> 2582        12918     728        2006-11-18                7           44
#> 2583        18478    1223        2006-09-17               15          106
#> 2584        27654    1069        2006-09-19               10          104
#> 2585        24780     829        2006-07-02               11          183
#> 2586         9209    1003        2006-04-13                8          263
#> 2587        35201     795        2006-09-03                9          120
#> 2588        33777     823        2006-10-16               11           77
#> 2589        14502     791        2006-10-12               10           81
#> 2590         6694    1305        2006-11-15               11           47
#> 2591        23171     616        2005-09-14                6          474
#> 2592        18467     994        2006-07-26                9          159
#> 2593        25059    1126        2006-07-28               12          157
#> 2594         3567    1125        2006-08-31               12          123
#> 2595         7247    1227        2006-11-18               11           44
#> 2596         6201     877        2006-07-21               12          164
#> 2597        20360     533        2006-10-11                7           82
#> 2598        37419     442        2006-03-16                6          291
#> 2599        17121     623        2006-06-05                8          210
#> 2600         5661     695        2006-10-12                8           81
#> 2601         6760     948        2006-07-01               12          184
#> 2602        12720     745        2006-09-03                9          120
#> 2603         2273    1046        2006-09-27                9           96
#> 2604          459    1298        2006-10-12               14           81
#> 2605        16772     874        2006-08-16               10          138
#> 2606        38655    1084        2006-07-22               11          163
#> 2607        33509     555        2006-06-10                6          205
#> 2608        39852     752        2005-05-16                8          595
#> 2609        38200     360        2006-06-16                6          199
#> 2610        35296     839        2006-08-03                9          151
#> 2611        18080    1032        2006-08-21               11          133
#> 2612        27513    1230        2006-10-07               11           86
#> 2613         1616    1529        2006-07-21               16          164
#> 2614        12659    1323        2006-09-01               13          122
#> 2615        18957     384        2006-06-11                6          204
#> 2616        15914    1204        2006-09-12               10          111
#> 2617        35653     755        2006-07-17               12          168
#> 2618        17317    1424        2006-10-05               14           88
#> 2619        35251     466        2006-09-23                6          100
#> 2620         4220     750        2006-11-10                7           52
#> 2621        32070    1222        2006-06-30               11          185
#> 2622         2186     812        2006-10-20               12           73
#> 2623         7857    1185        2005-11-09               11          418
#> 2624         8826     684        2006-06-19                8          196
#> 2625        10279    1510        2006-09-03               12          120
#> 2626        37304     511        2006-06-12                5          203
#> 2627         1665     737        2006-08-03                8          151
#> 2628        33692     863        2005-08-18                6          501
#> 2629        27222     874        2006-11-26               11           36
#> 2630        29333     963        2006-11-05               11           57
#> 2631        28994     806        2005-11-30                8          397
#> 2632         4366     925        2006-10-14               11           79
#> 2633         2681    1201        2006-10-21               15           72
#> 2634        27240    1021        2006-07-13               10          172
#> 2635        33861     380        2005-11-28                4          399
#> 2636         1851    1199        2006-11-02               11           60
#> 2637         1092     962        2006-08-09               10          145
#> 2638        13858     303        2006-05-08                4          238
#> 2639        30251     895        2006-01-11                9          355
#> 2640        23219     974        2006-10-02                9           91
#> 2641        34228    1313        2006-05-06               14          240
#> 2642        34264     977        2006-09-14               14          109
#> 2643         1002     950        2006-07-07               12          178
#> 2644         9224     897        2006-11-27               11           35
#> 2645        18572    1215        2006-06-19               16          196
#> 2646        19997    1160        2006-10-10               11           83
#> 2647        39752    1321        2006-09-01               12          122
#> 2648         3889     666        2006-05-02                7          244
#> 2649        38468     933        2006-07-06               10          179
#> 2650         9427     735        2005-09-11               10          477
#> 2651        27446     476        2005-05-21                7          590
#> 2652        37656     636        2006-11-14               11           48
#> 2653        15776     865        2006-07-29                9          156
#> 2654        24152     996        2006-12-27               11            5
#> 2655        22549     303        2006-04-03                5          273
#> 2656          266     766        2006-09-11               10          112
#> 2657        39828     374        2006-09-02                5          121
#> 2658        22223    1188        2006-11-14               12           48
#> 2659        36509    1257        2006-06-30               10          185
#> 2660        24598     484        2006-08-16                8          138
#> 2661        16877     932        2006-05-31               11          215
#> 2662        33113    1378        2006-10-06               14           87
#> 2663         7708    1144        2005-11-04               13          423
#> 2664        22383     661        2006-12-21                7           11
#> 2665        13353     536        2006-10-08                7           85
#> 2666        22991    1088        2006-10-17               13           76
#> 2667        13716    1090        2006-08-19               13          135
#> 2668        11356     901        2006-11-09                9           53
#> 2669        32962     658        2006-12-28                7            4
#> 2670        11000    1456        2006-08-25               12          129
#> 2671        29905     657        2006-07-25                8          160
#> 2672        22982     800        2006-01-05               10          361
#> 2673        34543     727        2006-08-19                7          135
#> 2674        15724    1488        2006-07-10               17          175
#> 2675        37714    1002        2006-09-05               10          118
#> 2676        38820     604        2006-04-15                6          261
#> 2677        16337    1378        2006-09-19               12          104
#> 2678        17246    1570        2006-09-25               13           98
#> 2679        23275    2102        2006-07-22               18          163
#> 2680        21136    1027        2006-07-25                9          160
#> 2681        20087    1086        2006-10-15               10           78
#> 2682        35909    1430        2006-02-10               13          325
#> 2683        34434    1398        2006-09-12               15          111
#> 2684         4492    1694        2006-11-26               15           36
#> 2685         8800    1229        2006-04-20               11          256
#> 2686        19983     986        2006-07-21                9          164
#> 2687        36890    1025        2006-08-12               11          142
#> 2688          694    1343        2006-10-30               15           63
#> 2689        16244     876        2006-08-30               10          124
#> 2690         8221     496        2006-11-02                7           60
#> 2691          864    1126        2006-02-15               12          320
#> 2692        26789     544        2005-09-12                5          476
#> 2693        37103    1129        2006-11-06               11           56
#> 2694         4691    1214        2006-10-28               12           65
#> 2695        10004    1214        2005-12-03               14          394
#> 2696        11145     828        2006-09-10               10          113
#> 2697        28256    1219        2006-09-01                9          122
#> 2698        13345    1222        2006-06-20               15          195
#> 2699         9543     790        2006-09-29                9           94
#> 2700         4686     856        2006-08-08                9          146
#> 2701        35273    1269        2006-07-10               14          175
#> 2702        37649     707        2006-10-26                6           67
#> 2703        37308     929        2006-05-13                8          233
#> 2704        29445     994        2006-10-20               11           73
#> 2705        19618    1089        2006-04-16               12          260
#> 2706         3160    1576        2006-11-13               14           49
#> 2707         4855    1218        2006-08-09               12          145
#> 2708        31828     911        2006-08-02                7          152
#> 2709         6841     641        2006-07-03                7          182
#> 2710        21030     770        2006-04-22               12          254
#> 2711        39490     825        2005-10-11                7          447
#> 2712        37253     908        2005-09-09                8          479
#> 2713        11706     598        2006-02-22                8          313
#> 2714        31733     945        2006-03-19                9          288
#> 2715        27829    1207        2005-10-21               12          437
#> 2716         2048     812        2006-11-16                8           46
#> 2717         6356     551        2006-10-16                6           77
#> 2718        39835     966        2006-09-14                8          109
#> 2719         1614    1287        2006-09-21               17          102
#> 2720        38508    1360        2006-11-22               11           40
#> 2721        34907    1179        2006-11-02                8           60
#> 2722        19856    1034        2006-09-30               12           93
#> 2723        25622     985        2006-07-10                9          175
#> 2724        36716     964        2006-10-11                9           82
#> 2725        31164    1034        2006-06-06               10          209
#> 2726        22935     940        2006-06-12                9          203
#> 2727        15739     481        2005-12-15                4          382
#> 2728          703     918        2006-05-15               10          231
#> 2729        17419     747        2006-09-21                9          102
#> 2730        24538     507        2006-02-01                5          334
#> 2731        38822    1205        2006-08-20               13          134
#> 2732        23852    1330        2006-12-15               15           17
#> 2733        21243    1147        2006-08-14                9          140
#> 2734         9582    1169        2006-11-10               13           52
#> 2735        10686     784        2006-09-25                7           98
#> 2736        17977     911        2006-06-23               10          192
#> 2737         5675     771        2006-09-12                8          111
#> 2738        32260     663        2006-11-28                9           34
#> 2739        27287    1171        2006-07-27               11          158
#> 2740        24031     714        2006-06-17                8          198
#> 2741         5340     893        2006-07-13                8          172
#> 2742        31844    1047        2006-07-17                9          168
#> 2743        38754     351        2005-07-26                6          524
#> 2744        17426     470        2005-07-12                4          538
#> 2745        19476     983        2006-12-14                8           18
#> 2746        37800     779        2006-08-11                9          143
#> 2747        35878     504        2006-09-25                4           98
#> 2748         4892     155        2005-05-01                3          610
#> 2749        24667     381        2005-05-16                7          595
#> 2750        38863     880        2006-11-23               12           39
#> 2751         2069    1116        2006-07-20               11          165
#> 2752        37230    1357        2006-10-21               16           72
#> 2753         2195     656        2005-12-05                7          392
#> 2754        18845     665        2006-06-12               11          203
#> 2755         7184    1479        2006-12-21               16           11
#> 2756        33554    1015        2006-06-01               12          214
#> 2757        31678     921        2006-05-26               10          220
#> 2758        12287    1250        2006-08-10               15          144
#> 2759        12622     571        2006-03-06                4          301
#> 2760         1199     933        2006-01-29               12          337
#> 2761         2120     620        2006-10-28                6           65
#> 2762        16634     632        2005-08-16                6          503
#> 2763        22639     767        2006-07-29               11          156
#> 2764        38530     410        2006-10-14                5           79
#> 2765        28561     886        2006-08-21                8          133
#> 2766         8476     830        2006-10-01                8           92
#> 2767        12795     748        2006-07-16                9          169
#> 2768        23757     968        2006-05-29                8          217
#> 2769        28590    1087        2006-08-11               12          143
#> 2770        11976    1156        2006-10-15               10           78
#> 2771        15445    1101        2006-08-02               11          152
#> 2772        22045     979        2005-10-17               10          441
#> 2773        10882     529        2006-09-28                6           95
#> 2774        27112     877        2006-12-28               10            4
#> 2775          255    1461        2006-08-30               15          124
#> 2776         3270     980        2006-08-23               11          131
#> 2777        17882     657        2006-08-26                8          128
#> 2778        26413     784        2006-09-13                8          110
#> 2779        21360    1571        2006-06-10               15          205
#> 2780        36157     681        2006-10-19                7           74
#> 2781         3652     694        2006-05-03                9          243
#> 2782         3605     843        2005-08-04                8          515
#> 2783        39390    1576        2006-08-10               14          144
#> 2784        24705     724        2006-09-12                7          111
#> 2785        10743     653        2006-11-02                7           60
#> 2786        34581     883        2006-12-05               12           27
#> 2787        32999    1287        2006-10-23               13           70
#> 2788        11088    1052        2005-10-28               10          430
#> 2789        35519     587        2006-05-09                6          237
#> 2790         5359    1104        2006-09-23               13          100
#> 2791        23273     352        2006-03-08                5          299
#> 2792        13785     651        2005-09-15                8          473
#> 2793        26940    1263        2006-10-07               11           86
#> 2794        29914    1418        2006-10-01               13           92
#> 2795         7378    1588        2006-11-13               13           49
#> 2796        23249    1131        2006-12-05               12           27
#> 2797         5064     701        2006-08-19                6          135
#> 2798        36704     368        2005-10-12                7          446
#> 2799        24316     882        2006-08-20                8          134
#> 2800        37959    1200        2006-05-30               15          216
#> 2801        11433     440        2006-04-27                9          249
#> 2802        22625    1081        2006-11-06               11           56
#> 2803        14913    1020        2006-08-10               11          144
#> 2804         1979    1282        2006-12-26               13            6
#> 2805        17984    1227        2006-01-05               12          361
#> 2806        16408     810        2006-09-09                9          114
#> 2807        32160     653        2006-09-18                9          105
#> 2808        30841     728        2006-08-20               10          134
#> 2809        19188     655        2006-05-21                7          225
#> 2810        17774     683        2006-08-09                9          145
#> 2811        22532    1795        2006-08-13               15          141
#> 2812        27766    1395        2006-08-05               15          149
#> 2813        11368     534        2006-08-01                6          153
#> 2814        28058    1209        2006-10-29               11           64
#> 2815        11125    1542        2006-07-21               15          164
#> 2816        36292    1107        2006-09-28               13           95
#> 2817        20968    1281        2006-08-08               13          146
#> 2818        31264     682        2005-12-11                8          386
#> 2819        35686     857        2006-01-10                8          356
#> 2820        28235    1321        2006-09-15               14          108
#> 2821        26485    1235        2006-02-05               12          330
#> 2822        38056    1273        2006-11-06               12           56
#> 2823         7917    1610        2006-07-16               15          169
#> 2824        12816    1147        2006-10-08               12           85
#> 2825        37156    1762        2006-10-20               19           73
#> 2826        37363     693        2006-09-18                7          105
#> 2827        21309     822        2006-08-08               10          146
#> 2828        12018    1107        2006-07-03               14          182
#> 2829          181     727        2006-07-15                7          170
#> 2830         5342     992        2005-07-29                7          521
#> 2831        17565    1306        2006-05-31               13          215
#> 2832        34577     717        2006-11-22               10           40
#> 2833        36244     940        2006-01-23                8          343
#> 2834         9966     837        2006-08-21               10          133
#> 2835        33013    1369        2006-10-13               14           80
#> 2836        35874     690        2006-09-01                7          122
#> 2837        19786     756        2006-06-21               11          194
#> 2838        12797    1439        2005-10-30               13          428
#> 2839         8034     812        2006-03-26                9          281
#> 2840         8089     519        2006-04-11                4          265
#> 2841        26053     815        2006-06-02               12          213
#> 2842        37754     853        2005-11-06               10          421
#> 2843        25202    1036        2006-08-22                9          132
#> 2844        18221    1102        2006-07-22               10          163
#> 2845        35186    1042        2006-12-12               10           20
#> 2846        15936    1201        2006-06-25               12          190
#> 2847        33425    1880        2006-10-24               15           69
#> 2848        26359    1135        2006-07-09               10          176
#> 2849        11364    1354        2006-06-24               12          191
#> 2850         4554    1011        2006-05-29               13          217
#> 2851         5214     966        2006-09-27                9           96
#> 2852         1828     840        2005-10-20                7          438
#> 2853        29365     841        2006-09-08                9          115
#> 2854        27900    1092        2006-09-07               15          116
#> 2855         9901     479        2006-02-05                4          330
#> 2856          474    1940        2006-11-30               19           32
#> 2857        20659    1220        2006-09-23               12          100
#> 2858        35710    1138        2006-09-22               12          101
#> 2859          794     901        2006-07-22               12          163
#> 2860        14589    1263        2006-09-22               14          101
#> 2861         9263     798        2006-07-30                7          155
#> 2862        21942    1326        2006-04-09               15          267
#> 2863        22663    1187        2006-10-17               12           76
#> 2864        21298    1077        2006-09-03                9          120
#> 2865         1404     969        2006-10-25                9           68
#> 2866         1009     453        2005-03-20                6          652
#> 2867         1945     488        2006-09-14                8          109
#> 2868        13400    1090        2006-01-28                9          338
#> 2869        10771     872        2006-06-13               12          202
#> 2870        39932     814        2006-11-08               10           54
#> 2871        14106     859        2006-09-09                9          114
#> 2872         3569     791        2006-12-16                7           16
#> 2873        29521     805        2006-08-10               11          144
#> 2874        19584     916        2006-06-01               12          214
#> 2875          139     743        2005-10-26                7          432
#> 2876        19522     855        2006-05-18                7          228
#> 2877        20277     490        2006-08-18                7          136
#> 2878         8672    1288        2006-11-04               16           58
#> 2879        30989     542        2006-07-06                8          179
#> 2880        15639     839        2006-08-31               10          123
#> 2881        11480     339        2006-08-25                4          129
#> 2882         5816     669        2006-10-27                8           66
#> 2883        33330     385        2006-06-30                5          185
#> 2884         3434    1724        2006-07-22               16          163
#> 2885         4979     465        2006-12-01                6           31
#> 2886        15597    1060        2006-06-21                9          194
#> 2887        12844    1027        2006-06-05               11          210
#> 2888        20174     806        2006-07-22                9          163
#> 2889        34130    1046        2006-10-26               11           67
#> 2890        22466     987        2006-09-11               11          112
#> 2891        11612    1663        2006-12-08               17           24
#> 2892        27815    1221        2006-12-19               15           13
#> 2893        35634    1081        2006-09-06               12          117
#> 2894         7097     809        2005-12-06                7          391
#> 2895        34288     896        2006-07-07                8          178
#> 2896        25176     597        2006-06-09                7          206
#> 2897         4540    1398        2006-11-21               14           41
#> 2898        16760    1752        2006-04-24               15          252
#> 2899         2177    1245        2006-05-24                9          222
#> 2900        39346    1344        2006-07-18               13          167
#> 2901         3178     889        2005-08-01               10          518
#> 2902        16974     758        2006-10-29                9           64
#> 2903        12360     391        2006-04-04                5          272
#> 2904        36405     545        2006-07-11                7          174
#> 2905        11302    1349        2006-09-22               14          101
#> 2906        26610    1031        2006-07-16               12          169
#> 2907         3871     685        2006-11-12               10           50
#> 2908         3847    1394        2006-11-09               16           53
#> 2909         5008     307        2006-10-05                5           88
#> 2910        23730    1543        2006-12-14               14           18
#> 2911        38744    1100        2006-07-10               11          175
#> 2912        28134     999        2005-11-09                8          418
#> 2913        31079     990        2006-10-09               11           84
#> 2914         1991    1105        2006-07-15               12          170
#> 2915        20544     187        2006-07-25                5          160
#> 2916        39039     916        2006-07-06                9          179
#> 2917        26363     343        2005-11-12                5          415
#> 2918         8084     847        2006-01-13               12          353
#> 2919        30045    1139        2006-11-07                7           55
#> 2920         5743     449        2006-06-05                7          210
#> 2921        16260    1015        2006-01-08               11          358
#> 2922         3809     801        2006-01-15                8          351
#> 2923        21891     798        2006-07-21                6          164
#> 2924         1689     898        2006-06-06               10          209
#> 2925        29746    1118        2006-05-02                8          244
#> 2926        14200     513        2006-11-28                8           34
#> 2927        34575     651        2006-09-13               10          110
#> 2928         7127    1373        2006-06-01               11          214
#> 2929        24820    1224        2006-09-28               11           95
#> 2930        37208    1114        2006-09-29               12           94
#> 2931        18550     903        2006-10-12                9           81
#> 2932        15828    1128        2006-08-04               12          150
#> 2933        27989    1263        2006-09-06               11          117
#> 2934        22346     948        2006-07-19                9          166
#> 2935        33969     613        2006-08-24                8          130
#> 2936          159     434        2006-08-01                4          153
#> 2937        17885    1102        2006-05-20               11          226
#> 2938        22253    1581        2006-06-04               14          211
#> 2939         9489     720        2006-05-31                6          215
#> 2940        12202    1080        2006-09-12                9          111
#> 2941        34289     776        2006-10-14                7           79
#> 2942         9311     761        2006-10-03                6           90
#> 2943         3308     661        2006-02-02                8          333
#> 2944         9063     550        2006-03-11                4          296
#> 2945        21292    1705        2006-05-23               14          223
#> 2946        11743     882        2006-10-03                7           90
#> 2947        37860     907        2006-09-24                7           99
#> 2948        30667     383        2005-11-09                4          418
#> 2949        25335     869        2006-06-05                9          210
#> 2950         1521    1072        2006-12-22               10           10
#> 2951        11746    1718        2006-12-05               16           27
#> 2952        32297    1602        2006-11-04               15           58
#> 2953        34712     708        2006-04-11                8          265
#> 2954        19869    1053        2006-01-10               12          356
#> 2955         5882     907        2006-08-14               10          140
#> 2956        29477     992        2006-09-07                9          116
#> 2957        21332     526        2005-11-04                6          423
#> 2958        34587     474        2006-07-20                4          165
#> 2959         5992     540        2006-07-25                8          160
#> 2960         6805     761        2005-12-24                7          373
#> 2961         1315     506        2006-10-20                8           73
#> 2962        17207    1071        2006-08-12                9          142
#> 2963        10336    1597        2006-06-24               13          191
#> 2964        36658     687        2006-07-17                6          168
#> 2965         5375    1406        2006-08-29               14          125
#> 2966        12010    1398        2006-06-09               15          206
#> 2967        15226     878        2006-04-07               11          269
#> 2968         1384     510        2006-07-08                8          177
#> 2969        32022     701        2005-09-21                9          467
#> 2970        19747    1066        2006-06-29               11          186
#> 2971        34121    1265        2006-08-20               14          134
#> 2972        18026     866        2006-12-10               10           22
#> 2973        29921     625        2005-12-18                8          379
#> 2974        12905    1830        2006-10-01               18           92
#> 2975         2022     970        2005-10-03                9          455
#> 2976        31027    1565        2006-04-29               14          247
#> 2977        18916    1014        2006-08-26               11          128
#> 2978        13672    1157        2006-07-30               13          155
#> 2979        13322    1386        2006-09-15               10          108
#> 2980         4042    1080        2006-10-18                8           75
#> 2981         4125     421        2006-06-22                6          193
#> 2982        22059    1119        2006-12-07               10           25
#> 2983        17933    1371        2006-10-25               13           68
#> 2984        20756    1145        2006-10-17               12           76
#> 2985        12165     742        2006-11-17                7           45
#> 2986        12572    1522        2006-11-23               15           39
#> 2987        39469    1197        2005-09-15               12          473
#> 2988        28771     561        2006-11-28                9           34
#> 2989         5271    1000        2006-07-18                8          167
#> 2990        21561    1619        2006-09-19               17          104
#> 2991        35333    1034        2006-10-05               11           88
#> 2992        22002    1072        2006-05-31               11          215
#> 2993         1033    1083        2006-09-06               13          117
#> 2994        35395     955        2006-05-04                8          242
#> 2995        17681     933        2006-08-28                8          126
#> 2996        19301     607        2006-11-10                6           52
#> 2997         3093     803        2006-08-06                8          148
#> 2998        21210    1268        2006-04-24               11          252
#> 2999         3520     565        2006-08-10                8          144
#> 3000        31989     894        2006-06-26               12          189
#> 3001        17866     599        2006-09-12                6          111
#> 3002        15061     663        2006-07-30                9          155
#> 3003         1194    1675        2006-07-14               18          171
#> 3004        28951     461        2006-12-27                6            5
#> 3005         3743    1211        2006-05-31               15          215
#> 3006         5196    1395        2006-06-07               13          208
#> 3007        15164    1071        2006-07-11               11          174
#> 3008        31695     851        2005-10-12               10          446
#> 3009         6561    1349        2006-11-11               13           51
#> 3010        13998    1030        2006-02-10                9          325
#> 3011          991     801        2006-07-21                8          164
#> 3012        15798    1317        2006-06-27               10          188
#> 3013        30527     584        2006-09-07                9          116
#> 3014         4669     784        2006-04-20                8          256
#> 3015         1031    1087        2006-08-27               13          127
#> 3016        19627     855        2006-04-10               12          266
#> 3017         2809    1283        2006-08-28               12          126
#> 3018        25103    1417        2006-06-16               18          199
#> 3019        37948     574        2006-09-12                9          111
#> 3020        31327     826        2006-06-01                9          214
#> 3021        36144     589        2006-06-14                9          201
#> 3022         5860     946        2005-08-28               10          491
#> 3023         1621    1025        2006-06-25               10          190
#> 3024        33799    1954        2006-11-13               21           49
#> 3025        28815    1593        2005-12-14               17          383
#> 3026        36506    1336        2006-10-19               13           74
#> 3027        20653     447        2006-07-05                6          180
#> 3028        25342     516        2006-12-21                7           11
#> 3029        31539     496        2006-06-27                6          188
#> 3030        26127    1452        2006-09-03               12          120
#> 3031        23206     794        2006-09-27               11           96
#> 3032        28673    1570        2006-05-24               13          222
#> 3033         3374    1253        2006-09-26               13           97
#> 3034        13371     422        2005-10-10                5          448
#> 3035         1074     510        2006-10-04                4           89
#> 3036        18975     632        2006-11-08                9           54
#> 3037        10252     565        2006-11-01                8           61
#> 3038        33249    1029        2006-08-22                8          132
#> 3039        28833     834        2006-11-21                7           41
#> 3040        15699     897        2006-04-09                6          267
#> 3041        23897     569        2006-07-08                7          177
#> 3042        12349     754        2006-09-06                9          117
#> 3043          118    1124        2006-06-01               11          214
#> 3044        27389     498        2005-11-04                5          423
#> 3045        30492    1081        2006-09-20               12          103
#> 3046        35538     883        2006-06-16               10          199
#> 3047         2594    1091        2006-06-15                8          200
#> 3048        33995     846        2006-03-27                9          280
#> 3049        35522    1196        2006-09-12               12          111
#> 3050        13978     545        2006-04-06                6          270
#> 3051         2876     980        2006-09-13               10          110
#> 3052        24040     900        2006-10-13                6           80
#> 3053         7401    1007        2006-08-07                9          147
#> 3054        26619     969        2006-10-20                8           73
#> 3055        24447     815        2006-04-05               13          271
#> 3056        32598    1795        2006-10-09               18           84
#> 3057        35326     584        2005-07-22                7          528
#> 3058        37231     452        2006-03-21                5          286
#> 3059        32002    1133        2006-09-05               11          118
#> 3060         3400    1458        2006-08-26               14          128
#> 3061        15548     797        2005-11-10                9          417
#> 3062        21964     438        2006-11-27                5           35
#> 3063        26440    1045        2006-09-09               11          114
#> 3064        16726     509        2006-01-26                5          340
#> 3065        16799     945        2006-09-30               12           93
#> 3066        37068     985        2006-05-18               10          228
#> 3067        29414     292        2005-12-09                4          388
#> 3068        39204     933        2006-04-08               12          268
#> 3069        22858     407        2006-10-04                6           89
#> 3070        29239     644        2006-05-19                7          227
#> 3071        12497     961        2006-02-22               12          313
#> 3072         7714    1024        2006-10-13               11           80
#> 3073         9356    1112        2006-11-08               12           54
#> 3074        37537     914        2006-06-03               10          212
#> 3075        33199    1107        2006-07-04               13          181
#> 3076         3631     803        2006-12-27               12            5
#> 3077        25589     834        2006-10-10               10           83
#> 3078         5306     987        2006-08-26                8          128
#> 3079        21889    1836        2006-12-20               19           12
#> 3080        29339     999        2006-08-21               10          133
#> 3081        31511     501        2005-05-20                5          591
#> 3082        34181     623        2005-05-12                5          599
#> 3083        22631    1250        2006-03-07               11          300
#> 3084        10154    1380        2006-07-26               14          159
#> 3085          751    1220        2006-08-09               12          145
#> 3086        19449    1058        2006-08-20               12          134
#> 3087        11249    1032        2006-11-04               11           58
#> 3088        32244     726        2006-10-19               11           74
#> 3089        13820     499        2006-10-19                8           74
#> 3090        35928    1076        2006-07-24                9          161
#> 3091         4683    1067        2006-07-20               13          165
#> 3092        34850     767        2006-06-09                7          206
#> 3093        11022     276        2006-07-08                4          177
#> 3094        14281     868        2006-07-30                7          155
#> 3095        35341     896        2005-12-20                8          377
#> 3096         3610     762        2006-06-07                7          208
#> 3097        28009     878        2006-11-23               11           39
#> 3098        27699    1175        2006-11-27               12           35
#> 3099         9382    1338        2006-09-05               11          118
#> 3100        29589    1306        2006-06-25               10          190
#> 3101          935     853        2006-10-17               11           76
#> 3102        13378    1228        2006-10-04               12           89
#> 3103        33542     785        2006-03-22               10          285
#> 3104        25566     315        2005-10-02                4          456
#> 3105        39053     826        2006-04-21               10          255
#> 3106         3881     997        2006-08-25               13          129
#> 3107        15883     884        2006-04-07                9          269
#> 3108        11624     896        2006-05-22               10          224
#> 3109        31451    1348        2006-07-08               13          177
#> 3110        30728     761        2006-08-12                9          142
#> 3111        34203    1765        2005-11-14               16          413
#> 3112         5192     989        2006-07-27               11          158
#> 3113        29594     448        2006-11-16                8           46
#> 3114         1850    1055        2006-11-06               12           56
#> 3115         2244    1222        2006-09-17               13          106
#> 3116        23280     993        2006-02-06                8          329
#> 3117         9657     869        2006-09-22               12          101
#> 3118         4681     304        2005-10-04                4          454
#> 3119        23404    1470        2006-10-18               12           75
#> 3120         8933    1540        2006-11-04               16           58
#> 3121        13553    1189        2006-10-19               13           74
#> 3122         7259     932        2006-10-02               10           91
#> 3123        33143     542        2005-11-14                7          413
#> 3124        39755     674        2006-08-20                9          134
#> 3125        31065     696        2006-07-24                7          161
#> 3126          572     795        2006-12-08                8           24
#> 3127        37592    1046        2006-09-24               14           99
#> 3128        15553     764        2006-12-05                7           27
#> 3129        33047     971        2006-09-04                9          119
#> 3130        35734     597        2006-08-11                6          143
#> 3131        32286    1541        2006-06-06               13          209
#> 3132         7611     401        2006-08-26                6          128
#> 3133        18231     813        2006-08-01                7          153
#> 3134        17841     861        2006-07-15               11          170
#> 3135        15529     472        2006-02-15                4          320
#> 3136         8209    1065        2006-10-24               12           69
#> 3137        16671     813        2006-02-20                9          315
#> 3138        27657     812        2006-11-06                7           56
#> 3139        34687     877        2006-03-18                8          289
#> 3140        34811    1416        2006-08-25               14          129
#> 3141        28946     844        2006-11-09               10           53
#> 3142        21304    1088        2006-08-15               11          139
#> 3143        34250     583        2006-05-16                5          230
#> 3144        37524     815        2006-10-02               10           91
#> 3145        25098     593        2006-08-11                9          143
#> 3146          899     697        2006-05-07               10          239
#> 3147        28428     455        2006-05-21                8          225
#> 3148        19651     823        2006-08-24                9          130
#> 3149         7902     697        2006-07-21                5          164
#> 3150        20150     458        2005-07-01                5          549
#> 3151        11664    1159        2006-08-15               13          139
#> 3152        11991     684        2006-09-27                9           96
#> 3153         3905     527        2006-04-25                9          251
#> 3154         1311    1184        2006-08-22               12          132
#> 3155        12100     391        2006-04-07                5          269
#> 3156         2360     280        2006-01-20                3          346
#> 3157        12229     569        2006-12-13                7           19
#> 3158         2928     825        2006-04-19                9          257
#> 3159        38425    1261        2006-07-24               12          161
#> 3160        25775    1084        2006-11-13                9           49
#> 3161        33004     894        2006-10-11               12           82
#> 3162        13334     684        2006-02-22               10          313
#> 3163        21082    1077        2006-07-29               11          156
#> 3164        10298     711        2006-06-12                7          203
#> 3165        15407     916        2006-09-16                7          107
#> 3166        38727     728        2005-12-16                8          381
#> 3167        35115     987        2006-09-05               10          118
#> 3168         6026     886        2006-06-30               11          185
#> 3169        35213     743        2005-05-01                6          610
#> 3170        25650    1555        2006-05-24               13          222
#> 3171         9638     351        2005-09-08                7          480
#> 3172        29598    1174        2006-08-23               11          131
#> 3173        32613     813        2006-08-08               10          146
#> 3174         3702     544        2006-09-20                6          103
#> 3175        37214     503        2006-09-06                8          117
#> 3176        22444     681        2006-07-03               10          182
#> 3177        23015     688        2006-08-30                8          124
#> 3178         6248    1018        2006-12-05               12           27
#> 3179        33796     944        2006-11-20               10           42
#> 3180          958    1087        2006-03-31               10          276
#> 3181         6620     948        2006-05-10               12          236
#> 3182        17140    1181        2006-09-03               15          120
#> 3183         5857     992        2006-11-11                9           51
#> 3184         8626     464        2005-08-31                4          488
#> 3185        24264    1001        2006-12-21               15           11
#> 3186        11628     686        2006-04-16                7          260
#> 3187         9272     686        2006-08-07                9          147
#> 3188          565     315        2006-08-01                5          153
#> 3189        38063    1051        2006-12-24                9            8
#> 3190        30708    1028        2006-06-01               11          214
#> 3191        38975     954        2006-06-01               10          214
#> 3192        25146    1235        2006-10-25               13           68
#> 3193        10805    1276        2006-07-25               11          160
#> 3194         3870     663        2005-11-08                7          419
#> 3195         7748     966        2006-12-19               12           13
#> 3196        10462    1190        2006-12-02                8           30
#> 3197        27525     826        2006-09-13               12          110
#> 3198        34349    1404        2006-11-06               13           56
#> 3199        23107     728        2006-09-24               10           99
#> 3200        10607     693        2006-06-02                9          213
#> 3201         5158     740        2006-05-17                7          229
#> 3202        24851     887        2006-09-16                8          107
#> 3203         4208    1014        2005-12-18               12          379
#> 3204        28454     740        2006-04-09                7          267
#> 3205         3497     982        2006-05-29                9          217
#> 3206        17815    1282        2006-09-09               10          114
#> 3207        19330     431        2005-11-18                6          409
#> 3208        38149     389        2006-04-22                5          254
#> 3209          367    1488        2006-07-04               16          181
#> 3210        39237    1084        2006-08-01               12          153
#> 3211        25070    1257        2006-06-14               12          201
#> 3212         6944     608        2006-05-30                7          216
#> 3213        19521     569        2006-08-11                6          143
#> 3214         9253    1892        2006-09-03               15          120
#> 3215         1250     470        2006-07-19                8          166
#> 3216         1951    1008        2006-12-25               11            7
#> 3217        38873     910        2006-07-17               10          168
#> 3218        10999    1539        2006-12-18               13           14
#> 3219         7586     798        2005-11-15                9          412
#> 3220        39586    1420        2006-07-13               12          172
#> 3221        14349     516        2006-09-25                6           98
#> 3222        18954    1046        2006-03-27               11          280
#> 3223        24978    1563        2006-07-31               15          154
#> 3224         3692    1115        2006-11-11               11           51
#> 3225        38044     374        2005-11-29                4          398
#> 3226         9020     988        2006-09-12                9          111
#> 3227        10197    1374        2006-09-29               12           94
#> 3228        36987    1027        2006-10-23               10           70
#> 3229        39143     272        2006-08-25                7          129
#> 3230         4189    1036        2006-09-27               10           96
#> 3231        20772     392        2006-08-22                5          132
#> 3232        39029     780        2006-04-22                9          254
#> 3233        22040    1458        2006-11-10               16           52
#> 3234        37770    1356        2006-06-08               13          207
#> 3235        23816     418        2006-04-21                4          255
#> 3236        17911    1054        2006-05-01               11          245
#> 3237        30544    1784        2006-09-20               16          103
#> 3238        33055     720        2006-12-22                9           10
#> 3239         4260    1336        2006-07-31               12          154
#> 3240        23119    1304        2006-12-26               11            6
#> 3241          664     712        2006-10-04               12           89
#> 3242        16748     941        2006-08-06               10          148
#> 3243        14574    1468        2006-06-04               17          211
#> 3244        10477     804        2006-10-05                7           88
#> 3245        11642     522        2006-08-09                5          145
#> 3246        10516    1179        2006-08-09               14          145
#> 3247           82     985        2006-10-04                9           89
#> 3248         2920    1314        2006-08-25               14          129
#> 3249        30306     753        2006-11-28                7           34
#> 3250        26107     678        2005-05-02                6          609
#> 3251         2362    1136        2006-05-02                9          244
#> 3252        13103     592        2006-05-13                6          233
#> 3253        10513     514        2006-07-29                5          156
#> 3254         1571     708        2006-08-16                8          138
#> 3255          290    1064        2006-05-27               11          219
#> 3256        29483    1456        2006-06-02               15          213
#> 3257        26623    1143        2006-06-17               12          198
#> 3258        21859    1334        2006-09-06               12          117
#> 3259         6846     771        2006-07-25                9          160
#> 3260        24762    1605        2006-07-11               15          174
#> 3261        23487    1109        2006-07-30               10          155
#> 3262        39915    1246        2006-10-21               11           72
#> 3263        33700    1087        2006-12-09               13           23
#> 3264        23668     800        2006-12-23                9            9
#> 3265         1925    1648        2006-11-23               15           39
#> 3266        31132    1078        2006-04-12                9          264
#> 3267        22303     297        2006-04-17                3          259
#> 3268        39000     779        2006-04-22                7          254
#> 3269         4601     757        2006-09-09                9          114
#> 3270        16130     427        2006-11-30                6           32
#> 3271         7073     995        2005-11-07               11          420
#> 3272        35131    2148        2006-08-23               15          131
#> 3273        29839     827        2006-09-29                9           94
#> 3274        16843     844        2006-10-03                8           90
#> 3275         2955    1200        2006-07-07               10          178
#> 3276        14196     615        2006-08-05                8          149
#> 3277         5137     286        2006-08-05                5          149
#> 3278        24746    1117        2006-12-02               12           30
#> 3279        30630     908        2006-07-29               12          156
#> 3280        28111    1195        2006-08-28               13          126
#> 3281        17343     422        2006-09-04                3          119
#> 3282        11426     678        2005-10-03                8          455
#> 3283        18743     666        2005-11-22                7          405
#> 3284        34210     972        2006-09-24               11           99
#> 3285        26591     729        2006-06-05                9          210
#> 3286        35303     590        2005-08-29                4          490
#> 3287        16579    1587        2006-10-23               18           70
#> 3288        33869    1214        2006-06-24               14          191
#> 3289        17985     739        2006-06-05                8          210
#> 3290        25898     792        2006-10-15                9           78
#> 3291        22836     717        2006-07-20               10          165
#> 3292        22804     794        2006-06-17               11          198
#> 3293        30562     694        2006-09-04               11          119
#> 3294        21791     858        2006-05-28                7          218
#> 3295        37903     817        2006-09-08                8          115
#> 3296        38451     348        2006-07-31                6          154
#> 3297         2580    1118        2006-02-19               11          316
#> 3298        20322    1182        2006-10-03               13           90
#> 3299         4914    1473        2006-11-27               15           35
#> 3300         4405     592        2006-08-05                7          149
#> 3301        28094    1532        2006-11-10               13           52
#> 3302         5266     357        2006-06-27                4          188
#> 3303        37852     809        2006-11-21               11           41
#> 3304        31940     905        2006-10-26               15           67
#> 3305         6188     895        2006-07-01               10          184
#> 3306        31917     653        2006-11-19                6           43
#> 3307         7981     411        2006-05-29                7          217
#> 3308        30121     688        2006-09-25                9           98
#> 3309        10163    1499        2006-01-06               16          360
#> 3310        16003     592        2006-02-09                7          326
#> 3311        38004     742        2006-08-26                5          128
#> 3312        39394     655        2006-09-14                9          109
#> 3313        30585    1018        2006-08-28               13          126
#> 3314        13187     703        2006-09-06                7          117
#> 3315        30651     581        2005-09-16                6          472
#> 3316        36184     882        2006-07-02                9          183
#> 3317        28803     499        2006-06-21                8          194
#> 3318        19800    1046        2006-09-30               11           93
#> 3319        31997     238        2006-07-25                5          160
#> 3320        39631     814        2006-05-13                9          233
#> 3321        38810    1198        2006-10-01               11           92
#> 3322         1676    1327        2006-03-31               10          276
#> 3323        33696     923        2006-07-20               10          165
#> 3324        37145     499        2006-10-08                6           85
#> 3325         6407     413        2006-10-19                7           74
#> 3326        18655     709        2006-10-24                7           69
#> 3327        28981    1504        2006-10-23               12           70
#> 3328        23736     737        2006-09-16               10          107
#> 3329        11179    1000        2005-08-21               11          498
#> 3330        23976    1533        2006-09-19               14          104
#> 3331        30711    1265        2006-05-13               12          233
#> 3332         7985    1243        2006-07-03               16          182
#> 3333        27679    1089        2006-09-08                8          115
#> 3334        16643     917        2006-08-31               11          123
#> 3335        37108    1068        2006-06-01               11          214
#> 3336        20118     890        2006-03-18                9          289
#> 3337           39     728        2005-11-02                7          425
#> 3338        32011    1327        2006-11-05               14           57
#> 3339         9152    1373        2005-11-03               11          424
#> 3340         8383     972        2006-08-16               10          138
#> 3341        13513     532        2006-08-26                7          128
#> 3342         3661    1111        2006-08-19               12          135
#> 3343        28716    1476        2006-05-12               14          234
#> 3344        15657     731        2006-07-15                6          170
#> 3345        26324    1268        2006-12-23               14            9
#> 3346        29735     558        2006-12-21                6           11
#> 3347        37454     794        2005-09-29                8          459
#> 3348        15625    1057        2006-05-29                8          217
#> 3349         5262    1313        2006-10-18               12           75
#> 3350        13269    1522        2006-09-01               11          122
#> 3351        11377     764        2006-03-17               10          290
#> 3352        39724    1337        2006-11-11               15           51
#> 3353         3982     538        2006-10-03                8           90
#> 3354        35496     680        2006-05-19                9          227
#> 3355         1993     948        2005-10-05                9          453
#> 3356        38616     626        2006-11-18                8           44
#> 3357        15873    1540        2006-06-20               12          195
#> 3358         3262     824        2006-07-08                6          177
#> 3359        37884     822        2006-12-13                8           19
#> 3360        14017     907        2006-09-30                9           93
#> 3361        11230    1098        2006-02-05               11          330
#> 3362         5983     571        2006-06-30                6          185
#> 3363        33372    1145        2006-04-30               11          246
#> 3364        25200     876        2005-10-09               10          449
#> 3365        14629    1278        2006-09-24               15           99
#> 3366        18635    1331        2006-09-01               15          122
#> 3367        20082    1146        2006-07-03               10          182
#> 3368        39885     671        2006-09-24                7           99
#> 3369         4605    1139        2006-08-14               11          140
#> 3370        25968    1066        2006-12-09                9           23
#> 3371        29936    1038        2006-07-02               11          183
#> 3372        33743    1489        2006-07-27               18          158
#> 3373        31324     637        2005-06-01                6          579
#> 3374        31860    1350        2006-06-26               14          189
#> 3375        13190    1425        2006-06-29               11          186
#> 3376        32890     803        2006-06-04                8          211
#> 3377         4819    1154        2006-09-17               14          106
#> 3378        35708     691        2006-12-13                7           19
#> 3379        22237    1000        2006-04-12               10          264
#> 3380        24831     843        2005-11-28                9          399
#> 3381        16307     961        2006-05-24                9          222
#> 3382         5942    1224        2006-09-21               13          102
#> 3383        15198     713        2006-10-27                8           66
#> 3384        23706     542        2006-07-27                6          158
#> 3385        23626    1013        2006-09-14                9          109
#> 3386        30412     533        2006-07-13                6          172
#> 3387         9319    1418        2006-08-22               11          132
#> 3388        20241     846        2006-07-19                9          166
#> 3389        31454     662        2005-12-07                6          390
#> 3390        33913     368        2005-11-19                7          408
#> 3391        15505     787        2006-12-15               10           17
#> 3392         9290    1057        2006-10-12                8           81
#> 3393        35160     835        2006-07-26                9          159
#> 3394        27362    1814        2006-10-18               18           75
#> 3395        13442     956        2006-10-02               10           91
#> 3396        33683     937        2006-02-09                6          326
#> 3397        22960     738        2005-10-09                8          449
#> 3398         8360    1039        2006-10-03               11           90
#> 3399        17773    1123        2006-10-15               11           78
#> 3400        34704    1004        2006-02-21               10          314
#> 3401        36696     903        2006-07-02               13          183
#> 3402         6100     846        2006-09-27                7           96
#> 3403        32283    1108        2006-02-26                9          309
#> 3404        29898    1041        2006-03-03               11          304
#> 3405        22716     437        2005-04-21                4          620
#> 3406        24926    1028        2006-11-23                9           39
#> 3407        16778     611        2006-06-25                7          190
#> 3408         7595    1197        2006-10-27               10           66
#> 3409         2279    2259        2006-10-22               22           71
#> 3410         9866    1044        2006-06-03               11          212
#> 3411        19603     527        2006-02-08                7          327
#> 3412        17344    1514        2006-01-02               17          364
#> 3413        23797     463        2006-07-01                5          184
#> 3414        36012     572        2006-10-29                8           64
#> 3415        32606     534        2005-09-26                6          462
#> 3416        29046     936        2006-12-16                7           16
#> 3417         3543    1049        2006-01-31               13          335
#> 3418        34487     806        2005-08-14                9          505
#> 3419         8849    1165        2006-06-05               12          210
#> 3420        15356     920        2006-04-30                9          246
#> 3421        29207     861        2006-04-04               10          272
#> 3422        38954     785        2006-09-12                9          111
#> 3423         3727    1043        2006-09-28               11           95
#> 3424        37604     644        2006-06-06                7          209
#> 3425        27400    1484        2006-06-14               15          201
#> 3426        35092    1342        2006-08-06               13          148
#> 3427         5420    1046        2006-05-12               15          234
#> 3428         3645     458        2006-08-31                5          123
#> 3429        12164     785        2006-04-28                8          248
#> 3430        20053     631        2006-08-10                7          144
#> 3431        23431     829        2006-12-29               11            3
#> 3432        24450     774        2006-05-12                9          234
#> 3433        35940     939        2006-08-17                9          137
#> 3434        23927     670        2005-09-20                8          468
#> 3435         1503    1593        2006-08-06               15          148
#> 3436         8825     564        2006-11-09                8           53
#> 3437        20321     719        2005-12-23               10          374
#> 3438         1586     805        2006-08-16                9          138
#> 3439        18299    1813        2006-07-20               17          165
#> 3440         2361    1061        2006-08-06               12          148
#> 3441        25939     756        2006-09-29               11           94
#> 3442        26169     952        2006-10-31               12           62
#> 3443        12646     974        2006-08-29               11          125
#> 3444         6077    1053        2006-11-09                7           53
#> 3445        35782    1340        2006-11-21               10           41
#> 3446         2602      82        2006-01-28                2          338
#> 3447        27978     920        2006-11-08               10           54
#> 3448         7304    1604        2006-12-18               13           14
#> 3449        21828     672        2006-08-02                9          152
#> 3450         6493    1108        2006-07-22                9          163
#> 3451        18792    1322        2006-01-11               13          355
#> 3452          853    1149        2006-11-26               12           36
#> 3453         9013    2309        2006-09-09               20          114
#> 3454         2411    1299        2005-11-19               13          408
#> 3455        24441    1241        2006-11-13               11           49
#> 3456         1362    1332        2006-10-25               12           68
#> 3457        34895     801        2006-08-13               10          141
#> 3458        24281    1189        2006-10-24               14           69
#> 3459        17693     561        2006-06-28                5          187
#> 3460        25777     481        2006-04-02                8          274
#> 3461        33572     739        2006-07-29               10          156
#> 3462         2449    1021        2006-09-01               14          122
#> 3463        33084     384        2006-07-07                4          178
#> 3464        16247    1144        2006-11-10               12           52
#> 3465        20391     842        2006-09-19               10          104
#> 3466        27486     916        2006-08-29               13          125
#> 3467          792     296        2006-06-28                3          187
#> 3468        17435     674        2006-07-24               10          161
#> 3469        15424     679        2006-05-26                7          220
#> 3470        24665    1140        2006-10-14               13           79
#> 3471        27728     766        2005-10-26                8          432
#> 3472         2216     557        2006-06-06                5          209
#> 3473         7095     916        2006-09-13               10          110
#> 3474        26064     621        2006-05-20                7          226
#> 3475        19500     327        2006-03-01                7          306
#> 3476        16506     468        2005-08-12                5          507
#> 3477        10433     842        2005-07-22                7          528
#> 3478        30899     612        2006-11-27                6           35
#> 3479        25570    1150        2006-07-30               14          155
#> 3480        14993    1374        2006-06-24               11          191
#> 3481        15706    1040        2006-10-29                9           64
#> 3482         9412     720        2006-08-19               10          135
#> 3483        31103     936        2006-11-25               13           37
#> 3484        36297     716        2006-06-11                6          204
#> 3485        26157     607        2005-11-08                8          419
#> 3486        32517     415        2006-06-28                7          187
#> 3487         1361    1003        2006-11-11               11           51
#> 3488        25066    1717        2006-07-26               15          159
#> 3489        17448     693        2006-08-29                5          125
#> 3490        22219     960        2006-03-16               10          291
#> 3491        39065    1495        2006-10-12               15           81
#> 3492        28575    1100        2006-11-30               12           32
#> 3493         1337     786        2006-12-07               13           25
#> 3494        32754     937        2006-12-11               10           21
#> 3495         8993     610        2006-05-30                7          216
#> 3496        11434     817        2006-08-01                9          153
#> 3497        15377     917        2006-06-06               11          209
#> 3498        33893    1149        2005-10-03               10          455
#> 3499        18030     962        2006-04-12                9          264
#> 3500        17453     701        2005-09-28                7          460
#> 3501        23018     971        2006-08-22               10          132
#> 3502         1279     287        2005-10-18                5          440
#> 3503         1214    1487        2005-12-23               14          374
#> 3504        22011    1082        2006-03-29                9          278
#> 3505        39321     547        2005-12-31                7          366
#> 3506          326     433        2006-10-02                4           91
#> 3507        23661     840        2006-07-24               11          161
#> 3508        30596     770        2006-11-05                7           57
#> 3509        16797    1010        2006-10-16               10           77
#> 3510        25594     638        2006-09-06                8          117
#> 3511          374    1194        2006-04-08               11          268
#> 3512        39230     510        2005-07-07                6          543
#> 3513        35108    1545        2006-12-13               15           19
#> 3514          174     937        2006-10-24               10           69
#> 3515        17237     488        2006-06-29                8          186
#> 3516        16084     363        2005-06-01                5          579
#> 3517         7491     993        2006-08-19               13          135
#> 3518        27471    1887        2005-12-20               18          377
#> 3519         9207    1353        2006-09-05               10          118
#> 3520        18528    1211        2006-11-12               13           50
#> 3521        38298    1398        2006-07-18               14          167
#> 3522        19587    1207        2006-08-15               14          139
#> 3523        28989    1246        2006-07-19               12          166
#> 3524        29479     670        2006-11-05                8           57
#> 3525        18664     653        2005-09-19                8          469
#> 3526         1090     384        2006-05-22                4          224
#> 3527         5593    1027        2006-08-26               12          128
#> 3528        23690     778        2006-06-26                8          189
#> 3529        27899     793        2006-12-16                7           16
#> 3530        15664     558        2005-08-16                6          503
#> 3531         8765     933        2006-07-26                9          159
#> 3532         3983     848        2006-10-30                9           63
#> 3533        15791    1428        2006-10-24               16           69
#> 3534        31044    1311        2006-11-30                9           32
#> 3535         7198     878        2006-08-18                9          136
#> 3536        28277     813        2006-08-18               11          136
#> 3537        37357    1106        2006-12-16               11           16
#> 3538        30978    1095        2006-06-26               10          189
#> 3539        23259     841        2006-01-27                9          339
#> 3540        35337    1318        2006-07-10               16          175
#> 3541        13004     798        2006-10-14               12           79
#> 3542        14611    1324        2006-08-22               16          132
#> 3543         8078     778        2006-09-23                8          100
#> 3544        13111    1418        2006-06-26               12          189
#> 3545         6926     279        2005-10-19                3          439
#> 3546        24676     946        2006-12-15               10           17
#> 3547        31468     821        2006-03-08                8          299
#> 3548        32239    1045        2005-11-21               11          406
#> 3549         2209    1054        2006-03-18               11          289
#> 3550        10979    1413        2006-09-16               11          107
#> 3551        11747    1425        2006-08-16               11          138
#> 3552        15569     759        2006-09-18               10          105
#> 3553         5230     477        2006-04-11                8          265
#> 3554         8143    1506        2006-12-08               15           24
#> 3555        35493    1153        2006-07-28               11          157
#> 3556         3486    1013        2006-11-03               15           59
#> 3557         5984     935        2006-05-17               10          229
#> 3558        28385    1315        2006-08-02               13          152
#> 3559        14855     602        2006-07-13                7          172
#> 3560        17113     444        2006-03-19                6          288
#> 3561         1114    1041        2006-07-28                9          157
#> 3562         4618     852        2005-08-30                7          489
#> 3563         7014    1453        2006-05-27               15          219
#> 3564        38050     527        2006-09-08                8          115
#> 3565        34618     936        2006-08-02                9          152
#> 3566         8416    1034        2006-08-30               10          124
#> 3567        29938    1415        2006-07-28               15          157
#> 3568        19149     575        2006-12-26                7            6
#> 3569        17979     500        2006-07-14                4          171
#> 3570        13722     664        2006-08-05                8          149
#> 3571        34183     437        2005-12-05                6          392
#> 3572         1492    1315        2006-06-05               10          210
#> 3573        32218    1200        2006-06-12               13          203
#> 3574        22599     515        2005-07-07                7          543
#> 3575         7475     729        2006-08-03               10          151
#> 3576         2674     292        2006-06-15                4          200
#> 3577        15245    1375        2006-07-26               12          159
#> 3578        33202    1589        2006-06-21               16          194
#> 3579        15052     885        2006-08-07                8          147
#> 3580         3413     849        2006-03-24                8          283
#> 3581         7005     434        2005-09-20                6          468
#> 3582        35377     823        2006-04-06                9          270
#> 3583        23036     934        2006-09-16                9          107
#> 3584        29174     796        2006-12-25               10            7
#> 3585          781     623        2005-06-28                6          552
#> 3586         4543    1344        2006-10-20               13           73
#> 3587         5090     739        2006-08-30               11          124
#> 3588         4580     879        2006-09-22               11          101
#> 3589         6332     953        2006-06-20                8          195
#> 3590        13986    1418        2006-07-13               13          172
#> 3591         1461     599        2006-08-02                7          152
#> 3592        10569     320        2006-01-07                8          359
#> 3593        13438     626        2006-11-24                6           38
#> 3594         5164    1403        2006-08-21               13          133
#> 3595        30361     768        2006-07-27                9          158
#> 3596         8138     942        2006-10-30               10           63
#> 3597        39866     975        2005-08-06               10          513
#> 3598        23672    1284        2006-02-09               11          326
#> 3599        24041     747        2006-07-23               10          162
#> 3600        15017    1481        2006-10-19               12           74
#> 3601        38073     488        2006-06-18                7          197
#> 3602        13403     538        2006-11-04                6           58
#> 3603        38786     682        2006-07-28                9          157
#> 3604         2621     825        2006-08-20                8          134
#> 3605        29826    1512        2006-12-10               14           22
#> 3606        30208     528        2006-05-03                4          243
#> 3607        17601    1118        2006-10-30                9           63
#> 3608        10400     851        2006-10-14               12           79
#> 3609        28709    1015        2005-10-01               11          457
#> 3610        28074     749        2006-07-26                9          159
#> 3611         8288    1847        2006-08-09               17          145
#> 3612         6868     690        2006-12-15                9           17
#> 3613         2410    1255        2006-11-16               12           46
#> 3614        32240     463        2006-12-14                7           18
#> 3615         2402     715        2006-06-26                9          189
#> 3616        32812     667        2006-08-17                8          137
#> 3617         1764    2000        2006-07-18               15          167
#> 3618        38671     960        2006-06-01                8          214
#> 3619        17640     581        2005-10-24                5          434
#> 3620        32250     845        2006-08-19               11          135
#> 3621        35166     959        2005-08-13               10          506
#> 3622        36825     770        2006-09-11               11          112
#> 3623         9443     884        2005-07-24                8          526
#> 3624        38453    1260        2006-12-12               14           20
#> 3625        16535    1904        2006-07-08               17          177
#> 3626          799    1085        2006-11-27               12           35
#> 3627        36792     532        2006-06-12                7          203
#> 3628         7018     740        2006-05-27                8          219
#> 3629        20628    1384        2006-09-18               15          105
#> 3630         1175    1014        2006-08-07                9          147
#> 3631        37630     618        2006-05-30                7          216
#> 3632         6181     926        2006-05-28               10          218
#> 3633         9644    1102        2006-10-19               11           74
#> 3634        20953    1147        2006-10-31               10           62
#> 3635        37924    1301        2006-11-03               11           59
#> 3636        15203    1178        2006-06-29               12          186
#> 3637         8044    1006        2006-01-24               11          342
#> 3638         4213     697        2006-09-04                8          119
#> 3639        39507     808        2006-03-09                7          298
#> 3640         6587    1327        2006-08-25               11          129
#> 3641        25565     460        2005-12-26                7          371
#> 3642         6832    1264        2006-11-24               12           38
#> 3643        23688    1135        2006-08-07               12          147
#> 3644        16245    1066        2006-10-03               13           90
#> 3645        39504    1495        2006-11-06               18           56
#> 3646        39527     559        2006-01-07               10          359
#> 3647         6179     370        2006-05-23                4          223
#> 3648        19393     755        2006-07-15                8          170
#> 3649        29957    1078        2006-06-18               12          197
#> 3650        15095    1099        2006-08-29               11          125
#> 3651        17743    1499        2006-09-28               15           95
#> 3652         4996     950        2006-11-08                9           54
#> 3653        18770     944        2006-07-22               13          163
#> 3654        39161    1460        2006-05-30               16          216
#> 3655         1537    1017        2006-09-16               10          107
#> 3656         3117    1004        2006-08-27               10          127
#> 3657        19489     655        2005-10-18                8          440
#> 3658        26111     946        2006-08-14               11          140
#> 3659         6879    1312        2006-09-21               12          102
#> 3660        34987     653        2006-09-30               10           93
#> 3661        21628     734        2006-03-01                7          306
#> 3662        14056    1043        2006-12-24               14            8
#> 3663        19610     851        2005-10-15                7          443
#> 3664        23756    1243        2006-11-22               17           40
#> 3665        24877     948        2005-12-08                9          389
#> 3666         4124     551        2006-03-31                5          276
#> 3667        30435    1267        2006-12-04               12           28
#> 3668         6683    1530        2006-08-13               14          141
#> 3669        29895     419        2006-05-16                7          230
#> 3670         9408    1099        2006-06-04               10          211
#> 3671        29358    1370        2006-10-31               13           62
#> 3672         5365     947        2006-11-04                9           58
#> 3673        16668    1047        2006-10-12               10           81
#> 3674        32190    1008        2006-11-14                8           48
#> 3675        31908     625        2006-04-23                7          253
#> 3676         5344    1086        2006-11-18               13           44
#> 3677        36632     856        2006-05-27                7          219
#> 3678        14375     814        2006-07-18                8          167
#> 3679        35283     674        2006-10-15               10           78
#> 3680         3913    1567        2006-04-30               13          246
#> 3681         6873    1124        2006-07-11               14          174
#> 3682        19197     878        2006-11-20               10           42
#> 3683        26136    1229        2006-06-19               14          196
#> 3684        32568     591        2006-09-21                7          102
#> 3685        33530    1069        2006-11-26               10           36
#> 3686        22143    1234        2005-11-07               11          420
#> 3687        14971     782        2006-07-25                9          160
#> 3688        10028     646        2005-07-01                6          549
#> 3689        25657    1103        2006-07-14               12          171
#> 3690        26161     805        2006-07-23                8          162
#> 3691        20229     512        2005-10-08                6          450
#> 3692        13607    1157        2006-08-02               12          152
#> 3693         3790     595        2006-08-25                9          129
#> 3694        25915     977        2005-12-04                9          393
#> 3695        21515     652        2006-12-17               10           15
#> 3696        14189     852        2005-11-28                7          399
#> 3697        10040     583        2005-11-28                7          399
#> 3698         8355     980        2006-11-21               14           41
#> 3699        35422     397        2006-12-23                6            9
#> 3700        32484    1079        2006-05-10               13          236
#> 3701         7849     702        2006-11-27                9           35
#> 3702         2182     755        2006-07-01                7          184
#> 3703        17051    1306        2006-11-24               14           38
#> 3704        19289     933        2006-07-01               11          184
#> 3705        10474    1327        2006-09-15               13          108
#> 3706        12162    1289        2006-07-11               15          174
#> 3707         1319    1143        2006-11-25               12           37
#> 3708         2717    1059        2006-10-16               10           77
#> 3709        18110     651        2006-09-20                9          103
#> 3710        25382    1251        2006-11-18               11           44
#> 3711        27934     809        2006-05-22                8          224
#> 3712        18211     491        2006-07-25                7          160
#> 3713         1941     775        2006-08-22                8          132
#> 3714        24830     894        2006-09-20                9          103
#> 3715        30540     991        2006-08-18                8          136
#> 3716         5356     321        2006-08-21                3          133
#> 3717        22109     395        2006-07-23                5          162
#> 3718        18367     877        2006-11-15               10           47
#> 3719         9411     892        2006-08-31                9          123
#> 3720         4959     161        2006-07-16                2          169
#> 3721        38910     659        2005-09-02                8          486
#> 3722        39372    1075        2006-09-16               12          107
#> 3723         6803    1299        2006-08-30               10          124
#> 3724        31426     896        2006-05-19                9          227
#> 3725        33211     543        2005-08-06                6          513
#> 3726         1060     766        2005-07-30                8          520
#> 3727        16580    1328        2006-05-13               13          233
#> 3728        12355     559        2006-08-03                6          151
#> 3729         8409    1087        2006-10-09               11           84
#> 3730        33005     953        2006-04-06                7          270
#> 3731        32747    1104        2006-10-24               12           69
#> 3732          209    1495        2006-11-01               16           61
#> 3733        34414     886        2006-04-19                8          257
#> 3734        14743     884        2006-10-28                8           65
#> 3735        18022     608        2006-08-30                8          124
#> 3736        20839    2239        2006-07-06               23          179
#> 3737        35278    1494        2006-10-17               16           76
#> 3738         7919     737        2006-12-13                8           19
#> 3739        31414    1207        2006-07-24               13          161
#> 3740        37323     755        2006-04-05                9          271
#> 3741        27647    1104        2006-09-29               11           94
#> 3742        27515     885        2006-06-17               12          198
#> 3743        36698     658        2006-11-15               10           47
#> 3744         3166     653        2006-12-19                9           13
#> 3745        39460    1468        2006-06-24               14          191
#> 3746         9496     696        2006-09-16                9          107
#> 3747        34052    1596        2006-09-17               16          106
#> 3748        13562     790        2006-04-01               10          275
#> 3749        12860    1051        2006-06-13               10          202
#> 3750        32987    1607        2006-09-10               15          113
#> 3751        26197     598        2006-01-07                5          359
#> 3752        13715     404        2006-12-26                4            6
#> 3753        10862     756        2006-09-22                9          101
#> 3754        11840     498        2006-04-15                8          261
#> 3755        36189    1404        2006-11-13                9           49
#> 3756          616     792        2006-07-11               10          174
#> 3757        34964     723        2006-06-15                7          200
#> 3758        27875     785        2005-11-20                7          407
#> 3759        22936     786        2006-05-11                8          235
#> 3760        32256    1112        2006-07-17               11          168
#> 3761         4542    1465        2006-12-23               13            9
#> 3762        27919     527        2006-09-27                9           96
#> 3763        13717     724        2006-12-12                6           20
#> 3764        21752     713        2006-09-06                7          117
#> 3765        24716    1081        2006-12-22               12           10
#> 3766        21869    1121        2006-08-28               15          126
#> 3767         4938     464        2006-06-28                5          187
#> 3768         8474     829        2006-12-02               10           30
#> 3769        25178    1418        2006-10-31               13           62
#> 3770         3575    1198        2006-05-14               15          232
#> 3771        13280    1034        2006-07-13                8          172
#> 3772        29706    1413        2006-07-01               15          184
#> 3773        32223     539        2006-08-11                9          143
#> 3774        33926    1339        2006-01-14               12          352
#> 3775         1679    1035        2006-09-12               12          111
#> 3776        25058     248        2006-05-03                4          243
#> 3777          605     956        2006-09-02                9          121
#> 3778         9190    1344        2006-09-18               13          105
#> 3779        36623    1016        2006-10-23               11           70
#> 3780         6877     934        2006-07-22                8          163
#> 3781        33396    1092        2006-06-15               11          200
#> 3782        36060     922        2006-04-16               10          260
#> 3783        14800    1242        2006-09-12               14          111
#> 3784        15986     810        2006-09-30               11           93
#> 3785        28502     482        2006-08-23                7          131
#> 3786         1880    1081        2006-06-27               11          188
#> 3787        18286    1039        2006-07-01               10          184
#> 3788        18053    1098        2006-05-25               13          221
#> 3789        28441    1031        2006-10-26               11           67
#> 3790        33853    1030        2006-09-12                9          111
#> 3791        16225    1211        2006-09-24               13           99
#> 3792        19095     319        2006-11-03                5           59
#> 3793        21594    1086        2006-08-26               10          128
#> 3794        22589    1169        2006-03-10               12          297
#> 3795         8803    1351        2006-06-26               14          189
#> 3796         9603     880        2006-03-05                9          302
#> 3797        33345     777        2006-08-27                8          127
#> 3798        36194     846        2006-07-06                7          179
#> 3799         9425    1003        2006-12-14                9           18
#> 3800        10886    1284        2006-10-18               11           75
#> 3801        39426    1063        2006-08-05               12          149
#> 3802        10794     580        2005-05-26                6          585
#> 3803        30391     948        2006-04-28               11          248
#> 3804         7039     900        2006-07-26               11          159
#> 3805        21867    1109        2006-09-22               12          101
#> 3806        24346     648        2005-12-06                9          391
#> 3807         7578    1448        2006-11-01               13           61
#> 3808        23649    1177        2006-08-17               10          137
#> 3809        34495    1597        2006-10-08               13           85
#> 3810         4999    1331        2006-08-26               14          128
#> 3811        37928     853        2006-05-25                8          221
#> 3812         1775    1406        2006-11-21               12           41
#> 3813         6656    1432        2006-09-21               14          102
#> 3814        16161     320        2006-06-06                4          209
#> 3815        10334     867        2006-07-01                9          184
#> 3816        30351     765        2006-11-14                7           48
#> 3817         8589     882        2006-08-28                7          126
#> 3818        28400     989        2006-04-29                9          247
#> 3819        19608     747        2006-07-14                9          171
#> 3820        12895     798        2006-10-25                9           68
#> 3821        27499     606        2006-07-16                7          169
#> 3822        25433     850        2005-11-16                6          411
#> 3823        23155     964        2006-05-05               10          241
#> 3824        29778     597        2006-11-10                6           52
#> 3825        23673    1197        2006-06-16               14          199
#> 3826        28649    1217        2006-07-11               10          174
#> 3827        22034     561        2005-10-14                8          444
#> 3828        11675     988        2006-11-10                6           52
#> 3829        12338    1144        2006-09-04               10          119
#> 3830        25147     515        2006-05-01                7          245
#> 3831        24883     764        2006-12-13                6           19
#> 3832        29790     358        2005-09-16                3          472
#> 3833        14035    1511        2006-11-03               15           59
#> 3834         2790     480        2006-03-20                6          287
#> 3835         4632     662        2006-02-10                7          325
#> 3836        30133     562        2006-03-16                6          291
#> 3837        20520    1201        2006-04-06               10          270
#> 3838        28407     762        2006-09-16                7          107
#> 3839        28908     401        2006-08-18                5          136
#> 3840        32264     673        2006-07-19                8          166
#> 3841          989     301        2006-12-16                5           16
#> 3842        39021     758        2006-10-27               10           66
#> 3843        13223    1328        2006-10-29               12           64
#> 3844         6699     931        2006-08-15                8          139
#> 3845        11064     664        2006-10-24                7           69
#> 3846        26652     982        2006-08-25               11          129
#> 3847        34086    1062        2006-09-21               10          102
#> 3848        37287    1151        2006-09-30               11           93
#> 3849        36176     974        2006-09-09               13          114
#> 3850        21132    1444        2006-10-31               11           62
#> 3851        32898     795        2005-10-31               12          427
#> 3852          686     957        2006-06-24               13          191
#> 3853        16223    1659        2006-12-09               18           23
#> 3854        34416    1022        2006-12-10               11           22
#> 3855        38801    1114        2005-09-21               10          467
#> 3856          855    1288        2006-08-30               11          124
#> 3857        10113    1054        2006-10-14                8           79
#> 3858         4010    1065        2006-09-20               14          103
#> 3859         9175     781        2006-06-28                7          187
#> 3860        32368     314        2006-10-03                4           90
#> 3861        12409     295        2006-04-03                4          273
#> 3862        22393     388        2006-10-14                6           79
#> 3863        15391     679        2006-06-08                7          207
#> 3864        31202    1184        2006-12-16               12           16
#> 3865        28544     798        2006-08-07               12          147
#> 3866        19005    1047        2006-11-04                9           58
#> 3867        18513     529        2006-08-19                8          135
#> 3868         3403     328        2005-06-20                3          560
#> 3869        21774    1213        2006-10-22               11           71
#> 3870        12050     343        2006-06-10                7          205
#> 3871        20887     956        2006-07-15               11          170
#> 3872        27508    1160        2005-10-23               11          435
#> 3873        20023     680        2005-07-01                7          549
#> 3874        25009     639        2006-08-25               10          129
#> 3875        32948    1116        2006-10-06               12           87
#> 3876          796     742        2006-05-17               11          229
#> 3877         6776     534        2005-06-22                6          558
#> 3878           33    1077        2006-08-13               11          141
#> 3879        27262    1150        2006-08-02               14          152
#> 3880        19687     955        2006-12-19                9           13
#> 3881        39887     776        2005-12-14                8          383
#> 3882         6842     600        2006-11-11               11           51
#> 3883        10191     831        2006-06-18                7          197
#> 3884        14934     774        2006-02-20                8          315
#> 3885        19072     617        2006-07-19                6          166
#> 3886         3958     962        2006-10-18               12           75
#> 3887        17371     818        2006-08-30                9          124
#> 3888        10916    1250        2006-12-02               13           30
#> 3889        35766    1050        2006-06-02               10          213
#> 3890        14039    1056        2006-11-13               14           49
#> 3891        34929    1367        2006-01-28               17          338
#> 3892         6378     592        2005-12-24                6          373
#> 3893        26459    1886        2006-10-15               16           78
#> 3894         6346     841        2006-10-17                8           76
#> 3895         5202     634        2006-10-09                8           84
#> 3896        24107     919        2006-10-05               13           88
#> 3897        36807    1018        2006-08-02               12          152
#> 3898         9477     931        2006-09-14                9          109
#> 3899         8553     858        2006-11-30               10           32
#> 3900        31337     704        2006-04-13                9          263
#> 3901        33006     541        2006-07-25                7          160
#> 3902         1969    1140        2006-08-01               11          153
#> 3903        23603     947        2006-02-18               11          317
#> 3904        26575     985        2006-09-28               13           95
#> 3905         4939    1118        2006-11-13               11           49
#> 3906        35829    1463        2006-10-15               13           78
#> 3907        19820     673        2005-07-07                5          543
#> 3908         9567     515        2006-06-04                4          211
#> 3909        26082     628        2006-07-17                6          168
#> 3910        16068    1605        2006-03-26               14          281
#> 3911        28676    1123        2006-04-09               11          267
#> 3912           78     762        2006-08-12                6          142
#> 3913        31100     709        2006-07-26               12          159
#> 3914        16063     587        2006-02-13                9          322
#> 3915        35916     503        2006-04-16                7          260
#> 3916        39097    1321        2006-10-02               15           91
#> 3917        10534     415        2006-08-01                5          153
#> 3918        12657     516        2006-05-12                7          234
#> 3919          747    1157        2006-10-31               12           62
#> 3920        18325    1268        2006-10-22               16           71
#> 3921          144     354        2005-08-19                5          500
#> 3922        34538     886        2006-08-14               11          140
#> 3923         6206     688        2006-08-03                9          151
#> 3924        12991     506        2006-10-15                8           78
#> 3925        12567    1103        2006-10-15               13           78
#> 3926        32370     989        2006-08-03               12          151
#> 3927        29655    1285        2006-10-30               12           63
#> 3928        39206    1080        2005-11-28                8          399
#> 3929        36162    1354        2006-07-04               15          181
#> 3930        24167     701        2006-09-27                8           96
#> 3931         7507     835        2006-09-15                9          108
#> 3932        21484    1115        2006-10-15               11           78
#> 3933         4850    1689        2006-12-05               12           27
#> 3934        16519     664        2006-09-22               10          101
#> 3935         8233     570        2006-06-18                8          197
#> 3936         6443    1074        2006-09-19               10          104
#> 3937        17226    1112        2006-05-28               11          218
#> 3938        14694     833        2006-04-24               10          252
#> 3939          169     934        2006-10-13                8           80
#> 3940        28085    1179        2006-09-19               14          104
#> 3941        34051    1328        2006-10-05               11           88
#> 3942        11659     992        2006-06-03               12          212
#> 3943         8486     836        2006-05-02               10          244
#> 3944        39026     627        2006-07-16                6          169
#> 3945        39945     534        2005-09-22                9          466
#> 3946        11383    1330        2006-10-22               11           71
#> 3947        33952     846        2006-07-13               10          172
#> 3948         4117     521        2006-11-06                5           56
#> 3949        34685     753        2006-10-21                8           72
#> 3950        38683     940        2006-10-13                9           80
#> 3951        21249     416        2006-01-10                4          356
#> 3952        15733     749        2006-12-03                8           29
#> 3953        21940     493        2005-05-14                6          597
#> 3954        16157     331        2006-03-12                5          295
#> 3955         7049     919        2006-06-16               10          199
#> 3956        32032     925        2005-11-18               12          409
#> 3957         5108     742        2006-07-22               13          163
#> 3958         5070    1068        2006-10-01               11           92
#> 3959         8161     859        2006-08-06                9          148
#> 3960        14175    1325        2006-10-25               13           68
#> 3961         2788     424        2006-09-12                6          111
#> 3962        35298     802        2006-09-07                6          116
#> 3963         1281    1337        2006-09-27               12           96
#> 3964        11731     704        2005-11-07                8          420
#> 3965         8929     598        2006-09-17                7          106
#> 3966        20301    1466        2006-12-20               17           12
#> 3967        15355     615        2005-12-17                7          380
#> 3968        34177     506        2005-12-10                8          387
#> 3969        12463     590        2006-12-28               10            4
#> 3970        26808     527        2006-09-13                6          110
#> 3971         4099     899        2006-12-23                9            9
#> 3972        27414     227        2005-11-30                4          397
#> 3973         4410     954        2006-11-09               13           53
#> 3974        34307     881        2006-11-16                9           46
#> 3975        14849     836        2006-04-26                6          250
#> 3976        28873    1137        2006-08-29               12          125
#> 3977        24007    1142        2006-08-13               10          141
#> 3978         5162     434        2006-09-04                7          119
#> 3979        24080    1191        2006-06-11               14          204
#> 3980        32085     924        2006-12-04               12           28
#> 3981        14007    1503        2006-05-08               11          238
#> 3982         4310     495        2006-12-11                5           21
#> 3983        20810    1018        2006-12-24               12            8
#> 3984        26991     948        2006-10-03                9           90
#> 3985         8769     532        2006-01-13               10          353
#> 3986          140     842        2006-06-15               10          200
#> 3987        23743     516        2005-08-04                5          515
#> 3988        36614     853        2006-08-05               12          149
#> 3989         8568     843        2006-08-04                7          150
#> 3990        28388     856        2006-04-06                8          270
#> 3991        17912     639        2006-06-23                7          192
#> 3992        27915    1406        2006-06-20               11          195
#> 3993         6653     409        2006-06-02                6          213
#> 3994        38948    1458        2006-08-21               17          133
#> 3995         5332     716        2006-10-09                7           84
#> 3996         6446     986        2006-12-08               10           24
#> 3997        13625     920        2006-10-09               11           84
#> 3998        26461    1290        2006-06-18               12          197
#> 3999         5210     652        2006-07-30                8          155
#> 4000        10127     809        2006-10-08                9           85
#> 4001        34030     969        2006-04-11                9          265
#> 4002        20265    1088        2006-08-04               10          150
#> 4003        39118    1050        2006-09-04               14          119
#> 4004        18271    1307        2006-08-23               13          131
#> 4005        38735     853        2006-06-14                7          201
#> 4006        35742     446        2005-08-29                6          490
#> 4007        11134     556        2005-10-30                5          428
#> 4008        14665     861        2006-03-18               10          289
#> 4009        33304     700        2005-12-19                7          378
#> 4010        31622     690        2006-10-17                9           76
#> 4011        30278    1145        2006-11-19               12           43
#> 4012        26138    1179        2006-06-25                9          190
#> 4013         9972     626        2006-07-03                8          182
#> 4014        33018    1266        2006-08-02               13          152
#> 4015         4130     416        2005-12-09                6          388
#> 4016        21724    1034        2006-07-05               13          180
#> 4017        21495    1061        2006-11-30               12           32
#> 4018         8493     568        2006-04-01                5          275
#> 4019         4134     629        2006-07-12                5          173
#> 4020        20757     860        2005-09-23               11          465
#> 4021        20252     575        2006-07-14                7          171
#> 4022        32916     366        2006-08-31                5          123
#> 4023        32854    1053        2006-08-29               12          125
#> 4024         4829     840        2006-07-30               12          155
#> 4025        24458    1526        2006-05-10               14          236
#> 4026        18019     566        2006-10-05                5           88
#> 4027        26397    1471        2006-08-13               15          141
#> 4028        14599    1004        2006-03-10               13          297
#> 4029        32524    1106        2006-07-02               14          183
#> 4030        18632    1125        2006-07-28               15          157
#> 4031        17779     762        2006-07-26               10          159
#> 4032        27763     376        2006-05-18                5          228
#> 4033        30109     772        2006-12-02                9           30
#> 4034        32290     790        2005-07-10                7          540
#> 4035         1423     593        2006-09-26                8           97
#> 4036        27277     908        2006-08-26               10          128
#> 4037         4286     534        2006-11-27                7           35
#> 4038        36270     757        2006-09-14                8          109
#> 4039         9121    1813        2006-05-22               15          224
#> 4040        24721     353        2006-09-20                5          103
#> 4041        14568     810        2006-05-27                9          219
#> 4042        26925     746        2006-09-06                8          117
#> 4043        19998    1106        2006-11-20               10           42
#> 4044        39642     777        2006-12-29               10            3
#> 4045        33872    1116        2006-07-11               13          174
#> 4046        36354    1069        2006-11-27               13           35
#> 4047         1695    1589        2006-10-18               16           75
#> 4048          675    1005        2006-11-27               12           35
#> 4049        20683     357        2006-02-04                4          331
#> 4050        18825     968        2006-09-02               10          121
#> 4051           42     825        2006-06-13                7          202
#> 4052        10401     796        2006-09-06                9          117
#> 4053         5805     779        2006-09-06                6          117
#> 4054        18786     969        2006-12-27                8            5
#> 4055        17804     601        2005-10-20               10          438
#> 4056         4973    1170        2006-08-07               13          147
#> 4057        11899     944        2006-09-28               13           95
#> 4058        11773     894        2006-08-16               10          138
#> 4059        27436     712        2006-10-10                7           83
#> 4060         1721     825        2006-01-14                8          352
#> 4061        21715     758        2006-10-02                8           91
#> 4062        13089    1001        2006-09-05               13          118
#> 4063        27656     789        2005-10-26               10          432
#> 4064        12311    1218        2005-12-07               11          390
#> 4065          878    1203        2005-11-08               11          419
#> 4066        11361     978        2006-09-28               12           95
#> 4067         9021    1149        2006-12-07                9           25
#> 4068        33582     536        2006-09-27                9           96
#> 4069        39859     893        2006-03-10                9          297
#> 4070        24180    1049        2006-02-24               13          311
#> 4071         7148    1264        2006-06-04               10          211
#> 4072        17129    1344        2006-10-26               12           67
#> 4073        23089    1544        2006-12-16               14           16
#> 4074         2500    1040        2006-12-25               12            7
#> 4075        36564     492        2006-07-22                6          163
#> 4076        33058    1426        2006-08-31               17          123
#> 4077        37396     785        2005-09-20               10          468
#> 4078         9009     508        2006-06-23                7          192
#> 4079         2793    1362        2006-11-17               13           45
#> 4080        37802     502        2006-06-08                8          207
#> 4081         9918    1076        2006-09-03               11          120
#> 4082        26888    1277        2006-06-03               10          212
#> 4083        20361    1321        2006-11-29               13           33
#> 4084        13424    1298        2006-10-20               13           73
#> 4085        29439     639        2006-05-03                9          243
#> 4086         3233    1288        2006-10-19                9           74
#> 4087        13970    1180        2006-08-29               14          125
#> 4088        15729     551        2006-10-04                7           89
#> 4089        10531    1177        2006-12-21               14           11
#> 4090        28788     839        2006-01-18                7          348
#> 4091        34358     731        2006-05-31                7          215
#> 4092         2250     713        2006-07-11                7          174
#> 4093        34632     837        2005-09-16               10          472
#> 4094        14063    2047        2005-12-31               16          366
#> 4095        23041     508        2005-10-08                8          450
#> 4096        32062    1143        2006-07-27               13          158
#> 4097        10188     825        2006-10-12                8           81
#> 4098        32989     930        2006-08-27               10          127
#> 4099        36206     385        2006-11-24                7           38
#> 4100        33562     489        2006-05-24                5          222
#> 4101        39226     246        2005-05-30                3          581
#> 4102        12239    1377        2006-04-30               14          246
#> 4103        35517     667        2006-09-23                9          100
#> 4104        18563    1090        2006-11-24               10           38
#> 4105        29127    1056        2006-05-07                9          239
#> 4106        12923     768        2006-10-26                9           67
#> 4107         2252     575        2006-05-27                5          219
#> 4108         4742     422        2006-05-29                4          217
#> 4109        14926    1597        2006-11-09               17           53
#> 4110        25475    1039        2006-08-08                9          146
#> 4111         6546    1430        2006-08-06               11          148
#> 4112         5263     569        2006-05-22                7          224
#> 4113        21436     838        2006-05-19                8          227
#> 4114          402    1103        2006-07-25               11          160
#> 4115        15113    1172        2005-09-03               11          485
#> 4116        35607     940        2006-09-14               10          109
#> 4117         5950     357        2006-02-13                4          322
#> 4118        38207    1391        2006-09-08               14          115
#> 4119         1740    1099        2005-12-24                9          373
#> 4120        20027    1096        2006-07-25                7          160
#> 4121         1533     917        2006-09-01               12          122
#> 4122        29452     277        2005-08-05                4          514
#> 4123        30284     957        2006-06-17               12          198
#> 4124         3145    1246        2006-05-27               17          219
#> 4125         7881    1150        2006-08-24               13          130
#> 4126        12309    1164        2006-04-21               12          255
#> 4127         8584    1042        2006-07-06                9          179
#> 4128        16504     794        2006-11-22                7           40
#> 4129        22047     744        2006-11-13                9           49
#> 4130        35218     601        2006-09-25                8           98
#> 4131         9463     691        2006-04-30                9          246
#> 4132        17178     490        2006-11-13                6           49
#> 4133        24849     477        2006-11-07                6           55
#> 4134         4305    1378        2006-08-22               12          132
#> 4135         1448    1077        2005-12-13               10          384
#> 4136         8269    1341        2006-10-11               14           82
#> 4137        29846     829        2006-04-08                7          268
#> 4138        10291     532        2006-06-22                7          193
#> 4139        18995    1512        2006-09-18               12          105
#> 4140        25955     688        2006-08-21               11          133
#> 4141        36024     994        2006-10-21               10           72
#> 4142         7395     701        2006-11-04                8           58
#> 4143        11354     978        2006-12-10               11           22
#> 4144         2864     659        2005-10-13                8          445
#> 4145        26784     767        2006-04-06                7          270
#> 4146        35981     645        2006-10-08                9           85
#> 4147        27050     752        2005-12-18                8          379
#> 4148         3297    1256        2006-11-23               13           39
#> 4149         7788     794        2006-06-15                6          200
#> 4150        16135     975        2006-08-02                9          152
#> 4151        22398     921        2006-12-06                6           26
#> 4152        31795     973        2006-05-11                9          235
#> 4153        36878     716        2005-10-03                6          455
#> 4154         8298     148        2006-06-14                6          201
#> 4155        16564     973        2005-08-29               10          490
#> 4156        30611     377        2006-09-02                5          121
#> 4157        34736     895        2006-09-09                9          114
#> 4158        13756     381        2006-08-20                5          134
#> 4159         9347     835        2006-05-31                8          215
#> 4160        18891    1458        2006-06-18               12          197
#> 4161         9448    1000        2006-07-23                9          162
#> 4162         5693     357        2006-07-24                4          161
#> 4163         6163     820        2006-08-05                9          149
#> 4164        10412    1283        2006-11-05               14           57
#> 4165        27666    1117        2006-10-19                9           74
#> 4166          544     649        2006-11-11               10           51
#> 4167        10612     942        2005-12-18               10          379
#> 4168        36810     800        2006-09-18               10          105
#> 4169        37270     664        2006-07-20                9          165
#> 4170        19069     708        2006-04-24                8          252
#> 4171         6611     866        2005-10-06                9          452
#> 4172         5444     488        2006-06-06                8          209
#> 4173        19408    1028        2006-10-05               11           88
#> 4174        34117    1320        2006-08-10               12          144
#> 4175        35561     871        2006-02-05               10          330
#> 4176           97    1146        2006-10-09               10           84
#> 4177        31113     830        2006-07-16               10          169
#> 4178        38228     695        2006-04-14                9          262
#> 4179         7646     679        2006-07-22                9          163
#> 4180        19890     750        2006-05-17                9          229
#> 4181        33354     920        2006-10-11               10           82
#> 4182        33303     978        2006-07-04               11          181
#> 4183        18602    1078        2006-08-18               10          136
#> 4184          335     940        2006-08-11               10          143
#> 4185        30442    1172        2006-05-06                8          240
#> 4186        22818     358        2006-06-18                7          197
#> 4187        33356     687        2006-11-28               10           34
#> 4188        30389     930        2006-09-12                9          111
#> 4189        34421     778        2006-06-20               10          195
#> 4190         2419    1118        2005-11-01               16          426
#> 4191         9069     960        2006-12-30               10            2
#> 4192        39399    1031        2006-11-20                9           42
#> 4193        26538    1028        2006-05-12               10          234
#> 4194        17331     542        2006-09-25                5           98
#> 4195        28304     852        2006-12-05                9           27
#> 4196        11682     918        2006-10-13               13           80
#> 4197        30732    1796        2006-07-10               15          175
#> 4198        14552     965        2006-08-18                9          136
#> 4199        13544     209        2005-07-16                3          534
#> 4200        24638     915        2006-11-27                8           35
#> 4201        23755     839        2006-07-31                7          154
#> 4202         6300     635        2006-11-04                8           58
#> 4203        20004    1187        2005-11-12               11          415
#> 4204        27139     557        2005-12-12                6          385
#> 4205        11456     780        2005-08-25                5          494
#> 4206         8698     871        2006-11-23                9           39
#> 4207        31092    1047        2006-06-09               12          206
#> 4208        10414     707        2006-11-19                9           43
#> 4209        36410     731        2006-07-24                9          161
#> 4210        13141     618        2006-10-11                8           82
#> 4211        38988    1588        2006-12-02               15           30
#> 4212        19445    1450        2006-11-05               12           57
#> 4213         6489    1424        2005-09-30               14          458
#> 4214        38460     565        2005-06-08                8          572
#> 4215         4521    1428        2006-10-27               15           66
#> 4216        30390     921        2006-07-23               10          162
#> 4217        34999    1290        2006-10-14               13           79
#> 4218         3042    1021        2006-04-02               12          274
#> 4219        16976    1013        2006-10-02               13           91
#> 4220        12500     317        2006-07-02                7          183
#> 4221        32755    1201        2006-10-14               12           79
#> 4222        23684     451        2006-06-28                5          187
#> 4223        32765    1010        2005-11-28               10          399
#> 4224        26142    1757        2006-08-30               16          124
#> 4225        35811     794        2006-05-11               10          235
#> 4226         4116     567        2006-07-17                8          168
#> 4227        28036     300        2006-08-15                5          139
#> 4228        32553     750        2006-08-08                8          146
#> 4229        32207     584        2005-10-21                7          437
#> 4230          727    1214        2006-10-21               10           72
#> 4231         4121     830        2006-09-04                8          119
#> 4232        27431     406        2005-02-01                3          699
#> 4233        21579     430        2006-06-08                7          207
#> 4234         7107     876        2006-08-29                7          125
#> 4235        21895     786        2006-10-31                8           62
#> 4236        16670     864        2006-10-20                9           73
#> 4237        36299    1383        2006-11-06               14           56
#> 4238        23234     788        2006-10-04                5           89
#> 4239        21112     846        2006-08-01               10          153
#> 4240        31165     619        2006-07-23                8          162
#> 4241        10881     657        2006-09-08                9          115
#> 4242           41     554        2005-12-01                5          396
#> 4243        21748     665        2006-08-19                6          135
#> 4244        12258    1661        2006-07-23               14          162
#> 4245        14414     349        2006-07-04                6          181
#> 4246        38571    1661        2006-11-05               18           57
#> 4247         5982    1175        2006-10-16               12           77
#> 4248        26803     863        2006-09-18               11          105
#> 4249        24656    1180        2006-08-01               11          153
#> 4250        27897     823        2006-04-26                9          250
#> 4251        30496    1599        2006-09-15               17          108
#> 4252        31535     748        2005-12-26                8          371
#> 4253         6372     704        2006-03-05               10          302
#> 4254        35222     810        2006-10-02               11           91
#> 4255        10371     524        2006-08-29               10          125
#> 4256        19025    1101        2006-08-02               13          152
#> 4257        12496     995        2006-07-31               10          154
#> 4258        36013    1498        2005-12-09               12          388
#> 4259        32174    1157        2006-08-31               11          123
#> 4260         3224    1004        2006-10-29               10           64
#> 4261        26394    1244        2005-10-28               11          430
#> 4262        30055     938        2006-10-13               11           80
#> 4263        26163    1266        2005-11-23               10          404
#> 4264        28285     746        2006-03-13                6          294
#> 4265        38987     869        2006-09-01                8          122
#> 4266        34817     523        2006-09-19                8          104
#> 4267        21374     913        2006-07-23               12          162
#> 4268        26355    1008        2006-05-30               10          216
#> 4269         8402     896        2006-12-17               10           15
#> 4270        26214     439        2006-05-10                6          236
#> 4271        22796     484        2006-07-11                6          174
#> 4272        36079     732        2006-05-26                8          220
#> 4273        34678    1289        2005-12-06               11          391
#> 4274        17034     887        2006-07-20               10          165
#> 4275         6270     958        2006-04-09                8          267
#> 4276         6122    1311        2006-10-01               11           92
#> 4277        22910     998        2006-11-22               11           40
#> 4278        36924     673        2006-09-21                8          102
#> 4279        35017    1319        2006-10-27               13           66
#> 4280        24469    1098        2006-05-03                9          243
#> 4281        18085     913        2006-05-01               12          245
#> 4282        26841    1523        2006-06-21               14          194
#> 4283        18382     679        2006-08-04                8          150
#> 4284        16329    1368        2006-05-02               12          244
#> 4285         4616    1110        2006-06-03                8          212
#> 4286        10548     901        2006-12-03                7           29
#> 4287        30439    1111        2005-10-05               10          453
#> 4288        17370     739        2006-06-04                6          211
#> 4289        16996    1443        2006-10-04               19           89
#> 4290        30260    2106        2006-10-13               18           80
#> 4291        15858     622        2005-11-06                6          421
#> 4292        30761     983        2006-09-01               10          122
#> 4293        25276     607        2006-07-22                6          163
#> 4294        20218     949        2006-06-09               10          206
#> 4295         2831    1333        2006-06-09               17          206
#> 4296        34498     820        2006-06-25               10          190
#> 4297        36340    1056        2006-05-22               12          224
#> 4298        11439     843        2006-05-09                9          237
#> 4299        34426     705        2006-11-22                8           40
#> 4300         2875     937        2005-07-25               11          525
#> 4301        29955     460        2006-05-01                9          245
#> 4302        10728    1375        2006-11-20               16           42
#> 4303         7343    1265        2006-08-28               15          126
#> 4304         3036     807        2006-11-10                7           52
#> 4305        15638    1323        2006-08-28               16          126
#> 4306        31312     450        2006-03-16                9          291
#> 4307        23459     536        2006-03-03                7          304
#> 4308         9010     809        2006-11-01               10           61
#> 4309          523     975        2006-08-17               12          137
#> 4310         1365    1076        2006-08-18               10          136
#> 4311         8665     751        2006-11-10                8           52
#> 4312         3108     158        2006-05-29                5          217
#> 4313        34819    1399        2006-09-26               15           97
#> 4314        37469    1361        2006-09-17               14          106
#> 4315        28554    1622        2006-08-05               16          149
#> 4316         2647    1456        2006-10-08               12           85
#> 4317        26661     707        2006-09-01                8          122
#> 4318         9552     733        2006-12-26                8            6
#> 4319        23296     906        2006-08-10               10          144
#> 4320        18350    1300        2006-10-10               15           83
#> 4321        11427     900        2006-07-05                7          180
#> 4322        18557     752        2006-10-22                8           71
#> 4323         7901     788        2006-02-12                8          323
#> 4324        12546    1003        2006-09-20                8          103
#> 4325        35647    1545        2006-08-24               15          130
#> 4326          979    1884        2006-10-04               21           89
#> 4327        33751    1274        2006-05-14               12          232
#> 4328         8494    1805        2006-11-05               15           57
#> 4329        23359     282        2006-04-19                6          257
#> 4330         3124     494        2006-03-30                7          277
#> 4331         9988     436        2005-10-04                5          454
#> 4332        14350     884        2005-09-28                7          460
#> 4333        22189     836        2006-07-01                9          184
#> 4334        13548    1325        2006-08-03               12          151
#> 4335        37896    1163        2006-10-25               10           68
#> 4336        36351     781        2006-09-29                7           94
#> 4337        14048     743        2006-03-30                8          277
#> 4338        26280    1547        2006-08-04               21          150
#> 4339          509     836        2006-12-05               11           27
#> 4340         7851    1845        2006-11-11               16           51
#> 4341        20237     642        2005-04-18                8          623
#> 4342         9535     822        2006-09-16                9          107
#> 4343        27088     796        2005-10-22                7          436
#> 4344         7886    1240        2006-05-05               12          241
#> 4345        37557    1165        2006-10-28               10           65
#> 4346        33970    1537        2006-06-06               16          209
#> 4347        22740     566        2006-03-07                7          300
#> 4348         8752    1038        2006-11-07               11           55
#> 4349        18480     758        2006-11-02                6           60
#> 4350         7091     939        2006-08-27               12          127
#> 4351          387    1053        2005-11-12                9          415
#> 4352         4989     674        2006-09-30                6           93
#> 4353        34361     869        2006-07-15                9          170
#> 4354        27017     944        2005-10-28                7          430
#> 4355        17703     586        2005-10-12                6          446
#> 4356        30888    1062        2006-07-22               11          163
#> 4357        28114     456        2005-07-31                5          519
#> 4358        23158     829        2006-09-08               11          115
#> 4359        25875    1299        2006-10-02               13           91
#> 4360        17277    1187        2006-07-18               12          167
#> 4361        16103     532        2006-06-07                6          208
#> 4362        13855     996        2006-04-15               10          261
#> 4363        25174     406        2006-06-21                6          194
#> 4364         5037     765        2006-06-21               10          194
#> 4365         4668     562        2006-04-08                6          268
#> 4366        10671     793        2006-09-08                9          115
#> 4367        11801    1456        2006-11-11               16           51
#> 4368        39902    1167        2006-01-17                8          349
#> 4369         6240     706        2006-06-04               11          211
#> 4370        21215    1018        2006-03-21               12          286
#> 4371        20040    1443        2006-10-05               14           88
#> 4372         8408     480        2005-09-18                6          470
#> 4373        36441     865        2006-10-02                9           91
#> 4374        12122     802        2006-12-19               10           13
#> 4375         2968     880        2006-10-25                7           68
#> 4376        25086     587        2006-12-05                8           27
#> 4377        13451     470        2006-08-16                4          138
#> 4378        36027     318        2006-11-20                6           42
#> 4379        14321     735        2006-01-22                8          344
#> 4380         4579     603        2006-12-22                7           10
#> 4381        17384    1067        2006-07-30               11          155
#> 4382        24564     507        2006-12-19                6           13
#> 4383        36386    1235        2006-10-03               11           90
#> 4384        17171     896        2005-12-18                9          379
#> 4385        14593    1353        2006-08-21               13          133
#> 4386        35187    1073        2006-06-24               12          191
#> 4387         2632    1594        2006-06-12               14          203
#> 4388        15848     410        2006-06-19                7          196
#> 4389         9291     532        2005-12-08                7          389
#> 4390        34723    1026        2006-03-08               11          299
#> 4391        24478    1146        2006-06-20               11          195
#> 4392        12734    1503        2006-11-20               16           42
#> 4393        18289    1062        2006-06-30                9          185
#> 4394        17893    1009        2006-12-27               13            5
#> 4395        18209    1941        2006-10-13               15           80
#> 4396        18364    1476        2006-07-25               13          160
#> 4397        38321     861        2006-06-21                7          194
#> 4398        30266    1395        2006-12-30               15            2
#> 4399        18415    1367        2006-08-16               12          138
#> 4400        23956     869        2006-05-30                8          216
#> 4401         9399    1169        2006-05-30                9          216
#> 4402        18660     439        2005-06-16                5          564
#> 4403         4609    1356        2006-07-26               16          159
#> 4404         4485     186        2005-08-25                5          494
#> 4405        24376     554        2006-07-01                8          184
#> 4406         2358     410        2005-11-04                7          423
#> 4407        31375     402        2006-05-19                5          227
#> 4408         7979    1467        2006-09-15               13          108
#> 4409        12318     594        2006-07-26                7          159
#> 4410        30584     335        2006-10-15                5           78
#> 4411        22504     710        2006-04-17                9          259
#> 4412         3675    1300        2006-06-11               11          204
#> 4413        30019    1455        2006-08-15               13          139
#> 4414        35031    1382        2006-07-30               15          155
#> 4415        15102     721        2006-12-16                9           16
#> 4416        27929     667        2006-08-08               12          146
#> 4417        26478     690        2006-07-21                7          164
#> 4418        30249     959        2006-10-02               12           91
#> 4419          820    1013        2006-08-02                8          152
#> 4420        26255     751        2006-07-27                9          158
#> 4421        19479    1562        2006-08-17               14          137
#> 4422        36026     841        2005-09-10                6          478
#> 4423        24801     826        2005-09-08                7          480
#> 4424        23458     960        2005-09-29                9          459
#> 4425        10101    1354        2005-11-21               14          406
#> 4426         3851    1170        2006-10-07               11           86
#> 4427        30332     491        2006-07-20                7          165
#> 4428        27522    1238        2006-03-06               11          301
#> 4429        39075    1369        2006-07-07               12          178
#> 4430        32947     754        2006-03-23               10          284
#> 4431         6957    1300        2006-02-19               12          316
#> 4432        22928     836        2006-05-22                7          224
#> 4433        10648     830        2006-08-29                9          125
#> 4434        35823     659        2006-06-17                6          198
#> 4435         7511     925        2006-11-14               10           48
#> 4436          188    1018        2006-08-04                9          150
#> 4437        20260     943        2006-10-10               10           83
#> 4438        15659     921        2006-12-04                7           28
#> 4439        39478    1328        2006-06-18               13          197
#> 4440        30339    1176        2006-04-29               12          247
#> 4441         7982    1010        2006-02-19                9          316
#> 4442         8725    1043        2006-11-01               12           61
#> 4443        24606     436        2005-10-11                5          447
#> 4444        21937     805        2006-12-27                8            5
#> 4445        21672    1576        2006-10-21               13           72
#> 4446         8321     873        2006-08-19                9          135
#> 4447        10219     872        2006-10-22               13           71
#> 4448        19108     483        2006-09-23                6          100
#> 4449        34995    1376        2006-07-29               13          156
#> 4450        37054     987        2006-08-16                9          138
#> 4451        33978     906        2006-08-14               12          140
#> 4452        39882     810        2006-11-17                8           45
#> 4453        21393    1502        2006-09-10               12          113
#> 4454        24138     711        2006-09-04                7          119
#> 4455        25938    1003        2006-07-12               11          173
#> 4456        34189     341        2005-09-15                3          473
#> 4457        12805     857        2006-09-07               13          116
#> 4458        32806     854        2006-08-26               10          128
#> 4459         7440    1148        2006-11-09               11           53
#> 4460        21007    1118        2006-05-30               10          216
#> 4461        30181    1021        2006-09-26                9           97
#> 4462         2858     506        2006-04-15                7          261
#> 4463        18728    1134        2006-10-05               10           88
#> 4464        10549    1308        2006-09-22               10          101
#> 4465         4884    1039        2006-11-04                9           58
#> 4466        31639     877        2006-07-30               10          155
#> 4467        37124     404        2005-11-30                4          397
#> 4468         6495     741        2006-11-01                8           61
#> 4469        29412     838        2006-05-12                9          234
#> 4470        27248    1351        2006-12-08               11           24
#> 4471         4453     740        2006-08-15               10          139
#> 4472         9091    1070        2006-09-08               10          115
#> 4473        37646     330        2006-09-28                7           95
#> 4474         2488     885        2006-03-25                9          282
#> 4475        29499    1279        2006-06-18               12          197
#> 4476         8215    1079        2006-11-14               11           48
#> 4477        33752    1147        2006-05-19               10          227
#> 4478         5735    1287        2006-04-11               13          265
#> 4479        37206     744        2006-11-17                6           45
#> 4480        20417    1184        2006-06-27               11          188
#> 4481        12581     951        2005-12-11               11          386
#> 4482        15459    1160        2006-09-23               11          100
#> 4483        14421     286        2006-07-14                4          171
#> 4484        10627     639        2006-11-05                6           57
#> 4485        36254     697        2006-10-21                9           72
#> 4486        38267     858        2006-08-08                6          146
#> 4487        27191     647        2006-11-26                9           36
#> 4488        22426    1197        2006-07-02               11          183
#> 4489        35862     638        2006-09-05               12          118
#> 4490         7272     709        2006-03-04                8          303
#> 4491         8926     758        2006-11-24               10           38
#> 4492        10553    1232        2006-08-27               13          127
#> 4493        15285    1018        2006-05-06               12          240
#> 4494        19937     443        2006-10-21                7           72
#> 4495        10529    1722        2006-07-08               17          177
#> 4496        28220    1139        2006-08-16               14          138
#> 4497        18674     544        2006-07-03                5          182
#> 4498          318    1213        2006-05-20               12          226
#> 4499        19692    1128        2005-11-10               10          417
#> 4500        23195     879        2006-08-12               13          142
#> 4501        24330     859        2006-08-22                7          132
#> 4502        19341     728        2006-05-07                7          239
#> 4503        16636    1292        2006-07-16               12          169
#> 4504        24248     850        2006-10-29               13           64
#> 4505        24968     907        2006-08-04                9          150
#> 4506          658    1424        2006-06-24               12          191
#> 4507        28868     863        2006-09-15                9          108
#> 4508         6654    1289        2006-04-23               12          253
#> 4509        13972    1533        2006-06-20               14          195
#> 4510        19412    1096        2006-08-09               11          145
#> 4511         8308     394        2006-08-31                4          123
#> 4512         2733    1116        2006-12-13                9           19
#> 4513        15825     964        2006-08-31                9          123
#> 4514        20559     479        2006-10-21                7           72
#> 4515        35863     495        2005-12-24                7          373
#> 4516        31793     806        2006-07-23                9          162
#> 4517        38605    1128        2006-08-31               13          123
#> 4518        15895    1511        2006-11-21               15           41
#> 4519        16919    1372        2006-10-24               11           69
#> 4520        20882     967        2006-06-04                9          211
#> 4521        10186     925        2006-10-28               13           65
#> 4522        22351    1575        2006-11-18               14           44
#> 4523         3140    1033        2006-09-21               11          102
#> 4524         5030    1107        2006-04-07               10          269
#> 4525         7207     712        2006-06-25               11          190
#> 4526        37489    1289        2006-06-26               10          189
#> 4527        35182     741        2006-02-15                8          320
#> 4528        11214    1100        2006-09-24               13           99
#> 4529        16294    1375        2006-08-22               15          132
#> 4530         7065    1086        2006-10-23               12           70
#> 4531         7238    1874        2006-11-12               17           50
#> 4532         6043     563        2005-06-06                5          574
#> 4533         7889     212        2006-07-09                3          176
#> 4534        26561     881        2006-11-26                8           36
#> 4535        35533     742        2006-10-08                9           85
#> 4536        20924     620        2005-08-03                7          516
#> 4537        36287     778        2006-07-27                9          158
#> 4538         4071     731        2006-11-07                9           55
#> 4539        25365     605        2006-07-01                8          184
#> 4540         7465     903        2006-06-16                6          199
#> 4541        12334    1493        2006-11-20               16           42
#> 4542        26851     701        2006-03-17                7          290
#> 4543        32252     843        2006-08-04                8          150
#> 4544        15089    1363        2006-11-30               11           32
#> 4545        38818     988        2006-12-14                9           18
#> 4546        39058     772        2005-10-29               10          429
#> 4547        31785     883        2006-07-06               10          179
#> 4548        24524    1700        2006-09-01               17          122
#> 4549        34237    1072        2006-09-22               12          101
#> 4550         1179    1348        2006-11-03               12           59
#> 4551        28802     288        2006-08-13                8          141
#> 4552        35959     728        2006-08-18               10          136
#> 4553          612    1009        2006-10-29               12           64
#> 4554        29188    1070        2006-02-22               10          313
#> 4555        14150     771        2006-06-15                7          200
#> 4556        19027    1333        2006-07-28               15          157
#> 4557        27176     863        2006-12-15               11           17
#> 4558        17141     603        2006-03-16                8          291
#> 4559         9785     611        2006-12-12                9           20
#> 4560        28467     736        2006-05-23                9          223
#> 4561        14584     988        2006-09-06               11          117
#> 4562        26632     389        2006-06-21                4          194
#> 4563        14804     544        2005-11-15                7          412
#> 4564         1165    1233        2006-12-24               12            8
#> 4565        21720    1447        2006-08-17               11          137
#> 4566        27382     805        2006-08-20                8          134
#> 4567        18460    1742        2006-08-28               12          126
#> 4568        27296    1055        2006-07-14               10          171
#> 4569         1130     612        2005-11-01                9          426
#> 4570        27085     586        2006-07-07                8          178
#> 4571        25113     605        2006-01-29                7          337
#> 4572        36882     991        2006-10-20               11           73
#> 4573        13803     662        2006-09-28                5           95
#> 4574        33962    1454        2006-10-21               12           72
#> 4575        31805     863        2005-08-19               10          500
#> 4576        15351    1049        2005-08-15                9          504
#> 4577        39392     671        2006-10-24                9           69
#> 4578        28190    1227        2006-07-23               12          162
#> 4579        15368     808        2006-04-08                9          268
#> 4580        23307     987        2005-07-27               11          523
#> 4581        38241    1016        2006-08-13               10          141
#> 4582         9345    1562        2006-03-22               12          285
#> 4583        25832    1440        2006-10-06               15           87
#> 4584        13510    1807        2006-02-02               16          333
#> 4585        27962     754        2006-09-30                7           93
#> 4586        22682     675        2006-10-05                9           88
#> 4587        17844     650        2006-10-13               10           80
#> 4588        36311     635        2006-01-17                7          349
#> 4589        25287    1069        2006-04-30               10          246
#> 4590        28020     795        2006-05-09                8          237
#> 4591        38502    1198        2006-06-02               13          213
#> 4592          435    1064        2006-05-19                7          227
#> 4593        20212     813        2006-06-08               10          207
#> 4594        18980    1006        2006-07-30                6          155
#> 4595        28612     913        2006-06-12               12          203
#> 4596        23838    1246        2006-09-09               13          114
#> 4597        21157     522        2006-12-03                5           29
#> 4598          456    1290        2006-09-24               13           99
#> 4599        11708    1360        2006-09-20               12          103
#> 4600         7436    1099        2006-10-10               12           83
#> 4601        14793     340        2006-08-05                7          149
#> 4602        11335     741        2006-11-02                8           60
#> 4603        21358    1254        2006-10-12               12           81
#> 4604        29845    1399        2006-07-24               14          161
#> 4605         6166     800        2006-08-24                8          130
#> 4606        30800     750        2006-02-21               11          314
#> 4607         3492     949        2005-10-02               10          456
#> 4608        12611     902        2005-08-14               10          505
#> 4609        31376     897        2006-09-06               10          117
#> 4610         2487    1302        2006-10-09               13           84
#> 4611        24345     760        2006-08-09                8          145
#> 4612        35987    1481        2006-10-23               16           70
#> 4613         4839     827        2006-04-29                9          247
#> 4614        16312     780        2005-11-25                9          402
#> 4615         6955    1014        2006-10-15               11           78
#> 4616        39227     483        2006-09-05                7          118
#> 4617        28735     736        2006-04-27                9          249
#> 4618        10689     742        2006-08-12                8          142
#> 4619        20510     834        2005-10-13                7          445
#> 4620         6557    1101        2006-11-16               12           46
#> 4621          358     960        2006-06-05                9          210
#> 4622        13495     746        2006-07-26                9          159
#> 4623        14046    1343        2006-11-10               13           52
#> 4624        10435     960        2006-09-14               13          109
#> 4625        20418    1167        2006-09-27               12           96
#> 4626         6582     993        2006-12-16               11           16
#> 4627        19839     940        2006-07-01               11          184
#> 4628         8191     627        2006-08-26                7          128
#> 4629        37443     584        2006-05-10                9          236
#> 4630        18114    1703        2006-04-18               13          258
#> 4631        15101     842        2005-12-29               10          368
#> 4632         9533     856        2006-06-09                9          206
#> 4633        21410    1477        2006-05-01               14          245
#> 4634        33054    1143        2005-10-12               11          446
#> 4635        11822     393        2005-09-20                4          468
#> 4636        35578     455        2005-09-01                6          487
#> 4637        14212     377        2006-07-10                4          175
#> 4638        39847     577        2006-11-20                9           42
#> 4639        35110     876        2005-11-13               11          414
#> 4640        16203     504        2005-10-13                6          445
#> 4641        12420     405        2006-05-28                4          218
#> 4642        21099     378        2006-10-26                5           67
#> 4643        31845    1079        2006-04-13               10          263
#> 4644        25341     630        2006-05-10                5          236
#> 4645        38444    1659        2006-11-03               16           59
#> 4646        24055     718        2005-10-05                8          453
#> 4647        26462     551        2005-10-01                5          457
#> 4648        29559    1291        2006-09-09               12          114
#> 4649        33063     650        2005-07-22                6          528
#> 4650        21730     750        2006-06-20                9          195
#> 4651         8682     553        2006-05-04                7          242
#> 4652        16354    1225        2006-07-28               13          157
#> 4653        19116     559        2006-12-25                8            7
#> 4654        24317     778        2006-05-14                9          232
#> 4655         8352     891        2006-05-15                9          231
#> 4656        37039    1427        2006-06-01               14          214
#> 4657        33164    1227        2006-09-26               11           97
#> 4658        10106    1196        2005-11-07               11          420
#> 4659        10150    1179        2006-11-28               10           34
#> 4660        36362     523        2006-09-22               10          101
#> 4661        20531     630        2006-01-23                7          343
#> 4662        38100    1115        2006-11-10               11           52
#> 4663        29644    1135        2006-12-05               12           27
#> 4664        31500    1121        2006-10-06               11           87
#> 4665        29134    1260        2006-05-03               11          243
#> 4666        22184    1163        2006-10-01               12           92
#> 4667         8374    1016        2006-12-18                9           14
#> 4668        33429    1181        2005-11-15               12          412
#> 4669        11008     969        2006-12-13               11           19
#> 4670        19143     692        2005-11-28                8          399
#> 4671         5400     598        2006-06-07                6          208
#> 4672        32870    1134        2006-07-27               10          158
#> 4673         7840     827        2006-11-09               11           53
#> 4674        11569     633        2006-10-21               11           72
#> 4675        21283     716        2006-07-10                7          175
#> 4676        19586     905        2006-11-08                8           54
#> 4677        22208     489        2006-10-12                6           81
#> 4678         4507    1428        2006-09-17               16          106
#> 4679        20349     934        2006-12-18                9           14
#> 4680        25597     878        2006-01-24                9          342
#> 4681        30894     536        2005-11-07                5          420
#> 4682        38060     357        2006-05-14                6          232
#> 4683        26557    1156        2006-07-20               12          165
#> 4684         9450     593        2006-08-02                6          152
#> 4685        37219     635        2005-12-10                6          387
#> 4686        31636     605        2006-09-06                6          117
#> 4687        18428     804        2006-06-26                7          189
#> 4688        31130     649        2006-12-01                7           31
#> 4689         9469    1282        2006-07-05               12          180
#> 4690        30669    1385        2006-01-28               13          338
#> 4691         6565     479        2005-07-23                5          527
#> 4692        25467    1160        2006-01-20               13          346
#> 4693        10965     514        2006-06-10                6          205
#> 4694        26346     925        2006-12-17                8           15
#> 4695        28258     848        2006-10-12               14           81
#> 4696        25161    1246        2005-10-27               10          431
#> 4697        14702     730        2006-08-19                6          135
#> 4698        23262    1171        2006-10-03               12           90
#> 4699        20623     286        2006-04-14                5          262
#> 4700        14661     867        2006-04-15               10          261
#> 4701        14744    1324        2006-07-04               12          181
#> 4702        18912    1318        2006-11-11               13           51
#> 4703        24353     427        2006-08-17                6          137
#> 4704        32113    1609        2006-10-14               15           79
#> 4705        35220    1531        2006-07-13               13          172
#> 4706        21468    1090        2005-07-24                9          526
#> 4707        30958     589        2006-02-19                7          316
#> 4708        30988     918        2006-06-28                7          187
#> 4709        16766    1077        2005-12-20               15          377
#> 4710        29243     720        2006-07-01               10          184
#> 4711        38892     557        2006-08-21                8          133
#> 4712        30296    1264        2006-12-17                9           15
#> 4713        13404    1060        2006-08-18               10          136
#> 4714        12366    1040        2006-08-13               12          141
#> 4715        23397    1446        2006-11-06               13           56
#> 4716        31159     821        2006-09-11               10          112
#> 4717        21146     590        2006-08-07                7          147
#> 4718         2848     604        2006-04-08                7          268
#> 4719        31007    1866        2006-09-23               18          100
#> 4720        19616     814        2006-11-15               10           47
#> 4721        16186     397        2006-08-21                3          133
#> 4722        18600     659        2006-08-13               11          141
#> 4723        21530    1045        2006-11-26               10           36
#> 4724        19457     751        2006-10-13                7           80
#> 4725        12064     739        2006-08-03                9          151
#> 4726        28437     430        2006-06-16                5          199
#> 4727         2686     375        2006-08-14                7          140
#> 4728        13962     545        2006-05-09                6          237
#> 4729        16863    1177        2006-12-28               13            4
#> 4730        22181    1214        2006-09-04               11          119
#> 4731        13634     707        2006-08-20                6          134
#> 4732        37551    1256        2005-11-16               12          411
#> 4733        34834     607        2006-08-09                7          145
#> 4734        29596     573        2005-07-07                5          543
#> 4735        22163     873        2006-12-23                9            9
#> 4736        24617    1254        2006-12-28               13            4
#> 4737         5714     380        2006-10-23                5           70
#> 4738        19577     833        2006-07-01               12          184
#> 4739        23435     647        2006-06-26               11          189
#> 4740        19134     837        2006-09-09                9          114
#> 4741        30754    1174        2006-07-13               12          172
#> 4742        25453    1010        2006-05-06               10          240
#> 4743        28517    1087        2006-06-19               12          196
#> 4744        24401     184        2006-11-23                3           39
#> 4745        16140    1209        2006-09-25                9           98
#> 4746        31268    1061        2006-09-04               11          119
#> 4747        15512     625        2006-11-02                8           60
#> 4748        22480    1353        2006-08-03               14          151
#> 4749        10564    1355        2006-07-09               13          176
#> 4750        38883    1444        2006-07-16                9          169
#> 4751        25641     699        2006-10-23                9           70
#> 4752        24227     620        2006-09-19                6          104
#> 4753        22260     951        2006-08-31                8          123
#> 4754        14263     875        2006-06-29               11          186
#> 4755        15761    1410        2006-04-27               10          249
#> 4756         5254    1144        2006-04-11                8          265
#> 4757          215    1099        2006-07-18               11          167
#> 4758         9728     783        2006-12-08                9           24
#> 4759        35324     928        2006-08-09               10          145
#> 4760        30167     769        2006-05-18               10          228
#> 4761         6552    1446        2006-09-02               12          121
#> 4762         1633     595        2006-07-08                5          177
#> 4763        19660     607        2006-02-26                6          309
#> 4764        27931    1409        2006-10-11               13           82
#> 4765        13609    1036        2006-06-25               11          190
#> 4766         6953     523        2006-06-05                6          210
#> 4767        29794    1397        2006-05-31               13          215
#> 4768        11786     650        2006-09-20                8          103
#> 4769        31916    1049        2006-06-18               11          197
#> 4770        17019     985        2006-07-02               11          183
#> 4771        12284     484        2006-10-09                5           84
#> 4772         1285     876        2005-09-11               10          477
#> 4773        18922    1631        2006-07-02               17          183
#> 4774        34488    1159        2006-09-06                9          117
#> 4775        25493     895        2006-10-04               10           89
#> 4776         1161     718        2006-11-29               10           33
#> 4777         8724     631        2006-03-06                8          301
#> 4778        19013     553        2006-10-15                7           78
#> 4779         8577    1176        2006-10-01               10           92
#> 4780        22056     631        2005-07-10                5          540
#> 4781        23470     570        2006-09-19                9          104
#> 4782         2115     778        2006-03-25               10          282
#> 4783         4127     634        2006-03-30                9          277
#> 4784        32671    1260        2006-09-27               13           96
#> 4785        38235     385        2006-06-14                7          201
#> 4786        24020     383        2006-07-26                4          159
#> 4787        25203     296        2006-09-09                2          114
#> 4788        18752     590        2006-07-19                6          166
#> 4789         9492     825        2006-09-19               10          104
#> 4790        11709     926        2006-07-09               10          176
#> 4791         8007     654        2006-08-30                7          124
#> 4792        14137     924        2006-11-05                9           57
#> 4793        34279     839        2006-01-19                7          347
#> 4794         8970     843        2006-07-16                7          169
#> 4795        26088     575        2006-06-14                8          201
#> 4796        10405     770        2006-12-23               10            9
#> 4797        18076    1260        2006-08-15               13          139
#> 4798        16413     990        2005-11-27                9          400
#> 4799         5425    1048        2006-09-26               10           97
#> 4800        17085     904        2006-08-22                9          132
#> 4801         8322     911        2006-06-20                8          195
#> 4802        29777    1341        2006-08-08               12          146
#> 4803         9350    1410        2006-11-03               13           59
#> 4804          828     564        2006-07-30                6          155
#> 4805        26616     826        2005-12-05                7          392
#> 4806        35996    1746        2006-05-31               15          215
#> 4807        28557    1104        2006-08-11               11          143
#> 4808         1241     781        2005-10-03                8          455
#> 4809        20370     462        2006-11-25               10           37
#> 4810         7322     919        2006-06-13               12          202
#> 4811        13611     929        2006-10-08                8           85
#> 4812        21558     760        2006-11-18                9           44
#> 4813         5824    1097        2006-02-04               12          331
#> 4814        20975     966        2006-03-07                8          300
#> 4815         2934    1730        2006-06-28               15          187
#> 4816        36054    1006        2006-06-04                7          211
#> 4817        24309    1325        2006-06-07               16          208
#> 4818        23115    1012        2006-08-15               15          139
#> 4819        31763     808        2006-01-04                6          362
#> 4820        19817    1272        2006-09-14               10          109
#> 4821        20957    1290        2006-08-31               14          123
#> 4822        38929    1784        2006-08-25               14          129
#> 4823        19637    1514        2006-10-01               13           92
#> 4824        36141     349        2006-03-03                5          304
#> 4825        12782     840        2006-11-13               11           49
#> 4826        11300    1109        2006-08-03               12          151
#> 4827        15953     874        2006-09-02                8          121
#> 4828        37325    1473        2006-08-23               17          131
#> 4829        29011    1307        2006-09-20               14          103
#> 4830        38743     829        2006-11-19               12           43
#> 4831        34598    1454        2006-01-31               10          335
#> 4832        31937    1446        2006-10-09               15           84
#> 4833        23008    1017        2006-08-20               11          134
#> 4834        33957    1027        2006-01-08               10          358
#> 4835        36494    1256        2006-11-04               13           58
#> 4836        30720    1106        2006-06-03                9          212
#> 4837        13136    1284        2006-06-16               10          199
#> 4838        17291     442        2006-08-20                4          134
#> 4839        19631     728        2006-09-20                8          103
#> 4840        36172    1091        2006-06-16                8          199
#> 4841         3280    1071        2006-10-11               12           82
#> 4842        30831     688        2006-08-19                7          135
#> 4843         8537     760        2006-07-15                6          170
#> 4844        30096     974        2006-08-02               12          152
#> 4845        20914    1187        2006-03-20               10          287
#> 4846        10111     730        2006-11-17                9           45
#> 4847        17079    1206        2006-05-28               10          218
#> 4848         7622    1322        2006-09-30               11           93
#> 4849        39286     532        2006-04-15                4          261
#> 4850        17801     687        2006-05-02                9          244
#> 4851        29405    1210        2006-07-15               15          170
#> 4852        19991     784        2006-07-23                7          162
#> 4853        26715     616        2006-04-13                6          263
#> 4854         3848    1203        2006-10-10                9           83
#> 4855        13927     567        2006-06-01                9          214
#> 4856        11093     234        2006-05-05                5          241
#> 4857        15766    1023        2006-08-16               12          138
#> 4858        22920     898        2005-12-06               10          391
#> 4859        16367     815        2006-09-24                8           99
#> 4860        29447     358        2005-07-01                4          549
#> 4861        30283     529        2005-12-08                6          389
#> 4862        29935     899        2006-11-05               15           57
#> 4863        37141     640        2006-07-23                5          162
#> 4864        35164     623        2005-11-15                4          412
#> 4865        28237    1053        2006-10-16               12           77
#> 4866        22701     681        2006-06-01                7          214
#> 4867        18341    1014        2005-08-11                9          508
#> 4868        29934     867        2006-11-09               10           53
#> 4869        27130    1052        2006-09-28               11           95
#> 4870         5587    1030        2005-09-30               10          458
#> 4871        36203    1262        2006-12-04               14           28
#> 4872         2685     891        2006-01-18                8          348
#> 4873        12369    1211        2006-05-20                9          226
#> 4874         9180    1634        2006-12-03               16           29
#> 4875        32210    1019        2006-08-26               13          128
#> 4876        35165     638        2006-06-22               10          193
#> 4877        34669     549        2006-03-04                7          303
#> 4878        19217    1019        2006-04-23                8          253
#> 4879        26001     660        2006-04-18                6          258
#> 4880        34194     713        2006-03-13               10          294
#> 4881        33992     610        2005-11-19                6          408
#> 4882        29747     456        2005-08-10                4          509
#> 4883         7439     403        2006-04-26                5          250
#> 4884        21909    1221        2006-12-12               11           20
#> 4885        33048    1739        2006-06-24               15          191
#> 4886        39120    1034        2006-10-02               10           91
#> 4887         4990    1090        2006-07-21               10          164
#> 4888        32851    1069        2006-10-25               10           68
#> 4889        33837     723        2005-12-27                9          370
#> 4890        26021     935        2006-08-18               10          136
#> 4891        11224    1233        2006-09-09                8          114
#> 4892        22033    1392        2006-07-10               14          175
#> 4893         9544     754        2005-11-05                7          422
#> 4894         8030     872        2006-07-24               10          161
#> 4895        30195    1426        2006-06-27               11          188
#> 4896         9620     647        2006-09-09                9          114
#> 4897        17420    1140        2006-11-26               11           36
#> 4898         5871     808        2006-11-03                7           59
#> 4899        35753     685        2006-09-24                9           99
#> 4900         1168     533        2005-11-25                9          402
#> 4901        23990     907        2006-11-28                9           34
#> 4902        24254    1463        2006-11-25               13           37
#> 4903        35057     582        2006-04-26                6          250
#> 4904         7122    1327        2006-12-25               10            7
#> 4905        35502     924        2006-05-30                9          216
#> 4906        27109    1049        2006-10-07               11           86
#> 4907        20651    1499        2006-06-18               15          197
#> 4908        28364     645        2006-09-12                8          111
#> 4909         1939     993        2006-07-24               10          161
#> 4910        37593    1133        2006-08-16               13          138
#> 4911        18497     765        2005-09-27               11          461
#> 4912        19124     748        2006-06-21                9          194
#> 4913        24010     723        2006-10-23                8           70
#> 4914        25145     958        2006-11-23               12           39
#> 4915        12170     894        2006-02-20                6          315
#> 4916        30799     650        2006-07-30                5          155
#> 4917          385    1238        2006-04-19               12          257
#> 4918        36560    1202        2006-06-29               12          186
#> 4919        30744     874        2006-10-20               11           73
#> 4920        24158    1121        2006-10-16               12           77
#> 4921        11157    2060        2006-08-21               17          133
#> 4922         6852     709        2006-10-18               10           75
#> 4923         8113     770        2006-04-22               10          254
#> 4924          196    1023        2006-10-12               11           81
#> 4925        22866     775        2006-05-13                8          233
#> 4926         4427     684        2006-02-20                7          315
#> 4927        23578     555        2006-07-28                6          157
#> 4928        33602    1095        2006-12-02               11           30
#> 4929        11063    1176        2006-09-03               10          120
#> 4930        10057    1157        2006-11-02               10           60
#> 4931        24322    1323        2006-03-05               12          302
#> 4932        24052     987        2006-08-10                9          144
#> 4933        38806     790        2006-12-10                7           22
#> 4934        18983    1075        2006-09-12               11          111
#> 4935        35846     807        2005-08-25                7          494
#> 4936        17896    1345        2006-07-29               13          156
#> 4937         7676     728        2006-08-03                6          151
#> 4938        24332     515        2006-09-25                9           98
#> 4939        30881    1335        2006-08-03               16          151
#> 4940        16126    1401        2006-05-02               15          244
#> 4941          246     447        2005-07-29                4          521
#> 4942        38013    1798        2006-09-29               17           94
#> 4943        36955     989        2005-12-03                9          394
#> 4944        30443     501        2006-10-14                6           79
#> 4945         1295     737        2006-06-17                6          198
#> 4946        14206    1043        2006-04-14               11          262
#> 4947        23594     960        2005-07-09                7          541
#> 4948        32864    1838        2006-06-24               14          191
#> 4949        26855    1089        2006-09-22               12          101
#> 4950         1929    1519        2006-07-26               13          159
#> 4951        16514    1062        2006-06-03                9          212
#> 4952        35762     879        2006-05-13                9          233
#> 4953         5278     657        2006-01-22                8          344
#> 4954        37005     503        2006-11-07                6           55
#> 4955        31246    1298        2006-11-17               16           45
#> 4956        34829    2167        2006-12-01               19           31
#> 4957        39090     499        2006-09-19                8          104
#> 4958        33285     608        2006-11-23                8           39
#> 4959        23106     852        2006-06-17                9          198
#> 4960        33797     966        2006-12-16               12           16
#> 4961        15527    1797        2006-12-25               16            7
#> 4962        36708     833        2005-07-21                9          529
#> 4963        38601    1256        2006-09-20               14          103
#> 4964        20220     844        2006-01-09                8          357
#> 4965        11100     815        2006-04-11                7          265
#> 4966        20685     719        2006-12-04                7           28
#> 4967        32882    1477        2006-12-29               14            3
#> 4968        12783     792        2005-11-23                7          404
#> 4969        21303    1200        2006-10-01               14           92
#> 4970        16415    1134        2005-12-08                9          389
#> 4971         5879     678        2006-06-18                6          197
#> 4972        38994     949        2006-10-16               10           77
#> 4973         4680     638        2006-09-16               10          107
#> 4974        36236     923        2006-05-06               10          240
#> 4975        38644    1228        2006-12-13               10           19
#> 4976         3111     772        2006-02-09                9          326
#> 4977        16172    1027        2006-10-04               10           89
#> 4978        14873     837        2006-11-26                7           36
#> 4979         7026     975        2005-10-12               10          446
#> 4980        35890     445        2006-01-08                4          358
#> 4981        15265    1785        2006-11-10               15           52
#> 4982        24019    1098        2006-10-04               13           89
#> 4983         7912    1184        2006-11-01               12           61
#> 4984         3774    1287        2005-11-13               11          414
#> 4985        38713     421        2006-08-29                6          125
#> 4986        19132     763        2006-06-28                7          187
#> 4987        23120     999        2006-07-27                9          158
#> 4988         7875     789        2006-11-20               11           42
#> 4989         7575     577        2006-07-06                8          179
#> 4990        30463     664        2006-11-21                6           41
#> 4991        16693     911        2006-07-11               11          174
#> 4992         2393     806        2006-09-29                8           94
#> 4993        36552     901        2006-03-27                7          280
#> 4994        30556     818        2006-09-12                9          111
#> 4995        31311     695        2005-12-27                7          370
#> 4996         8842     859        2006-10-16               11           77
#> 4997         9741    1123        2006-08-14               11          140
#> 4998        39367     716        2006-05-09                7          237
#> 4999        39861     610        2006-08-17                7          137
#> 5000        30866     575        2006-11-28               12           34
#> 5001         5885    1614        2006-06-26               16          189
#> 5002         5561     641        2006-08-18                7          136
#> 5003        15035     544        2006-09-09               10          114
#> 5004        26129    1215        2006-06-21               16          194
#> 5005        30006     864        2006-01-23               12          343
#> 5006         8462     909        2006-09-10                8          113
#> 5007        34585     906        2005-11-13                8          414
#> 5008         7716     509        2006-03-19                8          288
#> 5009         5955     681        2006-09-18                8          105
#> 5010        30248     373        2006-08-04                9          150
#> 5011        22104     599        2006-06-18                7          197
#> 5012        13088    1523        2006-10-01               14           92
#> 5013        29918     602        2006-09-26                8           97
#> 5014         1479    1051        2005-10-16               12          442
#> 5015        25127     830        2006-09-20                7          103
#> 5016        38414     436        2006-02-14                5          321
#> 5017          486     758        2006-08-26               10          128
#> 5018        25576     754        2005-12-30               10          367
#> 5019         3462     693        2006-05-19                8          227
#> 5020        38025    2063        2006-09-21               19          102
#> 5021        36516    1353        2006-07-02               14          183
#> 5022         3341    1248        2006-07-03               10          182
#> 5023        10015    1180        2006-11-13               10           49
#> 5024        25743     865        2006-10-10               10           83
#> 5025        14529    1151        2006-06-28                9          187
#> 5026        28869     495        2005-11-15                7          412
#> 5027        24409    1689        2006-07-31               17          154
#> 5028        23348     915        2006-05-22               11          224
#> 5029         6647     554        2006-06-05                8          210
#> 5030         1010    1207        2006-08-05               15          149
#> 5031         4040     995        2006-07-09               11          176
#> 5032         9375    1410        2006-05-09               11          237
#> 5033        19858    1279        2006-10-17               12           76
#> 5034        31188     999        2006-10-23               10           70
#> 5035         4520    1444        2006-09-04               19          119
#> 5036        10216    1790        2006-04-25               12          251
#> 5037         3985     627        2006-04-24                9          252
#> 5038        24472     990        2006-08-27                9          127
#> 5039        16301    1527        2006-07-06               12          179
#> 5040        26068    1020        2006-06-13               10          202
#> 5041        30536     773        2006-11-05                7           57
#> 5042        28440     899        2006-08-06                7          148
#> 5043        37782    1161        2006-06-17                9          198
#> 5044        30298    1234        2006-12-10               13           22
#> 5045        33857    1024        2006-05-03                9          243
#> 5046        36766     749        2006-09-18               10          105
#> 5047         2463     397        2006-04-16                4          260
#> 5048        15053    1180        2006-08-17               10          137
#> 5049        28500     717        2006-12-22                9           10
#> 5050        11872    1068        2006-08-21               12          133
#> 5051        11761     711        2006-08-25                6          129
#> 5052         5288     905        2006-06-14                8          201
#> 5053        38899     339        2005-01-06                4          725
#> 5054        38503     928        2006-02-13                9          322
#> 5055        25613     491        2006-10-12                7           81
#> 5056        20444     956        2006-11-19                8           43
#> 5057        14892     964        2006-07-27               11          158
#> 5058        12098    1492        2006-07-25               18          160
#> 5059         9275    1232        2006-05-22               13          224
#> 5060        32533     714        2006-03-21                9          286
#> 5061        14268     817        2006-03-24                9          283
#> 5062        23246     374        2006-11-07                3           55
#> 5063        16557     836        2006-07-07               11          178
#> 5064        32044    1037        2006-11-08               10           54
#> 5065        22875     760        2006-09-01               10          122
#> 5066        37780    1188        2006-06-14               14          201
#> 5067        16365     864        2006-04-26                9          250
#> 5068         9597    1129        2006-09-30               11           93
#> 5069        15855     444        2005-11-12                8          415
#> 5070         5884    1084        2006-07-30                7          155
#> 5071        32438     615        2006-03-18                6          289
#> 5072           38     541        2006-09-15                5          108
#> 5073        28777     853        2006-08-16               10          138
#> 5074        33397     562        2006-03-10                7          297
#> 5075        18191    1232        2006-06-12               13          203
#> 5076        10204    1076        2006-09-15                9          108
#> 5077        29709     758        2006-09-06                8          117
#> 5078        22456     795        2006-02-28                9          307
#> 5079        36276    1368        2006-10-03               12           90
#> 5080        21387     607        2006-07-25                9          160
#> 5081         3165     887        2006-12-05                9           27
#> 5082         6431     823        2006-05-27                8          219
#> 5083        29668    1378        2006-12-22               13           10
#> 5084        28018     910        2006-09-22                8          101
#> 5085        34102     853        2006-11-04                7           58
#> 5086         5448    1281        2006-09-19               12          104
#> 5087        38583    1430        2006-10-29               18           64
#> 5088        12076     984        2006-05-22               10          224
#> 5089        35543    1076        2006-11-24                9           38
#> 5090        20436    1164        2006-09-01               14          122
#> 5091        26770     869        2006-10-27                9           66
#> 5092        26467    1107        2006-08-17               12          137
#> 5093         3732    1644        2006-09-13               11          110
#> 5094        11268    1170        2006-10-19               13           74
#> 5095        10993     600        2006-03-20                7          287
#> 5096        38158    1451        2006-12-02               12           30
#> 5097        23689    1066        2006-11-03                8           59
#> 5098        36484     953        2006-12-20               11           12
#> 5099        15453     875        2006-10-30                8           63
#> 5100        13704     481        2006-07-27                7          158
#> 5101         4993    1705        2006-07-01               15          184
#> 5102        37482     818        2006-12-04                8           28
#> 5103        32968    1286        2006-10-26               16           67
#> 5104        27870     908        2006-07-02                8          183
#> 5105         6266    1448        2006-09-23               14          100
#> 5106        23434     753        2006-01-08                8          358
#> 5107        13924     200        2006-05-11                4          235
#> 5108          576    1575        2006-12-30               17            2
#> 5109         2603     882        2006-11-10               11           52
#> 5110         1400     704        2006-07-03                7          182
#> 5111        35694     708        2005-12-11                5          386
#> 5112        23339     939        2006-08-21                9          133
#> 5113         5244    1489        2006-09-22               15          101
#> 5114        21334     656        2006-04-21                8          255
#> 5115          135     809        2005-10-22                9          436
#> 5116          366     372        2006-07-16                7          169
#> 5117        19641    1160        2006-10-27               11           66
#> 5118        10785    1056        2006-11-07               11           55
#> 5119        30101    1023        2006-06-06               11          209
#> 5120        12007     681        2006-12-11                6           21
#> 5121        26438    1426        2006-11-13               16           49
#> 5122        26636    1051        2005-10-23               11          435
#> 5123        14968     774        2006-07-29                8          156
#> 5124        15301     890        2006-10-14               10           79
#> 5125        39571     943        2006-09-22               10          101
#> 5126        29390    1206        2006-11-16                9           46
#> 5127        23761     707        2006-09-06                7          117
#> 5128         9762    1073        2006-04-14               11          262
#> 5129        17509    1450        2006-05-18               12          228
#> 5130        28417    1340        2006-02-27               13          308
#> 5131        31189     549        2006-08-11                5          143
#> 5132        11278     737        2006-12-08                9           24
#> 5133        20865     638        2005-12-16                7          381
#> 5134        36460     889        2005-10-16               10          442
#> 5135         4031    1434        2006-11-06               17           56
#> 5136        36370     709        2006-03-17                8          290
#> 5137          873     638        2006-05-27                7          219
#> 5138        18841     530        2006-10-20                5           73
#> 5139        14036    1135        2006-07-07               12          178
#> 5140        31309     542        2006-07-10                6          175
#> 5141         1191    1454        2006-06-17               13          198
#> 5142        25233     607        2005-11-10                7          417
#> 5143        10312     736        2006-07-16                8          169
#> 5144        10055    1169        2006-09-27               11           96
#> 5145        35880    1102        2006-11-25               10           37
#> 5146        37076     591        2006-02-26                8          309
#> 5147        26612    1086        2006-08-03               11          151
#> 5148         7556     743        2006-10-20                7           73
#> 5149        12792     955        2006-11-02                8           60
#> 5150        13073    1311        2006-01-21               13          345
#> 5151        20282    1546        2006-08-02               13          152
#> 5152        36894    1073        2006-07-03                9          182
#> 5153         5851    1513        2006-08-15               17          139
#> 5154        33268     917        2006-11-29                8           33
#> 5155        15001     879        2006-08-25                7          129
#> 5156        27421    1339        2006-11-20               12           42
#> 5157        16560     429        2006-10-12                6           81
#> 5158        23970     909        2006-10-17               11           76
#> 5159        34376    1158        2006-08-25               14          129
#> 5160        23281    1159        2005-12-18               10          379
#> 5161        33677    1330        2006-10-02               11           91
#> 5162        21998     916        2005-09-19                9          469
#> 5163        38018     525        2005-06-29                5          551
#> 5164         7609    1065        2006-08-05               11          149
#> 5165        20569     734        2005-11-20               11          407
#> 5166        38261     871        2006-11-07                9           55
#> 5167        35436    1402        2006-09-10               15          113
#> 5168        35731    1574        2006-02-04               15          331
#> 5169        16417     209        2006-07-09                5          176
#> 5170        27302     874        2006-08-12                9          142
#> 5171        39431     560        2005-12-08                5          389
#> 5172         5463     401        2006-01-09                6          357
#> 5173        32400     829        2006-10-28               14           65
#> 5174        11405    1365        2006-10-27               11           66
#> 5175        16532     730        2006-06-16                7          199
#> 5176        12972     760        2006-02-27                9          308
#> 5177        26101    1563        2006-09-06               16          117
#> 5178         2589    1095        2006-12-11               11           21
#> 5179        35828     777        2006-01-24                9          342
#> 5180         3956     680        2005-11-09                8          418
#> 5181        37727     736        2006-07-13                8          172
#> 5182         6504    1433        2006-06-24               11          191
#> 5183        18259    1036        2006-08-12               12          142
#> 5184        39802     672        2006-06-07                9          208
#> 5185        32700    1062        2005-10-02               10          456
#> 5186         6048     732        2006-11-11                9           51
#> 5187         4429    1116        2006-04-25               11          251
#> 5188        15752     765        2006-02-19                5          316
#> 5189        18757    1581        2006-12-22               13           10
#> 5190        25167     725        2006-10-10                9           83
#> 5191        39486    1055        2006-10-22               10           71
#> 5192         8830     644        2005-09-06                7          482
#> 5193        28844    1010        2006-10-11               11           82
#> 5194        24796    1178        2006-08-17               11          137
#> 5195        23071     500        2006-11-14                6           48
#> 5196         1005    1660        2006-11-25               18           37
#> 5197         6779    1156        2006-11-13               12           49
#> 5198        18434     784        2006-09-23               10          100
#> 5199        32498    1455        2006-10-09               18           84
#> 5200         2373     301        2005-06-11                4          569
#> 5201        12614     611        2005-11-10                5          417
#> 5202        34792    1211        2006-07-02               13          183
#> 5203         6238     747        2006-09-26                8           97
#> 5204        24337     755        2006-09-08                9          115
#> 5205        19671    1262        2006-11-30               14           32
#> 5206        20850    1228        2006-07-29               12          156
#> 5207        10746     180        2005-02-21                3          679
#> 5208         3767    1013        2006-09-20               12          103
#> 5209        35850    1334        2006-09-23               12          100
#> 5210        30785     904        2006-08-06               11          148
#> 5211         2406     520        2006-08-10                5          144
#> 5212        13489     391        2006-09-27                7           96
#> 5213         7909    1312        2006-08-05               11          149
#> 5214        27466     925        2006-08-31               10          123
#> 5215         8540    1232        2006-09-27                8           96
#> 5216        28764     638        2006-08-24                7          130
#> 5217        36886    1316        2006-07-17               12          168
#> 5218        28919     679        2006-10-03                5           90
#> 5219        30085     945        2006-11-14                9           48
#> 5220        14948    1025        2006-09-09                9          114
#> 5221        38982     500        2006-11-16                7           46
#> 5222        36045     854        2006-06-25                8          190
#> 5223        30712     465        2006-01-13                5          353
#> 5224        10002     560        2006-09-23                6          100
#> 5225        38971    1096        2006-01-28                9          338
#> 5226         2677     603        2006-08-18                5          136
#> 5227         4912    1328        2006-10-11               11           82
#> 5228        11521    1111        2006-10-09               11           84
#> 5229        12858     740        2006-04-15                8          261
#> 5230        32148    2172        2006-06-11               21          204
#> 5231          768    2422        2006-07-12               19          173
#> 5232         4493     626        2006-04-08                7          268
#> 5233        18078     878        2006-06-15               10          200
#> 5234         9377     533        2006-10-09                5           84
#> 5235         6703     770        2006-06-25                7          190
#> 5236        17638     498        2006-07-04                6          181
#> 5237        19600     839        2005-12-18               11          379
#> 5238        28330    1109        2006-11-23               12           39
#> 5239        28121    1396        2006-12-29               15            3
#> 5240        30883    1362        2006-05-03               12          243
#> 5241        39201    1106        2006-06-17               11          198
#> 5242        36874    1258        2006-08-18               13          136
#> 5243        10172    1176        2006-04-20               10          256
#> 5244        39908     531        2006-07-19                6          166
#> 5245        39922    1337        2006-08-28               11          126
#> 5246         3914     929        2006-05-30               12          216
#> 5247         1579     822        2006-09-13               12          110
#> 5248        32367    1060        2006-05-28               13          218
#> 5249        37166    1118        2006-11-10               11           52
#> 5250        36879     944        2006-04-14               10          262
#> 5251        39960    1347        2006-08-30               14          124
#> 5252        14861     771        2006-10-07                8           86
#> 5253         3431     820        2006-02-20               12          315
#> 5254        31705     236        2006-07-21                3          164
#> 5255        26916    1069        2006-05-01                9          245
#> 5256         4107    1363        2006-06-24               13          191
#> 5257        12159    1441        2006-08-15               11          139
#> 5258        13224    1735        2006-09-18               17          105
#> 5259         7839    1382        2006-05-21               10          225
#> 5260        31743    1213        2006-09-14               12          109
#> 5261        11027     476        2006-04-30                7          246
#> 5262        26996     666        2006-09-24               10           99
#> 5263        28826     981        2006-09-16               13          107
#> 5264        23052     959        2006-07-04                8          181
#> 5265         9364     664        2006-12-18                9           14
#> 5266        18484    1088        2006-11-05               14           57
#> 5267        39844     694        2006-01-14                7          352
#> 5268         9118    1060        2006-09-19               12          104
#> 5269        22725     572        2005-10-20                4          438
#> 5270        21397     778        2006-08-29                7          125
#> 5271        18192    1280        2005-10-29               14          429
#> 5272        21192     566        2006-07-02                5          183
#> 5273        28077     875        2006-07-23               11          162
#> 5274        20648    2155        2006-11-21               20           41
#> 5275        20266    1241        2006-10-22               12           71
#> 5276        30812     758        2006-09-11                8          112
#> 5277        25238    1280        2006-12-04               10           28
#> 5278        34392    1166        2006-10-23                9           70
#> 5279        38286    1138        2006-10-20               10           73
#> 5280        24557     812        2006-10-04               10           89
#> 5281        16446     991        2006-02-19                9          316
#> 5282        30856    1230        2006-06-12               12          203
#> 5283        15080     789        2006-10-08               10           85
#> 5284        12195    1193        2006-09-15                9          108
#> 5285        29308     832        2006-05-13               10          233
#> 5286        25616     742        2006-02-20                7          315
#> 5287        26600     393        2006-10-16                4           77
#> 5288        16865    1563        2006-09-07               15          116
#> 5289         2773    1058        2006-09-11               13          112
#> 5290        11163     838        2006-11-11                8           51
#> 5291        30422     868        2006-12-28                8            4
#> 5292        36016    1688        2006-07-09               13          176
#> 5293         5695    1351        2006-10-26               11           67
#> 5294        32711     855        2006-07-12                7          173
#> 5295        23911     585        2006-08-22                7          132
#> 5296        18953     377        2006-05-10                5          236
#> 5297        14545    1359        2006-05-30               13          216
#> 5298        30268    1380        2006-06-06               11          209
#> 5299        34152     509        2006-09-17                7          106
#> 5300         4955     800        2006-06-02                9          213
#> 5301        30029    1121        2006-04-20               10          256
#> 5302        13520    1583        2006-11-24               13           38
#> 5303         1094     445        2006-09-08                6          115
#> 5304         5341    1160        2006-09-19               13          104
#> 5305        12604     635        2006-08-15                7          139
#> 5306        12067     884        2006-09-12                9          111
#> 5307        15751    1417        2006-11-22               15           40
#> 5308         9248     831        2006-11-11                7           51
#> 5309        17126     972        2006-10-05                9           88
#> 5310        14577    1173        2006-10-19               10           74
#> 5311        14270     835        2006-09-09                7          114
#> 5312        35136     938        2006-10-05                7           88
#> 5313        18119     991        2006-07-15                8          170
#> 5314         1308     999        2006-07-27               10          158
#> 5315        32130    1452        2006-05-29               10          217
#> 5316        36226    1142        2006-08-27               11          127
#> 5317         6082     575        2006-07-28                8          157
#> 5318        30030     930        2006-07-04               11          181
#> 5319         7140    1036        2006-03-30               10          277
#> 5320         5669    1126        2006-11-04               14           58
#> 5321        24902     647        2006-11-19                5           43
#> 5322        30815     935        2006-01-01               12          365
#> 5323        18494     777        2005-07-03                7          547
#> 5324        20155     994        2006-06-26               12          189
#> 5325        22567     779        2006-06-18                9          197
#> 5326        36562     747        2006-05-30                7          216
#> 5327        24575     725        2006-10-10                6           83
#> 5328        11052    1182        2005-08-22               10          497
#> 5329         3439     638        2006-08-13                7          141
#> 5330        22824     942        2006-09-16               11          107
#> 5331        39897     999        2006-09-19               10          104
#> 5332        19841    1154        2006-10-16               10           77
#> 5333        32964     745        2006-04-22                7          254
#> 5334        14126     914        2006-12-01                9           31
#> 5335         6091     692        2006-01-15                9          351
#> 5336        28124     981        2005-12-03               11          394
#> 5337        17473     863        2006-10-14               10           79
#> 5338        37865     614        2006-05-24               12          222
#> 5339        28342     833        2006-11-19               10           43
#> 5340        11818    1537        2006-06-13               12          202
#> 5341        21814     554        2006-08-05                8          149
#> 5342         1348     647        2006-09-04                9          119
#> 5343         3426     596        2006-07-18                8          167
#> 5344        13988    1342        2006-10-27               12           66
#> 5345         3801     870        2006-09-15                9          108
#> 5346         5754     429        2005-10-18                7          440
#> 5347        17658    1054        2006-09-06               10          117
#> 5348        27417    1824        2006-10-16               13           77
#> 5349        35255    1090        2006-08-11               11          143
#> 5350         6040     673        2006-10-24                8           69
#> 5351        27432    1206        2006-06-05               12          210
#> 5352        12169     936        2006-10-01               12           92
#> 5353         1025     753        2006-09-01                7          122
#> 5354        39942     698        2006-07-27                6          158
#> 5355        21542     817        2006-08-23               10          131
#> 5356        20962     908        2006-02-09               11          326
#> 5357        18932     765        2006-12-24                8            8
#> 5358         5997    1193        2006-09-24               16           99
#> 5359        36904    1600        2006-11-05               12           57
#> 5360        10461     596        2006-08-15                8          139
#> 5361        27639    1214        2006-07-19               17          166
#> 5362        17868     913        2006-10-05               10           88
#> 5363        18184     243        2006-07-30                6          155
#> 5364         3706     265        2005-12-18                3          379
#> 5365        25255     405        2006-11-27                5           35
#> 5366        16237     843        2006-10-26                9           67
#> 5367         3077     762        2006-07-14                9          171
#> 5368         3861     821        2006-08-23               14          131
#> 5369        14816    1334        2006-04-16               11          260
#> 5370         1799     526        2006-07-21                8          164
#> 5371        12092    1722        2006-11-21               15           41
#> 5372         9500     782        2006-12-13                8           19
#> 5373        30660     929        2006-03-15               13          292
#> 5374        25265    1442        2006-09-24               14           99
#> 5375        15374    1402        2006-11-29               12           33
#> 5376        19231    1425        2006-10-29               14           64
#> 5377        22788     659        2006-10-15                8           78
#> 5378        26756    1627        2006-05-01               16          245
#> 5379        15230    1115        2006-12-29               11            3
#> 5380        33037     742        2006-10-07                9           86
#> 5381        20107     588        2006-07-04                7          181
#> 5382        18802    1049        2006-06-16                8          199
#> 5383        24089     857        2006-09-05               10          118
#> 5384        15649    1041        2006-05-17               13          229
#> 5385        27257    1119        2006-10-05               12           88
#> 5386        25660     368        2005-10-26                5          432
#> 5387        33134     792        2006-09-24                8           99
#> 5388        31294     879        2006-10-08                8           85
#> 5389        15623     798        2005-11-16               12          411
#> 5390         3440    1570        2006-08-27               13          127
#> 5391        35697    1121        2006-12-27                8            5
#> 5392        12519     815        2006-03-25                7          282
#> 5393        21497     839        2006-07-26                8          159
#> 5394        12641    1193        2006-06-12               13          203
#> 5395        18442     756        2006-07-01                9          184
#> 5396        31442     665        2006-09-03               11          120
#> 5397        34749     815        2006-07-10                6          175
#> 5398         8528    1134        2006-12-17               12           15
#> 5399        23624    1301        2006-09-05               10          118
#> 5400        38254     523        2005-07-17                3          533
#> 5401        21950     925        2006-07-03                9          182
#> 5402         1034    1438        2006-09-09               12          114
#> 5403         5402    1810        2006-04-17               17          259
#> 5404        29650     522        2006-10-06                8           87
#> 5405        30981    2021        2006-08-02               17          152
#> 5406        23905     832        2006-11-01                8           61
#> 5407        17060     446        2006-07-16                9          169
#> 5408        25648    1298        2005-11-23               11          404
#> 5409         7487    1504        2006-04-23               14          253
#> 5410        13335    1530        2006-09-13               14          110
#> 5411        26172     416        2005-07-06                5          544
#> 5412         8305     974        2006-12-18               10           14
#> 5413         3686     713        2006-05-21                7          225
#> 5414        31849    1341        2006-12-10               10           22
#> 5415         7766     707        2006-09-17               10          106
#> 5416        17356     885        2006-07-19               11          166
#> 5417        34574     666        2006-05-08                9          238
#> 5418        18568    1092        2006-06-13               12          202
#> 5419        38998    1231        2006-11-14               14           48
#> 5420         3055     944        2006-10-27                7           66
#> 5421        23986    1227        2006-01-13               11          353
#> 5422        13873     619        2005-08-30                6          489
#> 5423        24024    1954        2006-11-06               16           56
#> 5424         3352    1002        2005-11-06               11          421
#> 5425        13808     741        2006-06-01               10          214
#> 5426         5371    1169        2005-08-10               11          509
#> 5427        22389     981        2006-05-21               11          225
#> 5428        30116     305        2005-06-28                3          552
#> 5429        32278    1428        2006-09-02               12          121
#> 5430         5408     803        2006-07-16               10          169
#> 5431        22827    1049        2006-12-09               12           23
#> 5432        24045    1253        2006-08-31               12          123
#> 5433        27878    1065        2006-12-08               10           24
#> 5434        39774     982        2006-08-31               10          123
#> 5435         5981    1151        2006-08-31               11          123
#> 5436         6325     961        2006-12-20               11           12
#> 5437        21127     962        2006-07-10                7          175
#> 5438        29406     668        2006-10-18                8           75
#> 5439         5500     734        2006-04-17                7          259
#> 5440        15380     549        2006-03-15                7          292
#> 5441        26034    1414        2006-09-17               11          106
#> 5442        30915     626        2006-11-20                7           42
#> 5443        24131     832        2006-08-11                9          143
#> 5444        39608    1419        2006-12-28               12            4
#> 5445         3155    1305        2005-12-11               11          386
#> 5446        13066     555        2006-05-15                9          231
#> 5447        32115    1118        2005-10-16               12          442
#> 5448         4941     887        2006-09-22                7          101
#> 5449        32004     877        2006-11-27               13           35
#> 5450        28396     903        2006-10-09                8           84
#> 5451        37338     887        2006-10-27               12           66
#> 5452        35022     481        2006-07-31                6          154
#> 5453        14930    1166        2006-10-22               10           71
#> 5454         5372     781        2005-09-05               10          483
#> 5455         4091     824        2006-06-19                8          196
#> 5456        22878    1839        2006-09-16               17          107
#> 5457        39661     942        2006-09-08               10          115
#> 5458        20115     914        2006-09-09               14          114
#> 5459        15205     953        2005-11-02               10          425
#> 5460        15105     672        2006-12-03                8           29
#> 5461        26698     592        2006-02-25                8          310
#> 5462         9550    1119        2006-06-20               11          195
#> 5463        29551    1195        2006-12-09               12           23
#> 5464        25130     777        2006-09-30               11           93
#> 5465        22882     557        2006-09-04                7          119
#> 5466        29257    1889        2006-07-03               16          182
#> 5467        18878     679        2006-07-07                6          178
#> 5468        33081     632        2006-09-05                9          118
#> 5469        37322    1183        2006-05-21               12          225
#> 5470         6992     533        2006-03-01                4          306
#> 5471        32689     862        2006-03-30                8          277
#> 5472         6676    1471        2006-06-26               14          189
#> 5473        22173     574        2006-10-24                7           69
#> 5474        13149    1012        2006-08-27               12          127
#> 5475        17552     453        2006-08-22                7          132
#> 5476        17283    1076        2006-08-16                9          138
#> 5477         1909    1201        2006-08-26               13          128
#> 5478        19806     843        2006-10-25                9           68
#> 5479         5647    1107        2006-10-09                8           84
#> 5480        21989     713        2005-07-12                4          538
#> 5481        26997    1484        2006-05-20               13          226
#> 5482        16921    1325        2006-11-14               11           48
#> 5483        22995     722        2006-06-22                8          193
#> 5484        28511     402        2006-08-27                6          127
#> 5485        39853     681        2006-08-15               11          139
#> 5486         3633     642        2006-05-10               10          236
#> 5487        18430    1396        2006-09-22               14          101
#> 5488        30603     812        2006-07-29               13          156
#> 5489        23465    2077        2006-09-27               23           96
#> 5490        11222    1294        2006-08-24               16          130
#> 5491        28736    1138        2006-12-02               12           30
#> 5492        16230     765        2006-08-10                8          144
#> 5493        39655     925        2005-12-20               13          377
#> 5494        23333     682        2006-08-31                7          123
#> 5495        22283    1291        2006-05-16               11          230
#> 5496         9783    1222        2006-08-16               13          138
#> 5497        30542     554        2006-03-14                7          293
#> 5498        35153     390        2006-01-19                5          347
#> 5499        20579     923        2006-07-27               12          158
#> 5500         8561     603        2006-07-21                6          164
#> 5501        39314     534        2006-12-03                9           29
#> 5502        26982    1088        2006-09-03               12          120
#> 5503        38533     573        2006-09-17                9          106
#> 5504        20097     900        2005-05-21                9          590
#> 5505        20392     624        2006-03-09                6          298
#> 5506         2234     951        2005-10-25                8          433
#> 5507        21096     461        2005-09-07                5          481
#> 5508         1197    1705        2006-08-21               17          133
#> 5509        39721     971        2006-08-29                9          125
#> 5510        34417    1306        2006-08-14               12          140
#> 5511        19993     569        2006-06-30                4          185
#> 5512        32040     696        2006-10-05                7           88
#> 5513         7424     976        2006-11-29               11           33
#> 5514        17404    1355        2006-10-30               12           63
#> 5515        39502     945        2006-06-05               12          210
#> 5516        30064    1670        2006-09-13               13          110
#> 5517        32729    1424        2006-09-12               16          111
#> 5518        20664     503        2006-09-20                6          103
#> 5519         5035    1695        2006-08-28               18          126
#> 5520        13460    1524        2006-07-24               14          161
#> 5521        10524    1338        2006-04-07               13          269
#> 5522        21657     755        2006-10-19                9           74
#> 5523        18518     912        2006-07-17                7          168
#> 5524         1716     616        2006-09-03                6          120
#> 5525        36928    1027        2006-11-08               10           54
#> 5526        11812     963        2005-12-28                9          369
#> 5527         6440     713        2006-05-18                9          228
#> 5528        20384     573        2005-09-03                4          485
#> 5529        18040    1063        2006-08-10               11          144
#> 5530        29400     504        2006-08-31                8          123
#> 5531        15552    1079        2006-07-17               11          168
#> 5532        27320     802        2006-06-27                7          188
#> 5533        12190    1083        2006-06-29               15          186
#> 5534        13229     879        2006-08-17                9          137
#> 5535        21609     291        2005-09-01                3          487
#> 5536        15428    1218        2006-08-22               12          132
#> 5537         2767    1195        2006-04-23               12          253
#> 5538         3022    1139        2006-04-15                9          261
#> 5539        22370     837        2006-09-12                7          111
#> 5540        24600    1086        2006-12-29               11            3
#> 5541        22217     682        2005-08-28                8          491
#> 5542        30661    1016        2005-09-26                9          462
#> 5543         8224     370        2006-04-02                5          274
#> 5544         6746     630        2006-05-21                6          225
#> 5545         1554     746        2005-11-07                8          420
#> 5546        19366    1705        2006-08-30               13          124
#> 5547        36724     487        2006-09-02                5          121
#> 5548        11858     762        2006-01-14               10          352
#> 5549         8505    1132        2006-11-04               11           58
#> 5550         9134    1139        2006-05-21               11          225
#> 5551        15758     818        2006-05-10                8          236
#> 5552        27901     676        2006-09-28                7           95
#> 5553        10343    1324        2006-05-11               12          235
#> 5554         5869     534        2006-09-08                8          115
#> 5555         2337     118        2006-03-05                4          302
#> 5556         7968    1435        2006-11-23               12           39
#> 5557        39005    1154        2006-12-29               10            3
#> 5558        34440    1420        2006-06-05               18          210
#> 5559        21147     553        2006-09-23                7          100
#> 5560        21258     702        2006-03-06                7          301
#> 5561         6289     984        2006-02-26                9          309
#> 5562         9279    1260        2006-04-08               10          268
#> 5563         3541    1171        2006-10-15               11           78
#> 5564         8905    2149        2006-09-13               15          110
#> 5565        16847     856        2006-04-26                8          250
#> 5566        16241     612        2006-09-29                9           94
#> 5567         6770    1469        2006-08-18               15          136
#> 5568        39074    1226        2006-12-06               12           26
#> 5569        37361     946        2005-11-08               10          419
#> 5570        33174     774        2006-08-01               12          153
#> 5571         8524     638        2006-10-21               10           72
#> 5572         6323     930        2006-10-12               10           81
#> 5573        11080     461        2005-10-19                4          439
#> 5574        23506     414        2006-12-25                5            7
#> 5575        37853     660        2006-09-26                9           97
#> 5576         4598    1070        2006-11-11               10           51
#> 5577         4012     820        2005-09-28                6          460
#> 5578         7649     708        2006-12-26                8            6
#> 5579        20104    1082        2006-02-13               10          322
#> 5580        26238     718        2006-10-26                7           67
#> 5581         4735     331        2006-02-07                5          328
#> 5582        34045     634        2005-07-20                8          530
#> 5583        24943    1358        2006-09-14               12          109
#> 5584        30440     844        2006-03-31               10          276
#> 5585        29516     943        2005-07-19                8          531
#> 5586         3957     460        2006-05-06                6          240
#> 5587         6066     468        2006-07-06                9          179
#> 5588        32219    1324        2006-09-24               12           99
#> 5589        10941    1393        2006-08-23               11          131
#> 5590         7922     608        2006-11-20                6           42
#> 5591        27523    1703        2006-08-21               15          133
#> 5592        13367     746        2006-09-21               10          102
#> 5593         9548     768        2006-10-05                9           88
#> 5594        16500    1278        2006-07-14               11          171
#> 5595        29563     792        2006-02-07               10          328
#> 5596        31163     570        2006-09-02                6          121
#> 5597         7723    1259        2006-12-25               11            7
#> 5598         2329    1123        2006-11-04               11           58
#> 5599         4743     732        2006-10-27               10           66
#> 5600        36218     495        2006-10-25                9           68
#> 5601         4112    1221        2006-10-02               13           91
#> 5602        36497     624        2006-04-30                7          246
#> 5603         8959    1095        2006-09-06               13          117
#> 5604        15735     907        2006-09-27                9           96
#> 5605         2692    1046        2006-09-01               13          122
#> 5606        25609     986        2006-10-01                9           92
#> 5607        39360    1568        2006-09-02               12          121
#> 5608        24996    1691        2006-11-28               15           34
#> 5609        36298    1524        2006-11-06               12           56
#> 5610        22094     853        2006-07-24                9          161
#> 5611         3761    1248        2005-10-27               11          431
#> 5612        11277     512        2006-11-05                7           57
#> 5613         7494     511        2006-11-02                7           60
#> 5614        33900     669        2006-06-07                7          208
#> 5615        30108     812        2006-08-26                7          128
#> 5616        21709     651        2006-01-02                7          364
#> 5617        20084    1492        2006-04-16               11          260
#> 5618         6914     930        2006-06-30                9          185
#> 5619        37452     804        2006-06-27               11          188
#> 5620        22477    1588        2006-10-23               16           70
#> 5621        20517    1678        2006-01-15               13          351
#> 5622        27595     714        2006-08-23                8          131
#> 5623         5802    1909        2006-11-17               16           45
#> 5624        18701     905        2006-07-25               10          160
#> 5625        38778     533        2005-12-01                7          396
#> 5626        39287     769        2006-09-29                8           94
#> 5627        32619     763        2006-05-20                8          226
#> 5628        29146     983        2006-02-07                9          328
#> 5629        24427     773        2005-09-10                8          478
#> 5630        39979     473        2006-11-06                7           56
#> 5631        37546     821        2006-10-26                8           67
#> 5632        23363     963        2006-07-20               10          165
#> 5633        27070    1240        2006-06-10               13          205
#> 5634        38271    1014        2006-01-30                7          336
#> 5635          678    1178        2006-10-12               10           81
#> 5636        24698     980        2006-08-19                9          135
#> 5637         7623    1023        2006-06-22               10          193
#> 5638         3388    1642        2006-11-17               14           45
#> 5639        10902    1451        2006-07-18               14          167
#> 5640        37722     722        2006-07-24                9          161
#> 5641         6260     880        2006-01-20               11          346
#> 5642        22903     930        2006-06-24                7          191
#> 5643        37151     683        2006-06-17                8          198
#> 5644        14822     494        2006-07-14                6          171
#> 5645          934     716        2005-10-23               11          435
#> 5646        28849     569        2006-10-09                7           84
#> 5647        23165     755        2006-10-20               12           73
#> 5648         8035     541        2006-10-26                5           67
#> 5649        13008    1347        2006-06-09               13          206
#> 5650        16061     683        2006-02-19                8          316
#> 5651        34432     999        2005-08-09                7          510
#> 5652        10256    1008        2006-05-15               10          231
#> 5653         4020     923        2006-05-24                9          222
#> 5654        28834    1716        2006-11-24               17           38
#> 5655        21418     522        2005-12-09                7          388
#> 5656        24674     645        2006-08-20                8          134
#> 5657        13384    1015        2006-11-09               12           53
#> 5658        11055     920        2006-11-21               10           41
#> 5659        11720     636        2006-10-14                5           79
#> 5660        39640    1432        2005-11-18               12          409
#> 5661        16708     686        2006-06-11                6          204
#> 5662        18628    1212        2006-12-18                9           14
#> 5663        26732     492        2005-05-24                3          587
#> 5664        29519     924        2006-08-06               11          148
#> 5665        28092     741        2006-08-09               11          145
#> 5666        11411    1265        2006-06-14               10          201
#> 5667        35803     956        2006-10-23               11           70
#> 5668        31008     609        2006-03-15                7          292
#> 5669        28681     639        2006-07-22                7          163
#> 5670        33078    1288        2006-10-25               10           68
#> 5671        26158    1021        2006-05-30                9          216
#> 5672        30356     867        2006-11-01               13           61
#> 5673        31801     812        2006-06-20                8          195
#> 5674        10684     649        2006-04-21               12          255
#> 5675        33809     852        2006-09-29                9           94
#> 5676        11681     940        2006-09-28                9           95
#> 5677        21705    1350        2006-08-14               13          140
#> 5678        23216    1021        2006-11-28                9           34
#> 5679        25096    1109        2006-06-29               13          186
#> 5680        21439    1651        2006-10-28               18           65
#> 5681        29384    1346        2006-08-31               15          123
#> 5682        33689     300        2006-07-05                6          180
#> 5683        16662    1651        2006-10-18               15           75
#> 5684        17541     976        2006-10-18               12           75
#> 5685        29227     322        2005-07-02                5          548
#> 5686        34664    1000        2005-12-13                8          384
#> 5687         3073     511        2006-03-02               10          305
#> 5688         8419     985        2006-12-25               10            7
#> 5689        18493     562        2006-04-12                8          264
#> 5690        14357     725        2006-06-24                9          191
#> 5691        21522    1227        2006-08-13               10          141
#> 5692        30335     707        2006-03-18                8          289
#> 5693         8920     307        2005-06-25                4          555
#> 5694         3163     960        2006-10-05               12           88
#> 5695        13680    1015        2006-01-15               10          351
#> 5696         2579    1016        2006-06-22               11          193
#> 5697        14656     558        2006-09-19                5          104
#> 5698         2441     989        2006-06-15               10          200
#> 5699        35384    1208        2005-12-25               10          372
#> 5700        17934    1032        2006-12-04               11           28
#> 5701        27331     857        2006-09-19                9          104
#> 5702         6106     955        2006-11-11               15           51
#> 5703         1997    1019        2006-09-02               12          121
#> 5704        38904    1006        2006-10-10                9           83
#> 5705        39530     749        2006-10-22               11           71
#> 5706        22855     958        2006-06-17                8          198
#> 5707         6780    1413        2006-10-17               15           76
#> 5708         6093     892        2006-06-07                9          208
#> 5709        13231     488        2006-04-27                5          249
#> 5710        34041     804        2006-03-21                9          286
#> 5711        32019     650        2006-11-06                7           56
#> 5712        31876     666        2006-02-12                8          323
#> 5713        31715     642        2006-12-18               10           14
#> 5714        38005     956        2006-08-20               15          134
#> 5715        14377     666        2006-07-22                6          163
#> 5716        15816     617        2006-11-30                7           32
#> 5717        12723     600        2006-08-18               10          136
#> 5718        16859    1615        2006-06-15               14          200
#> 5719        12892     424        2006-10-07                5           86
#> 5720         2366     805        2006-09-15                6          108
#> 5721        11216     801        2006-06-05                7          210
#> 5722         3047    1036        2006-09-24               11           99
#> 5723        32315    1210        2006-10-06               13           87
#> 5724        26219     735        2005-11-07                9          420
#> 5725         7885     778        2006-06-07               11          208
#> 5726        35506    1435        2006-10-03               17           90
#> 5727        29582    1039        2005-10-30                8          428
#> 5728        10940    1439        2006-11-01               15           61
#> 5729        14597    1040        2006-12-23               10            9
#> 5730        18389      52        2005-09-14                1          474
#> 5731        25742     766        2006-08-02                8          152
#> 5732        18852     831        2006-09-17               10          106
#> 5733        15504     425        2005-09-06                7          482
#> 5734        39441     163        2005-12-29                3          368
#> 5735        37183    1517        2006-07-30               14          155
#> 5736        15339     701        2006-06-27                7          188
#> 5737        12514     918        2006-10-12                8           81
#> 5738        26442     700        2006-05-30                9          216
#> 5739        31555    1720        2006-11-16               14           46
#> 5740        27864     812        2006-01-21                9          345
#> 5741        29692     777        2006-10-01                9           92
#> 5742        11871    1438        2006-12-22               15           10
#> 5743         9510    1271        2006-01-22               14          344
#> 5744        17960     529        2006-07-26                5          159
#> 5745        31726     850        2006-09-14                8          109
#> 5746        24915     482        2006-07-22               10          163
#> 5747        26008     451        2006-06-03                6          212
#> 5748        31737     870        2006-03-14                9          293
#> 5749        38399     947        2006-07-13                9          172
#> 5750        14011     347        2005-09-23                6          465
#> 5751         4061     655        2006-11-29                8           33
#> 5752        33251     926        2006-08-30                9          124
#> 5753         2034    1226        2006-07-20               11          165
#> 5754        27874     848        2005-07-20               10          530
#> 5755        13783     635        2006-08-27                9          127
#> 5756        34869     702        2006-09-25                5           98
#> 5757        26427    1482        2006-07-07               10          178
#> 5758        17460     760        2005-08-22                8          497
#> 5759        35309    1006        2006-09-23                9          100
#> 5760        34729     773        2006-08-12                9          142
#> 5761        19828     783        2006-06-16                8          199
#> 5762         1037     630        2006-09-07                8          116
#> 5763        12146     886        2006-09-26                7           97
#> 5764        20108     627        2006-04-08                6          268
#> 5765        28486     942        2006-09-25                9           98
#> 5766         2239    1366        2006-08-31               12          123
#> 5767          985    1150        2006-08-28               11          126
#> 5768        12838     781        2006-10-02                8           91
#> 5769        38704     323        2006-11-25                6           37
#> 5770        21864     351        2006-05-22                6          224
#> 5771        10803    1482        2006-05-10               12          236
#> 5772        39654    1567        2006-05-09               12          237
#> 5773        26885    1042        2006-04-13                9          263
#> 5774         1981     732        2006-04-06                7          270
#> 5775         1887    1134        2006-09-18               12          105
#> 5776        36459     568        2006-09-08                6          115
#> 5777        13720     969        2006-06-06               12          209
#> 5778        37140     759        2006-08-21                9          133
#> 5779        18997    1021        2006-05-01                8          245
#> 5780         8245    1218        2006-04-21               10          255
#> 5781        23859    1480        2005-10-19               15          439
#> 5782        36167     858        2006-08-09                6          145
#> 5783         8456    1166        2006-02-01               13          334
#> 5784        20541     526        2006-05-13                6          233
#> 5785        16234     989        2006-11-09               15           53
#> 5786         7521     621        2006-07-26                6          159
#> 5787        39683     295        2006-01-30                3          336
#> 5788         4077     766        2006-06-02                8          213
#> 5789        36527     703        2005-09-29                7          459
#> 5790        27927     750        2006-09-12               10          111
#> 5791        35727    1017        2006-11-10               11           52
#> 5792        11039     778        2005-07-16                8          534
#> 5793        20111     410        2006-06-30                5          185
#> 5794        32300     309        2006-06-22                5          193
#> 5795        11821     590        2005-12-05                9          392
#> 5796        12862    1040        2006-08-27               12          127
#> 5797         1738     711        2006-11-17                6           45
#> 5798        18899     695        2006-12-10                9           22
#> 5799          842     956        2006-06-29                9          186
#> 5800        33470    1182        2006-11-23               13           39
#> 5801        21037    1281        2006-10-27               11           66
#> 5802         3000     945        2006-09-03               15          120
#> 5803         1707     618        2006-07-04                8          181
#> 5804        16099     923        2006-10-06               11           87
#> 5805        33312     434        2005-10-24               10          434
#> 5806        29361    1277        2006-09-30               16           93
#> 5807        19133     694        2006-09-10                9          113
#> 5808         1617    1016        2005-10-01                8          457
#> 5809        35259     793        2006-06-22                9          193
#> 5810        23192     897        2006-12-06                9           26
#> 5811        25972    1064        2006-10-01                9           92
#> 5812        12553     908        2006-08-02                9          152
#> 5813         1324     527        2006-09-12                6          111
#> 5814         8253     826        2006-09-25               10           98
#> 5815        27548     315        2006-09-05                6          118
#> 5816        31730     699        2006-06-26               10          189
#> 5817        25835     414        2005-04-12                5          629
#> 5818         4462     524        2005-06-13                5          567
#> 5819        35582     646        2005-10-31                7          427
#> 5820        12046     918        2006-04-18               11          258
#> 5821        35461     895        2006-10-11               12           82
#> 5822         5555     858        2006-08-26               10          128
#> 5823        20646    1016        2005-09-21                7          467
#> 5824        33131    1359        2006-07-06               11          179
#> 5825        28257     920        2006-08-25                7          129
#> 5826        37175     730        2006-12-27                7            5
#> 5827        14501    1188        2006-06-19               12          196
#> 5828         8627    1252        2006-08-13               11          141
#> 5829        36559     835        2006-10-19                8           74
#> 5830        23848     886        2006-08-11                8          143
#> 5831        32919     973        2006-08-04                9          150
#> 5832        29952     365        2006-09-28                5           95
#> 5833        23988    1435        2006-10-08               14           85
#> 5834        26592    1139        2006-07-09               11          176
#> 5835         6227    1394        2006-05-19               15          227
#> 5836        25329    1227        2006-10-08               12           85
#> 5837        13890     647        2005-10-03                8          455
#> 5838        29315    1018        2006-10-01               15           92
#> 5839        32196    1486        2006-07-20               19          165
#> 5840         5608    1128        2006-03-14               15          293
#> 5841        25082    1028        2006-09-08                9          115
#> 5842        36949    1510        2006-09-08               15          115
#> 5843        25855    1444        2006-08-10               16          144
#> 5844          475    1388        2006-07-15               13          170
#> 5845        12832     857        2006-09-11               10          112
#> 5846        13841     756        2006-10-19                8           74
#> 5847        39768    1183        2006-04-11               12          265
#> 5848        23760     568        2006-10-06                7           87
#> 5849        24544    1322        2006-08-12               14          142
#> 5850         6406    1375        2006-06-02               13          213
#> 5851        29696     445        2006-08-06                6          148
#> 5852        27624    1059        2006-11-12               11           50
#> 5853          280     679        2006-02-21                7          314
#> 5854        16167     843        2006-09-12                7          111
#> 5855        15134    1271        2006-10-07               11           86
#> 5856        28299     940        2006-05-08                8          238
#> 5857        15244    1184        2006-10-16               12           77
#> 5858        24958     400        2005-08-23                5          496
#> 5859         9034    1670        2006-07-17               17          168
#> 5860        20427     777        2006-04-19                9          257
#> 5861        28471     951        2006-05-01               10          245
#> 5862         5945     693        2006-08-10                8          144
#> 5863        21151     993        2005-12-22               12          375
#> 5864        26960    1207        2006-06-18               10          197
#> 5865        37961     877        2006-08-19               11          135
#> 5866        19846     808        2006-09-04                8          119
#> 5867        35888    1908        2006-08-07               19          147
#> 5868        37317    1045        2006-08-09               13          145
#> 5869        39169     710        2006-08-28                7          126
#> 5870        37678    1120        2006-12-20               10           12
#> 5871         3551    1285        2006-10-12               12           81
#> 5872        21980     893        2006-06-11               12          204
#> 5873        13774     828        2005-10-04               10          454
#> 5874         1079     539        2006-04-04                8          272
#> 5875        18462    1026        2006-06-27               12          188
#> 5876        12680     748        2006-06-09               10          206
#> 5877        26973     886        2005-09-14               12          474
#> 5878        38464    1497        2006-11-01               13           61
#> 5879        33406    1378        2006-06-23               13          192
#> 5880        15927     545        2006-06-26               10          189
#> 5881        21188    1860        2006-07-21               19          164
#> 5882        31001     368        2006-07-12                6          173
#> 5883        18755     580        2006-06-12                7          203
#> 5884          553    1427        2006-11-02               11           60
#> 5885         2456     958        2006-07-16               11          169
#> 5886         3798     783        2005-07-29                8          521
#> 5887        16632     996        2006-09-05               10          118
#> 5888        37067    1144        2006-08-28               11          126
#> 5889        24848    1195        2006-09-26               11           97
#> 5890        13235     964        2006-08-09               11          145
#> 5891        38367    1316        2006-07-07               13          178
#> 5892        19130     747        2006-07-12               10          173
#> 5893        18423     575        2006-03-12                8          295
#> 5894        37893    1339        2006-05-23               13          223
#> 5895        37601     878        2006-07-14                7          171
#> 5896        20943    1845        2006-04-24               16          252
#> 5897         6117    1080        2006-11-25               12           37
#> 5898        38176     881        2006-09-02                8          121
#> 5899        20197    1390        2006-11-15               14           47
#> 5900         2161    1356        2006-09-18               11          105
#> 5901         5874     899        2005-09-29                8          459
#> 5902        14521     685        2006-04-24                7          252
#> 5903        10268    1065        2006-08-06               12          148
#> 5904         4802    1645        2006-04-17               16          259
#> 5905        21643    1427        2006-08-23               17          131
#> 5906        10944    1334        2006-09-18               12          105
#> 5907        10898     438        2006-07-16                5          169
#> 5908         3134     926        2006-09-20               11          103
#> 5909        33088    1154        2006-11-22               14           40
#> 5910        24914     912        2006-03-26                8          281
#> 5911        22863     734        2006-09-05                7          118
#> 5912        14230     561        2006-06-02                8          213
#> 5913        27199    1092        2006-09-18                9          105
#> 5914         4063     873        2006-10-17                9           76
#> 5915        34083    1371        2006-07-05               11          180
#> 5916        33228     640        2005-10-23                5          435
#> 5917        24742     667        2006-03-20                6          287
#> 5918        12869     990        2005-08-02                9          517
#> 5919         2032     728        2006-12-26                8            6
#> 5920          743     604        2006-07-19                8          166
#> 5921         8464    1242        2006-06-04               10          211
#> 5922         5055     619        2005-09-29                6          459
#> 5923        30934    1173        2006-09-03               12          120
#> 5924        10425     483        2006-07-25                9          160
#> 5925         8935     672        2006-01-23                9          343
#> 5926        18626     911        2006-12-02                9           30
#> 5927        30737     338        2005-09-27                5          461
#> 5928        25024     667        2006-06-28                6          187
#> 5929         8327    1792        2006-03-31               15          276
#> 5930        34638    1093        2006-10-09               12           84
#> 5931        28079     962        2006-08-14               12          140
#> 5932         1610     672        2006-09-30                6           93
#> 5933        36528     829        2006-07-29                7          156
#> 5934        25248     871        2006-08-07               10          147
#> 5935        21040    1257        2006-08-26               13          128
#> 5936         5799    1272        2006-07-12               13          173
#> 5937        28266    1146        2006-06-12               13          203
#> 5938         4715    1793        2006-11-18               17           44
#> 5939        29764    1239        2006-09-24               12           99
#> 5940        19359     525        2005-07-08                4          542
#> 5941        35977    1358        2006-07-05               15          180
#> 5942        27083    1851        2006-12-04               18           28
#> 5943        26773     909        2006-11-04               10           58
#> 5944        20177    1202        2006-07-15               12          170
#> 5945        20550    1171        2006-08-29               11          125
#> 5946        11292    1057        2006-09-20               13          103
#> 5947        38875    1090        2006-09-27               13           96
#> 5948         6522     973        2005-11-24               11          403
#> 5949         9052    1130        2006-08-06               11          148
#> 5950        15030     431        2006-05-20                7          226
#> 5951        14712    1018        2006-04-28               12          248
#> 5952        21076     475        2006-07-28                7          157
#> 5953         4400    1231        2006-06-05               11          210
#> 5954         5599     974        2006-09-20               13          103
#> 5955        14530    1573        2006-11-20               14           42
#> 5956        24635     843        2005-10-29                9          429
#> 5957        22948    1516        2006-09-07               15          116
#> 5958        25688     848        2006-03-24               12          283
#> 5959        18892     594        2006-05-20                5          226
#> 5960        20981     549        2006-07-06                5          179
#> 5961        11855     771        2006-09-09               11          114
#> 5962        16150     848        2006-05-19                9          227
#> 5963          506    1559        2006-08-10               14          144
#> 5964         5733    2166        2006-05-18               17          228
#> 5965        28348    1843        2006-07-29               16          156
#> 5966         9931     935        2006-08-10                7          144
#> 5967        21051    1056        2006-12-07               13           25
#> 5968        35663     450        2006-11-17                4           45
#> 5969        23518     983        2006-09-10                8          113
#> 5970        39621    1037        2006-04-24                9          252
#> 5971        38669     845        2006-01-31               10          335
#> 5972        31177     904        2006-08-22               11          132
#> 5973         8106     946        2006-08-22               11          132
#> 5974         5670    1310        2006-09-18               12          105
#> 5975         3770    1187        2006-09-17               12          106
#> 5976         8603     797        2006-12-02               10           30
#> 5977         9037     685        2006-05-17                9          229
#> 5978        38033     541        2006-01-08                8          358
#> 5979          921    1954        2006-07-10               18          175
#> 5980        10680     506        2006-05-12                6          234
#> 5981        21727     413        2006-09-30                4           93
#> 5982        20165     814        2006-06-12                6          203
#> 5983        22029    1096        2006-07-16               11          169
#> 5984        38719     757        2006-09-17                7          106
#> 5985         3378    1243        2005-08-25               12          494
#> 5986        35321    1091        2006-10-21                9           72
#> 5987        14976     429        2006-08-19                7          135
#> 5988        20964     433        2006-07-25                4          160
#> 5989        36066    1068        2006-08-04               13          150
#> 5990        34318     787        2006-10-04               10           89
#> 5991        15443     714        2006-09-14               10          109
#> 5992        12214     908        2006-09-11               11          112
#> 5993         6314     563        2006-10-08                7           85
#> 5994        33103    1735        2005-10-22               14          436
#> 5995        28069    1055        2006-06-07               12          208
#> 5996         8042     681        2006-07-18               12          167
#> 5997        38182     483        2006-08-21                7          133
#> 5998         7227     519        2006-12-14                9           18
#> 5999         3564     401        2006-05-07                5          239
#> 6000        25316     652        2006-09-09                8          114
#> 6001        37221    1001        2006-04-07               11          269
#> 6002        38722    1092        2006-11-21               16           41
#> 6003        14452     930        2005-12-16                6          381
#> 6004        27196     624        2006-04-04                7          272
#> 6005        36333     425        2005-07-16                5          534
#> 6006        37598    1066        2006-07-21               12          164
#> 6007        30402     870        2006-08-13                8          141
#> 6008        35061     718        2005-07-12                5          538
#> 6009        25084     981        2005-08-05               11          514
#> 6010        17534     509        2006-06-19                6          196
#> 6011        32662    1019        2006-10-29               10           64
#> 6012        28322     827        2005-11-07               13          420
#> 6013         2135    1084        2005-09-18               11          470
#> 6014        37401     728        2006-06-06                8          209
#> 6015        25044     544        2006-11-01                8           61
#> 6016        19864    1005        2006-10-23               11           70
#> 6017        17712     972        2006-09-25               10           98
#> 6018        23301     380        2005-10-19                7          439
#> 6019        22271     866        2006-10-25                7           68
#> 6020        33153     303        2005-02-04                3          696
#> 6021          535     685        2006-08-31                9          123
#> 6022        11883     978        2006-05-20               13          226
#> 6023        37027     970        2006-07-04               10          181
#> 6024        28055     848        2005-08-30                9          489
#> 6025         7509     764        2006-08-10               12          144
#> 6026         9064     519        2006-04-09                6          267
#> 6027        24182     980        2006-06-24               10          191
#> 6028        13512     801        2006-09-07               10          116
#> 6029        23698     839        2006-02-13                7          322
#> 6030        38689     780        2006-10-08                8           85
#> 6031        13479    1564        2006-10-04               16           89
#> 6032        37250     928        2006-01-19               10          347
#> 6033         3355     507        2006-06-03                5          212
#> 6034        31076     649        2006-05-15                7          231
#> 6035         6632    1366        2006-08-22               14          132
#> 6036        11136     600        2005-12-04                6          393
#> 6037        14340     845        2006-08-10                9          144
#> 6038         7422    1355        2006-08-18               13          136
#> 6039        25049    1321        2006-08-22               12          132
#> 6040         8687    1053        2006-12-06               11           26
#> 6041        22673    1031        2006-08-31               10          123
#> 6042        20336     963        2006-08-16               10          138
#> 6043         8827    1261        2006-06-01               11          214
#> 6044        34648    1538        2006-12-13               14           19
#> 6045        39876    1259        2006-02-13               11          322
#> 6046        18025    1209        2006-03-05                8          302
#> 6047        20164     591        2006-03-26                6          281
#> 6048        25728     612        2006-08-20                7          134
#> 6049         6919    1456        2006-10-04               14           89
#> 6050        31999    1233        2006-01-12               12          354
#> 6051        18135     976        2006-01-13               11          353
#> 6052         1481     481        2006-12-14                5           18
#> 6053         4430     908        2006-11-04                9           58
#> 6054        39220     874        2005-07-24                8          526
#> 6055         4797     880        2006-08-10                8          144
#> 6056        20744     882        2006-08-18                8          136
#> 6057          643    1084        2006-07-30               12          155
#> 6058        31745     868        2006-08-08                8          146
#> 6059        17609     881        2006-03-12               11          295
#> 6060        38648     672        2005-08-19                8          500
#> 6061        38493    1206        2006-02-06               13          329
#> 6062        39155     430        2005-10-24                8          434
#> 6063        11745     862        2006-08-06                8          148
#> 6064        33300    1195        2006-08-04               10          150
#> 6065         3433     875        2006-06-16               10          199
#> 6066        26126    1207        2006-05-14               13          232
#> 6067        30488    1124        2006-03-08               13          299
#> 6068        17386    1099        2006-03-12               10          295
#> 6069        22713    1811        2006-11-08               15           54
#> 6070        35779     521        2006-04-14                5          262
#> 6071        18448     786        2006-08-19               10          135
#> 6072         8271     386        2005-12-23                5          374
#> 6073        22745    1215        2006-07-01               13          184
#> 6074        23555     558        2005-11-19                4          408
#> 6075         2461     316        2006-09-06                3          117
#> 6076         6104     805        2006-04-17                7          259
#> 6077        27418    1298        2006-11-14               13           48
#> 6078        25205     505        2005-09-01                5          487
#> 6079        10427     578        2005-08-24                7          495
#> 6080        15973     757        2006-03-17                9          290
#> 6081        37777    1128        2006-11-04               12           58
#> 6082        22018     674        2006-11-13                8           49
#> 6083        17890    1277        2006-08-02               11          152
#> 6084        25204     913        2006-05-23                9          223
#> 6085        11014     621        2006-07-15                7          170
#> 6086          428    1258        2006-08-21               11          133
#> 6087        35864     604        2006-08-15                7          139
#> 6088        20613    1066        2006-10-04               10           89
#> 6089        15117     449        2005-12-02                5          395
#> 6090         1779     570        2006-06-25               11          190
#> 6091        36584     673        2006-11-03                8           59
#> 6092        37635    1313        2006-08-24               15          130
#> 6093        38153     976        2006-04-02                9          274
#> 6094        21065     416        2006-10-06                6           87
#> 6095        17054    1322        2005-08-28               12          491
#> 6096        20611    1176        2006-07-27               10          158
#> 6097          779     828        2006-04-24                7          252
#> 6098        26644     741        2006-05-07                9          239
#> 6099         1477     706        2006-05-07                7          239
#> 6100        39920    1033        2006-08-22                9          132
#> 6101         6433     979        2006-02-17               10          318
#> 6102        27516     532        2006-12-02                7           30
#> 6103        12965     526        2006-06-13                8          202
#> 6104        12812     806        2006-06-22                9          193
#> 6105        21228     689        2006-07-23                7          162
#> 6106        25668    1591        2006-07-30               15          155
#> 6107         8108    1443        2006-10-14               13           79
#> 6108        29440    1157        2006-07-01               14          184
#> 6109        11837     407        2006-09-21                6          102
#> 6110        30957     503        2005-05-15                4          596
#> 6111        19598    1022        2006-10-13               11           80
#> 6112        26421    1220        2006-05-11               12          235
#> 6113        34774    1297        2006-09-16               11          107
#> 6114         4572    1019        2006-09-27               11           96
#> 6115        17598     496        2006-10-05                6           88
#> 6116          476    1113        2006-09-29               10           94
#> 6117        26975     487        2006-10-07                9           86
#> 6118        20176    1375        2006-09-21               13          102
#> 6119        19961     786        2006-06-25                6          190
#> 6120        26051    1032        2006-06-12               12          203
#> 6121        27570     924        2006-11-26                8           36
#> 6122        16352     968        2006-10-03               11           90
#> 6123        34214    1015        2006-12-10                7           22
#> 6124         3665     576        2006-07-01                5          184
#> 6125        14760    1831        2006-07-03               19          182
#> 6126         4804    1015        2006-10-25               12           68
#> 6127        14353     867        2006-05-06                9          240
#> 6128         6383     682        2006-09-15                8          108
#> 6129        10989     713        2006-08-16                7          138
#> 6130         3399     698        2006-03-08                7          299
#> 6131        26563     459        2006-09-27                7           96
#> 6132        33625     481        2006-05-05                6          241
#> 6133        39805     720        2006-08-10                9          144
#> 6134        18553    1111        2006-09-14               10          109
#> 6135        12584     868        2006-05-26                8          220
#> 6136        28967    1888        2006-08-24               19          130
#> 6137          656     973        2006-02-20                8          315
#> 6138        35163    1242        2006-11-09               13           53
#> 6139        36760     633        2006-10-28                8           65
#> 6140        25399     603        2006-02-24                8          311
#> 6141        33180     773        2006-07-27               10          158
#> 6142        23488     752        2006-09-03               11          120
#> 6143         7268     623        2006-10-13                8           80
#> 6144        37756     794        2006-10-30                7           63
#> 6145         1253     516        2005-08-27                7          492
#> 6146        36327    1178        2006-04-03               11          273
#> 6147        18137     562        2005-09-26                7          462
#> 6148        22841    1002        2006-06-24                8          191
#> 6149        21174     779        2006-07-12               10          173
#> 6150        14628     786        2006-06-09               10          206
#> 6151        26954    1056        2006-12-11                8           21
#> 6152        22413     703        2006-09-04               10          119
#> 6153         1428     647        2006-07-22                6          163
#> 6154        19363     790        2006-07-26                9          159
#> 6155        37715     497        2006-02-05                5          330
#> 6156        22897     847        2006-10-11               10           82
#> 6157        28449    1160        2006-09-07               15          116
#> 6158        16882    1200        2006-08-08               14          146
#> 6159        19403     680        2006-06-23                9          192
#> 6160        11131     773        2006-12-10               13           22
#> 6161        15984     833        2005-12-21               10          376
#> 6162        17996     712        2006-09-30                8           93
#> 6163        36978     499        2006-06-02                8          213
#> 6164        13146    1764        2006-05-22               14          224
#> 6165        26224     431        2006-07-31                9          154
#> 6166        35740     463        2006-04-30                6          246
#> 6167        10165     529        2005-08-26                5          493
#> 6168        23633     546        2006-09-15                8          108
#> 6169         5068    1289        2006-07-26               11          159
#> 6170         4306     556        2006-02-04                6          331
#> 6171        31532     915        2006-10-16                8           77
#> 6172        20409     947        2006-08-04               12          150
#> 6173        15111    1493        2006-11-07               16           55
#> 6174        31810     818        2006-07-12               10          173
#> 6175         3463     913        2006-11-01               12           61
#> 6176         1547     554        2006-08-02                7          152
#> 6177        20056    1480        2006-08-18               15          136
#> 6178        30277     596        2006-03-04                9          303
#> 6179        16179    1568        2006-12-25               14            7
#> 6180        29748    1096        2006-03-06               11          301
#> 6181        14893    1471        2006-05-02               12          244
#> 6182        23313    1335        2006-08-02               16          152
#> 6183        37196    1281        2006-12-03               14           29
#> 6184        19746     570        2006-08-13                9          141
#> 6185        24774     694        2006-11-17                9           45
#> 6186        11126    1246        2006-10-19               13           74
#> 6187         5390     874        2005-10-15                8          443
#> 6188         2695    1158        2006-12-18               14           14
#> 6189        25523     874        2006-07-12               11          173
#> 6190        18097     424        2005-10-06                7          452
#> 6191        28037    1067        2005-09-10                9          478
#> 6192        24153     440        2006-03-17                7          290
#> 6193        35521     996        2006-06-21               11          194
#> 6194         1331     655        2006-08-01                8          153
#> 6195        13076    1296        2005-09-03                9          485
#> 6196         4207     745        2006-01-29                7          337
#> 6197        23103    1294        2006-07-27               14          158
#> 6198         3511    1060        2006-06-03               12          212
#> 6199        36911     419        2006-05-23                6          223
#> 6200         5610    1087        2006-11-21               10           41
#> 6201         2340    1293        2006-08-14               12          140
#> 6202         7057    1109        2006-10-21               13           72
#> 6203        20979    1495        2005-11-09               14          418
#> 6204        38901     778        2006-09-02                8          121
#> 6205        36462    2058        2006-11-15               19           47
#> 6206        24565    1572        2006-11-15               13           47
#> 6207        23529     781        2006-09-02                9          121
#> 6208        22421     452        2005-10-31                7          427
#> 6209        29145     233        2006-10-06                6           87
#> 6210        18298    1674        2006-12-15               15           17
#> 6211         7642     601        2006-04-05                9          271
#> 6212        17394    1630        2006-11-06               15           56
#> 6213         7101     588        2006-08-30                5          124
#> 6214        28547    1583        2006-10-19               15           74
#> 6215         7540     660        2006-11-23               10           39
#> 6216        18035     965        2006-08-14                9          140
#> 6217        25063     551        2006-09-08                7          115
#> 6218        11477    1231        2006-11-07               11           55
#> 6219        29690    1328        2006-11-01               11           61
#> 6220        22751    1604        2006-12-19               16           13
#> 6221        27079     463        2006-09-05                6          118
#> 6222        36607    1299        2006-02-17               12          318
#> 6223        38055    1000        2006-08-29                8          125
#> 6224        12508     759        2006-01-15                8          351
#> 6225        32584    1235        2006-08-11               13          143
#> 6226        10140    1518        2006-06-03               14          212
#> 6227         2836     355        2006-10-03                7           90
#> 6228         4253    2218        2006-07-28               17          157
#> 6229        35630    1184        2006-03-04               14          303
#> 6230        36097    1629        2006-12-07               13           25
#> 6231        15222    1062        2006-06-09               11          206
#> 6232        25640     562        2006-09-18                6          105
#> 6233        27791    1207        2006-08-25               12          129
#> 6234        36725    1059        2006-11-03               11           59
#> 6235        19325    1323        2005-10-19               13          439
#> 6236        31149    1154        2006-10-24               10           69
#> 6237        28585    1079        2006-08-17               13          137
#> 6238          388     479        2006-08-14                6          140
#> 6239        14627     444        2005-09-20                8          468
#> 6240        16848     698        2006-07-02               10          183
#> 6241        18893    1858        2006-08-10               17          144
#> 6242        36414    1340        2006-10-19               12           74
#> 6243        14833    1066        2006-11-10               10           52
#> 6244        15670     690        2006-05-16                8          230
#> 6245        26201     733        2006-07-04                9          181
#> 6246        10296    1479        2006-12-20               12           12
#> 6247         7835     983        2006-09-23                9          100
#> 6248        37739    1066        2006-09-22                9          101
#> 6249        38838     907        2006-11-27               10           35
#> 6250        25902     962        2006-05-09               10          237
#> 6251        23758    1404        2006-08-28               15          126
#> 6252         8794     868        2006-07-13                8          172
#> 6253        24789     506        2005-08-11                5          508
#> 6254         3228     154        2005-12-09                2          388
#> 6255        22529    1198        2006-11-10               13           52
#> 6256        22266     575        2006-05-15                6          231
#> 6257          909     698        2006-11-25                8           37
#> 6258         6788     727        2006-11-05               11           57
#> 6259        13605    1247        2006-04-06               11          270
#> 6260        27903     811        2006-06-19               10          196
#> 6261        13809     886        2006-09-07                9          116
#> 6262        16310    1175        2006-08-26               10          128
#> 6263          844     630        2006-07-17                9          168
#> 6264        33369     615        2005-11-01                8          426
#> 6265        17080    1121        2006-07-27               11          158
#> 6266         3345    1132        2006-03-22               12          285
#> 6267        21117    1015        2006-10-21               10           72
#> 6268         8545     240        2006-03-11                3          296
#> 6269        19218    1449        2006-10-08               12           85
#> 6270        29772    1131        2006-08-06               10          148
#> 6271         5691    1162        2006-08-02               16          152
#> 6272        25447     503        2006-09-16                7          107
#> 6273        32773     874        2006-03-29                9          278
#> 6274        18896     998        2006-10-31               11           62
#> 6275        12759     740        2006-09-16                9          107
#> 6276        27671    1902        2006-08-13               16          141
#> 6277        25129    1079        2006-07-06               11          179
#> 6278        31425    1244        2006-07-24               12          161
#> 6279        29775    1691        2006-08-27               17          127
#> 6280        24836    1516        2006-11-04               16           58
#> 6281         9054     677        2006-05-26                6          220
#> 6282        21403    1330        2006-07-03               11          182
#> 6283        25663     983        2006-05-22               11          224
#> 6284         4330     573        2006-09-04                9          119
#> 6285        39808    1262        2006-08-04               11          150
#> 6286        25296    1009        2006-05-22               13          224
#> 6287        22918     722        2006-12-14                7           18
#> 6288        22510     760        2006-06-02                9          213
#> 6289        18973    1180        2006-10-08               11           85
#> 6290        33586     486        2006-11-28                7           34
#> 6291        31960    1105        2006-09-25               10           98
#> 6292        35257     754        2006-07-07                7          178
#> 6293         3503    1432        2006-11-06               13           56
#> 6294        30519     472        2006-08-17                4          137
#> 6295         2109     640        2006-10-20                6           73
#> 6296        16734     807        2006-05-02                9          244
#> 6297         2440     791        2006-08-17                9          137
#> 6298        11119    1976        2006-10-16               20           77
#> 6299         6479    1534        2006-06-24               14          191
#> 6300        21644     557        2006-07-22                5          163
#> 6301         1387    1075        2006-11-16               11           46
#> 6302        27071    1641        2006-05-17               15          229
#> 6303        36636    1164        2006-06-22               10          193
#> 6304           17    1300        2006-06-04               13          211
#> 6305         4642     324        2006-10-29                6           64
#> 6306        10187     453        2005-12-26                6          371
#> 6307        25085     801        2006-08-09                8          145
#> 6308         4633    1252        2006-06-11               13          204
#> 6309        22668    1562        2006-10-12               16           81
#> 6310        23634     654        2006-01-16                6          350
#> 6311        18559     781        2006-09-24                7           99
#> 6312          961     971        2006-06-29               13          186
#> 6313        21356    1212        2006-07-15               12          170
#> 6314        26083     309        2005-09-14                2          474
#> 6315         5506     994        2005-10-03                9          455
#> 6316        20386     606        2006-08-08                7          146
#> 6317         7932     581        2006-05-29                8          217
#> 6318        30545     329        2005-11-17                5          410
#> 6319         7458     243        2006-04-01                3          275
#> 6320        31938    1227        2006-07-07               12          178
#> 6321         7004     658        2006-04-13                8          263
#> 6322        25599    1056        2006-08-23               10          131
#> 6323        35383    1384        2006-12-21               12           11
#> 6324        23421    1890        2006-06-30               14          185
#> 6325        37759    1131        2005-10-16               10          442
#> 6326        13219    1640        2006-05-01               14          245
#> 6327         3150    1654        2006-08-09               15          145
#> 6328        34556     654        2006-07-30                7          155
#> 6329         3925     881        2006-08-07               10          147
#> 6330         5581     845        2006-11-30                8           32
#> 6331         6885     960        2006-08-19               11          135
#> 6332        35772     658        2006-09-11                7          112
#> 6333         1020    1149        2006-08-05               10          149
#> 6334        34890    1314        2005-10-18               15          440
#> 6335        23183    1409        2006-06-13               13          202
#> 6336        21635     908        2006-09-14               13          109
#> 6337        16796     924        2006-07-04                8          181
#> 6338        25030     475        2006-09-16                9          107
#> 6339        36558    1175        2006-11-03               13           59
#> 6340        23345    1200        2006-09-01               11          122
#> 6341        16070    1061        2006-04-04               10          272
#> 6342         3264     789        2006-05-14                9          232
#> 6343        18046     760        2006-01-21               10          345
#> 6344        21399     728        2006-10-29               10           64
#> 6345        11913    1551        2006-07-19               13          166
#> 6346         2479     914        2006-08-07                8          147
#> 6347        31320    1221        2006-09-13               11          110
#> 6348        28595    1129        2006-06-22               11          193
#> 6349        12461    1029        2006-03-12                7          295
#> 6350         9744    1056        2006-09-09                9          114
#> 6351        18466     652        2006-09-27                7           96
#> 6352         8997    1427        2006-08-22               13          132
#> 6353         4900    1691        2006-12-23               15            9
#> 6354        26019    1189        2006-08-21               10          133
#> 6355         5562     868        2006-06-16                9          199
#> 6356         3370     530        2005-06-20                6          560
#> 6357        17084     803        2006-05-06                9          240
#> 6358        23224     881        2006-09-02               11          121
#> 6359        29135     456        2006-09-30                5           93
#> 6360        27117     806        2006-10-21                6           72
#> 6361         4082    1175        2006-08-25               10          129
#> 6362        25206    1545        2006-10-27               17           66
#> 6363         3129     709        2006-08-08                9          146
#> 6364        35203    1207        2006-04-16               12          260
#> 6365        13620    1353        2006-05-02               13          244
#> 6366         5534     750        2006-08-30                8          124
#> 6367         2167    1231        2006-11-20               12           42
#> 6368        24192     866        2006-09-27               10           96
#> 6369        38459    1243        2006-07-01               12          184
#> 6370        20945    1209        2006-04-01               11          275
#> 6371        11768     800        2006-05-13                9          233
#> 6372        18898    1120        2006-11-08               10           54
#> 6373        24596     391        2006-10-29                6           64
#> 6374        39038     835        2006-11-03                7           59
#> 6375        28825     655        2005-09-11                5          477
#> 6376        35836    1205        2006-09-13               14          110
#> 6377        17573     352        2006-12-27                7            5
#> 6378        20317     861        2006-09-27                9           96
#> 6379        15688    1038        2006-09-27                8           96
#> 6380        35111     675        2005-07-07                7          543
#> 6381          562    1304        2006-08-09               14          145
#> 6382        39968    1057        2006-05-19               10          227
#> 6383        38537     579        2005-11-13                7          414
#> 6384          876    1173        2006-06-08               10          207
#> 6385        33598     852        2006-07-11               12          174
#> 6386         2657     613        2006-10-10                9           83
#> 6387         7707     946        2006-07-14               12          171
#> 6388        16614    1536        2006-11-15               16           47
#> 6389        34767     335        2005-11-20                4          407
#> 6390         3216    1084        2006-08-22               10          132
#> 6391        34943     870        2006-04-30               12          246
#> 6392        33965     692        2006-04-23                8          253
#> 6393         1903     326        2006-05-26                6          220
#> 6394        32669     663        2006-11-12                8           50
#> 6395        26402    1159        2006-09-27               10           96
#> 6396         6459     779        2006-08-23               10          131
#> 6397        19118     702        2006-08-24               11          130
#> 6398        26753     903        2006-09-22                8          101
#> 6399        20513    1074        2006-03-09               11          298
#> 6400        20889    1571        2006-12-09               15           23
#> 6401        29119     726        2006-09-30                8           93
#> 6402        32177    1356        2006-08-13               14          141
#> 6403        21699     330        2005-11-20                4          407
#> 6404        30060    1015        2005-06-17                9          563
#> 6405        28874     952        2006-11-28               12           34
#> 6406        24675     804        2006-09-21               10          102
#> 6407        13358    1061        2006-07-17               15          168
#> 6408        23020     644        2006-10-12                8           81
#> 6409        37797     782        2006-07-09                8          176
#> 6410        26430     951        2006-06-04               11          211
#> 6411        13641    1319        2006-09-10               14          113
#> 6412        30891     851        2005-11-12               11          415
#> 6413        15107     880        2006-08-09                9          145
#> 6414         3425    1316        2006-11-02               15           60
#> 6415         6791    1020        2006-03-28                8          279
#> 6416        26658     729        2006-12-15                8           17
#> 6417        27732     678        2005-08-20                4          499
#> 6418        36071    1390        2006-01-18               14          348
#> 6419        29268    1266        2006-10-27               10           66
#> 6420        39211     462        2006-10-26                5           67
#> 6421          672     477        2006-06-30                5          185
#> 6422        17489    1573        2006-07-18               15          167
#> 6423         6551     742        2006-05-12               10          234
#> 6424        21502     898        2006-07-15                7          170
#> 6425        19542    1056        2006-09-21               12          102
#> 6426        16864     941        2006-08-07                8          147
#> 6427         5908     666        2005-07-16                8          534
#> 6428        26453    1295        2006-08-20               12          134
#> 6429        21022     911        2006-08-11                8          143
#> 6430        21091     688        2006-02-15                7          320
#> 6431        38915     755        2006-11-26                8           36
#> 6432        14655     537        2006-07-11                6          174
#> 6433         5875     342        2006-08-08                7          146
#> 6434        35693     592        2006-10-17                5           76
#> 6435         8947     662        2005-12-17               10          380
#> 6436        17379     801        2006-03-13                7          294
#> 6437        32875     829        2006-09-26                7           97
#> 6438        29099     459        2006-04-29                8          247
#> 6439        33104    1399        2006-10-23               12           70
#> 6440         5000     417        2006-04-09                6          267
#> 6441        11363     899        2006-06-02               11          213
#> 6442        35408     509        2005-10-20                6          438
#> 6443        28813    1221        2006-05-24               14          222
#> 6444        24950     666        2006-09-08                9          115
#> 6445        36682    1291        2006-12-05               13           27
#> 6446        30762    1224        2005-11-01               10          426
#> 6447        39896    1203        2006-07-23               13          162
#> 6448        29892     580        2006-09-25                5           98
#> 6449         5446     231        2005-11-22                4          405
#> 6450        34778     960        2006-11-20               11           42
#> 6451        33388    1204        2006-07-14               12          171
#> 6452        36100     316        2006-04-12                5          264
#> 6453         8037     920        2006-05-29                8          217
#> 6454        31995    1088        2006-07-21               11          164
#> 6455        39300    1503        2006-10-14               14           79
#> 6456        11823    2022        2006-09-04               16          119
#> 6457        19491     990        2006-06-21               10          194
#> 6458        17040    1165        2006-07-20               10          165
#> 6459        31212    1215        2006-11-26               12           36
#> 6460        27729     671        2005-12-21                7          376
#> 6461        34812     611        2006-06-29                9          186
#> 6462        36970    1017        2005-09-05               10          483
#> 6463        11495    1171        2005-11-14               10          413
#> 6464        39686     159        2005-12-28                3          369
#> 6465        38307     907        2006-06-30               10          185
#> 6466        25404     933        2006-11-22                9           40
#> 6467         5085     868        2006-09-08                8          115
#> 6468        37716     534        2005-09-23                9          465
#> 6469        15280     782        2005-10-19                9          439
#> 6470        29691     680        2006-08-17                6          137
#> 6471        33993    1126        2006-03-23               10          284
#> 6472        23945    1166        2006-06-08               13          207
#> 6473        35489    1112        2006-09-04               11          119
#> 6474        28373    1340        2006-10-15               15           78
#> 6475        16914     462        2006-12-01                7           31
#> 6476        31517     739        2006-01-10                6          356
#> 6477        26439    1007        2006-02-06               12          329
#> 6478        22787    1495        2006-12-21               12           11
#> 6479        19420     812        2006-12-16                7           16
#> 6480        15326     999        2006-12-30               11            2
#> 6481        36225     978        2006-10-23               12           70
#> 6482        31310     513        2006-04-05                7          271
#> 6483        24601     670        2005-08-01                8          518
#> 6484         6825     993        2006-12-26                9            6
#> 6485        20639     719        2006-09-15                9          108
#> 6486        35330    1242        2006-08-11               14          143
#> 6487         6578    1463        2006-05-11               15          235
#> 6488         6415     989        2006-06-26               12          189
#> 6489        32231     862        2006-07-15                8          170
#> 6490        16915     695        2006-04-07                9          269
#> 6491        24079    1076        2006-10-29               11           64
#> 6492         5053     986        2006-03-22               11          285
#> 6493        37735     858        2006-10-21               10           72
#> 6494        38531     611        2006-05-31               10          215
#> 6495        37403     723        2006-09-22                7          101
#> 6496        37818    1015        2006-10-02               11           91
#> 6497        26547     789        2006-09-06               10          117
#> 6498        26981     655        2005-09-19                5          469
#> 6499        15817    1220        2006-06-18               15          197
#> 6500        23178    1288        2006-11-10               11           52
#> 6501        30341    1173        2006-10-05               15           88
#> 6502        12818    1081        2005-12-22               11          375
#> 6503         3445    1401        2006-12-23               14            9
#> 6504         7063     791        2006-12-18               10           14
#> 6505         6456     636        2006-09-02                6          121
#> 6506        38509     265        2005-11-16                3          411
#> 6507        11722     859        2006-04-28                8          248
#> 6508         9964     620        2006-09-19               10          104
#> 6509         7697    1002        2006-10-08               12           85
#> 6510        39941    1105        2006-03-03               10          304
#> 6511        28553    1073        2006-09-23               10          100
#> 6512        31269    1150        2006-03-18                9          289
#> 6513        16436    1700        2006-09-17               14          106
#> 6514        12677     477        2006-04-26                5          250
#> 6515        35238    2208        2006-09-10               20          113
#> 6516        21265     799        2006-05-16                7          230
#> 6517         1502     528        2005-10-04                6          454
#> 6518        31603     936        2005-09-26                9          462
#> 6519        27622     799        2006-08-19                9          135
#> 6520        18974     988        2005-10-28               11          430
#> 6521        14411    1528        2006-06-19               14          196
#> 6522        37971     800        2006-11-16                9           46
#> 6523        19101    1215        2006-04-03               10          273
#> 6524         6563     662        2006-09-22                7          101
#> 6525         5395    1377        2006-11-07               15           55
#> 6526        31129     543        2006-11-17                8           45
#> 6527         7656     701        2005-11-18                7          409
#> 6528        37574     964        2006-06-20               10          195
#> 6529        28015     816        2006-10-15                8           78
#> 6530         4438     848        2006-11-25                7           37
#> 6531        15871     793        2006-06-29                8          186
#> 6532        16462    1329        2006-08-26               10          128
#> 6533        21161     788        2006-12-15               10           17
#> 6534           84    1259        2006-09-24               12           99
#> 6535        19901    1061        2006-10-03               11           90
#> 6536         3392    1421        2006-08-06               14          148
#> 6537        26062     751        2006-11-28                9           34
#> 6538        18069     381        2006-10-02                6           91
#> 6539        20556    1059        2006-11-09               11           53
#> 6540        35293    1351        2006-01-14               11          352
#> 6541        15938    1260        2006-08-18               14          136
#> 6542        36735    1144        2005-11-21                8          406
#> 6543         3932    1119        2006-11-23               13           39
#> 6544        14783    1223        2006-08-25               12          129
#> 6545        37353    1348        2005-11-18               11          409
#> 6546         6320     813        2006-09-22                8          101
#> 6547        17982    1615        2006-08-27               16          127
#> 6548         5514    1114        2006-09-11               12          112
#> 6549        29402     985        2006-08-31               10          123
#> 6550        28192    1107        2006-08-25                9          129
#> 6551        11046    1510        2006-11-24               13           38
#> 6552         5049     924        2006-07-20               10          165
#> 6553          802     319        2006-09-26                4           97
#> 6554        35632     726        2006-07-20                9          165
#> 6555         4367     964        2006-10-02                9           91
#> 6556        21166     821        2005-12-31                9          366
#> 6557        21597     498        2006-09-04                6          119
#> 6558        22656     630        2006-10-18                8           75
#> 6559          746    1054        2006-09-11               12          112
#> 6560          343     834        2006-07-15               10          170
#> 6561        12598     882        2006-06-14                8          201
#> 6562        34573    1063        2006-12-03               17           29
#> 6563        21556    1067        2005-09-19                8          469
#> 6564         5086     609        2006-06-15                8          200
#> 6565         8618     700        2005-12-12               10          385
#> 6566         4074    1379        2006-08-29               14          125
#> 6567        30490    1017        2006-09-13               13          110
#> 6568        21946    1303        2006-10-18               15           75
#> 6569         1443    1000        2006-06-22               10          193
#> 6570        23766     914        2006-05-06               12          240
#> 6571        37335     575        2006-10-04               11           89
#> 6572         5726    1154        2006-12-29               10            3
#> 6573        26588    1012        2006-10-31                9           62
#> 6574        26983    1241        2006-12-18               10           14
#> 6575        26044     985        2006-08-06               13          148
#> 6576        24804     415        2006-10-04                6           89
#> 6577        38484     515        2006-07-20                8          165
#> 6578         1126     609        2005-12-20                5          377
#> 6579         7183    1169        2005-11-11                9          416
#> 6580        28974     471        2006-05-31                5          215
#> 6581        14217     722        2006-06-05               10          210
#> 6582         1198     844        2006-05-07                9          239
#> 6583        35173    1335        2006-12-03               13           29
#> 6584        31302     726        2006-12-03                8           29
#> 6585         5800     717        2006-05-09                9          237
#> 6586         3804     907        2005-11-01                7          426
#> 6587         7906    1658        2006-10-31               18           62
#> 6588        22327     988        2006-12-21               11           11
#> 6589        11441     709        2006-10-21                6           72
#> 6590        28973     765        2006-07-26                8          159
#> 6591        27239     503        2006-08-02                8          152
#> 6592        35282    1459        2006-10-27               14           66
#> 6593          353     771        2005-05-22                8          589
#> 6594        31187    1049        2006-08-16               11          138
#> 6595        19472     556        2005-12-21                4          376
#> 6596        19232     595        2006-08-20                7          134
#> 6597        11930    1707        2006-07-07               14          178
#> 6598        37036     508        2006-09-01                9          122
#> 6599        31664     473        2006-12-03                6           29
#> 6600        23308     220        2005-07-20                4          530
#> 6601        30986    1157        2006-10-16               12           77
#> 6602          968     694        2006-11-22                7           40
#> 6603        12758     799        2006-10-03                9           90
#> 6604         3807     771        2006-07-21                9          164
#> 6605        19098     732        2006-09-06                7          117
#> 6606         4354    1752        2006-09-05               13          118
#> 6607        37497     726        2006-12-12                8           20
#> 6608        20961     254        2006-07-12                5          173
#> 6609        10729     452        2005-08-12                6          507
#> 6610        28986     242        2006-10-09                4           84
#> 6611        12173     659        2006-05-06                5          240
#> 6612        13116    1253        2006-11-26               11           36
#> 6613         9909    1258        2006-11-26                9           36
#> 6614        27839    1563        2006-08-04               14          150
#> 6615        23364     543        2006-09-23                6          100
#> 6616        24586     848        2006-04-08                9          268
#> 6617         2758     590        2006-06-03                7          212
#> 6618        39181     914        2006-10-02               11           91
#> 6619        10078     990        2006-06-09                9          206
#> 6620         4662     940        2006-11-30                9           32
#> 6621        16762    1323        2006-10-21               13           72
#> 6622        29461     347        2006-02-16                5          319
#> 6623         3120     959        2006-10-02                8           91
#> 6624         3184     856        2006-08-28                8          126
#> 6625        20066    1464        2006-09-25               14           98
#> 6626        33774    1110        2006-11-08               10           54
#> 6627        13918    1139        2006-05-22               11          224
#> 6628        36563     947        2006-06-15                9          200
#> 6629        33719    1537        2006-11-02               15           60
#> 6630        27171    1510        2006-08-19               15          135
#> 6631        37709     899        2006-11-23                9           39
#> 6632        10751     496        2005-07-30                4          520
#> 6633        36407     437        2006-05-11                5          235
#> 6634        39333     691        2006-06-01                9          214
#> 6635        25318     974        2006-11-17               12           45
#> 6636        14002    1235        2006-04-12               13          264
#> 6637         6949     798        2006-04-23                8          253
#> 6638        28494    1053        2006-05-28               13          218
#> 6639        23405     794        2006-12-14                9           18
#> 6640           77     842        2006-07-21                9          164
#> 6641        13603     906        2006-09-15               10          108
#> 6642        27702     825        2005-07-28                8          522
#> 6643        39848     315        2006-01-19                3          347
#> 6644         9805     540        2006-07-23                8          162
#> 6645        14944    1234        2006-07-22               14          163
#> 6646        34918      66        2006-08-31                2          123
#> 6647        35667    1162        2006-06-24               11          191
#> 6648        24765     666        2006-06-15                7          200
#> 6649        14884     400        2005-05-22                3          589
#> 6650         2125     650        2006-07-10                7          175
#> 6651          695     758        2005-11-26                7          401
#> 6652         7033    1149        2006-07-29                9          156
#> 6653        20693    1625        2006-12-09               12           23
#> 6654        37862     819        2006-10-01                9           92
#> 6655        31768    1156        2006-05-08               12          238
#> 6656        12434     959        2006-03-28               11          279
#> 6657          564     263        2006-03-30                3          277
#> 6658        17307     597        2006-01-20                6          346
#> 6659         8642    1574        2006-10-21               13           72
#> 6660        31461     540        2006-08-21                8          133
#> 6661        35924     477        2006-09-19                7          104
#> 6662        20136     971        2006-09-21                9          102
#> 6663        27385     629        2006-12-09                7           23
#> 6664         7391     485        2006-09-17                8          106
#> 6665        39153     892        2006-05-14                8          232
#> 6666        39600     582        2006-09-29                8           94
#> 6667        38386     819        2006-08-11                9          143
#> 6668        28772    1085        2006-09-07                9          116
#> 6669        20145    1244        2006-10-09               10           84
#> 6670        15941    1722        2006-10-16               16           77
#> 6671        23181     799        2005-10-26                9          432
#> 6672         7530    1012        2006-09-24               10           99
#> 6673        13910    1628        2006-07-28               16          157
#> 6674        24786     695        2006-07-22                9          163
#> 6675        32579    1555        2006-07-27               15          158
#> 6676        30875    1619        2006-08-30               15          124
#> 6677        38967    1118        2006-09-27                8           96
#> 6678          749     688        2005-09-04                8          484
#> 6679        24097     496        2006-11-18                8           44
#> 6680        37673     719        2006-10-22                9           71
#> 6681        12021     474        2006-07-25                8          160
#> 6682         3285    1432        2006-07-05               11          180
#> 6683         5913    1554        2006-07-26               13          159
#> 6684        18907    1506        2006-12-11               13           21
#> 6685         5620     557        2006-02-26                7          309
#> 6686        30922    1383        2006-11-05               15           57
#> 6687        32069     712        2006-07-17                9          168
#> 6688         8859     684        2005-12-22                8          375
#> 6689        16942    1510        2006-04-10               13          266
#> 6690        32580     829        2006-11-15                9           47
#> 6691          427     752        2006-05-14               11          232
#> 6692        21281     952        2005-09-19                8          469
#> 6693         3350     418        2005-12-03                5          394
#> 6694        17759     381        2006-08-01                8          153
#> 6695         6754     640        2006-04-23                7          253
#> 6696        31833     858        2006-10-13                8           80
#> 6697        30008     606        2005-11-29                7          398
#> 6698        30405    1141        2006-09-04               12          119
#> 6699        15640     856        2006-07-18               11          167
#> 6700        31047    1252        2006-09-02               14          121
#> 6701         9696     998        2006-07-20               11          165
#> 6702        17262     719        2006-09-23                9          100
#> 6703         7471    1360        2006-07-24               12          161
#> 6704         5646     855        2006-09-27                8           96
#> 6705        37001     468        2005-06-06                5          574
#> 6706        21990    1423        2006-06-11               15          204
#> 6707        39473     464        2005-09-12                5          476
#> 6708        24299    1161        2006-10-31               16           62
#> 6709        23423     778        2006-08-10                7          144
#> 6710        11044     579        2006-08-03                4          151
#> 6711        15673     967        2005-09-28                9          460
#> 6712        34561     696        2006-08-19               10          135
#> 6713        25448     470        2006-11-05                5           57
#> 6714        39810    1678        2006-10-16               15           77
#> 6715        39926    1356        2006-10-21               12           72
#> 6716        30859     785        2005-09-20               10          468
#> 6717        16043     553        2006-09-22                8          101
#> 6718        35979    1058        2006-11-22               10           40
#> 6719        11615     778        2006-02-10               10          325
#> 6720        21534     697        2006-11-24                9           38
#> 6721        10167     894        2006-04-18                9          258
#> 6722          354     784        2006-12-12               10           20
#> 6723        36395     921        2006-08-12                9          142
#> 6724        24391     823        2006-11-17                8           45
#> 6725        23765     641        2006-05-23               11          223
#> 6726         4368    1206        2006-08-24               12          130
#> 6727        11721     248        2006-12-29                5            3
#> 6728        35394     935        2006-09-26                9           97
#> 6729        19546    2019        2006-10-22               18           71
#> 6730        12262     709        2006-08-13                8          141
#> 6731        21532     822        2006-12-10                9           22
#> 6732        23648    1441        2006-09-10               15          113
#> 6733         2833     925        2006-04-16                8          260
#> 6734         4957     882        2006-11-03               10           59
#> 6735        17481     626        2006-05-22                7          224
#> 6736         4817     843        2006-11-08                8           54
#> 6737        37451    1081        2006-08-28                9          126
#> 6738        29676     828        2006-10-20               11           73
#> 6739        11557     735        2006-09-03                9          120
#> 6740         6741    1401        2006-07-10               15          175
#> 6741        31740    1033        2006-11-01               13           61
#> 6742        16855     979        2006-11-30               12           32
#> 6743         1976     682        2006-10-18                8           75
#> 6744         9179     831        2006-06-05                9          210
#> 6745        14953     481        2005-08-24                6          495
#> 6746        39996     555        2006-03-09                9          298
#> 6747        28462    1072        2005-09-08                9          480
#> 6748        33784    1558        2006-04-18               14          258
#> 6749        19238     777        2005-12-14               10          383
#> 6750         3053    1563        2006-11-22               15           40
#> 6751        14023     548        2006-07-20                5          165
#> 6752        16834    1091        2006-05-30               12          216
#> 6753        20074    1292        2006-09-05               15          118
#> 6754        18969     999        2006-10-18               10           75
#> 6755         6688    1277        2006-06-16               11          199
#> 6756         7081     872        2006-08-06                9          148
#> 6757        29738    1051        2006-07-14               10          171
#> 6758        15242     802        2006-04-20                7          256
#> 6759         6295     619        2006-12-02                6           30
#> 6760        13718     306        2005-10-28                4          430
#> 6761        29813    1071        2006-04-20               10          256
#> 6762        17003    1016        2006-10-02               10           91
#> 6763          480     705        2005-09-23                9          465
#> 6764        21141    1611        2006-11-05               16           57
#> 6765         4388    1109        2006-10-14               13           79
#> 6766        36091     686        2006-02-10               10          325
#> 6767        16716     941        2006-10-02               12           91
#> 6768        32809     525        2006-10-10                7           83
#> 6769        34412    1547        2006-06-30               15          185
#> 6770        30524    1493        2006-01-17               14          349
#> 6771        17218    1220        2006-11-20               10           42
#> 6772        24051     832        2006-12-28                7            4
#> 6773        28634     994        2005-09-20                9          468
#> 6774        14221     928        2006-08-30               10          124
#> 6775        26235     674        2005-12-03                7          394
#> 6776        32578    1011        2006-02-01               13          334
#> 6777        15253     634        2006-01-24                9          342
#> 6778        22119     700        2006-06-18                9          197
#> 6779        24935     849        2006-08-21               10          133
#> 6780         7376    1970        2006-09-11               19          112
#> 6781         4154    1084        2006-01-21               11          345
#> 6782        19551     939        2006-08-12               10          142
#> 6783         8879    1191        2005-11-27               10          400
#> 6784        10624    1325        2006-10-05               12           88
#> 6785        15072     935        2006-11-08               13           54
#> 6786         9430    1303        2006-06-28               13          187
#> 6787         1221     941        2006-07-16               11          169
#> 6788         2636     703        2006-08-30                7          124
#> 6789        18051     807        2006-12-09                9           23
#> 6790         1043    1026        2006-10-01               11           92
#> 6791        15989    1195        2006-07-11               16          174
#> 6792         3126    1261        2006-11-18               12           44
#> 6793        15864     910        2006-06-04               10          211
#> 6794          925     812        2006-04-25               12          251
#> 6795        19358     772        2006-08-22                9          132
#> 6796        19888    1341        2006-08-08               11          146
#> 6797        13843     985        2006-04-03               10          273
#> 6798        16688     462        2006-03-11                6          296
#> 6799        17719     487        2006-10-25                6           68
#> 6800        23955    1423        2006-09-17               13          106
#> 6801        19772     811        2006-08-24                8          130
#> 6802        33914    1148        2006-10-07               11           86
#> 6803         1821    1264        2006-02-01               13          334
#> 6804        10808     439        2006-05-22                5          224
#> 6805        39172    1118        2006-06-20               11          195
#> 6806        14072    1081        2006-09-22               12          101
#> 6807        29643     413        2006-01-20                6          346
#> 6808        28514    1333        2006-09-05               14          118
#> 6809        20847     643        2006-09-03                7          120
#> 6810         4778     949        2006-05-01                8          245
#> 6811         9413     863        2006-07-22                8          163
#> 6812        20219     747        2006-08-22                8          132
#> 6813        29972    1040        2006-08-15               11          139
#> 6814        39136     369        2006-11-21                4           41
#> 6815        21966     710        2006-09-07                6          116
#> 6816        39549    2117        2006-06-25               18          190
#> 6817        10411    1283        2006-12-02               14           30
#> 6818        19426     936        2006-10-08                9           85
#> 6819        22434    1017        2006-07-02                9          183
#> 6820         3568    1379        2006-10-23               10           70
#> 6821        28011    1360        2006-12-22               14           10
#> 6822        32620    1243        2006-04-22               11          254
#> 6823        15933    1618        2006-09-10               13          113
#> 6824        32361    1246        2006-07-27               13          158
#> 6825        14446     511        2006-05-27               10          219
#> 6826        11244     832        2005-09-19                9          469
#> 6827        39878     691        2005-10-23                9          435
#> 6828        24554     938        2006-03-06               10          301
#> 6829        14668    1576        2006-10-27               13           66
#> 6830        17939    1381        2006-10-27               10           66
#> 6831        23455    1169        2006-05-29               10          217
#> 6832        30846     596        2006-10-15                6           78
#> 6833        33928    1357        2006-08-29               12          125
#> 6834         7468    1454        2006-07-04               14          181
#> 6835         6182    1452        2006-12-16               12           16
#> 6836         7133    1204        2006-08-31               14          123
#> 6837        29768     460        2006-12-02                6           30
#> 6838        15837    1248        2006-10-19               11           74
#> 6839        37034     732        2006-08-12                7          142
#> 6840        15162     687        2006-11-15                8           47
#> 6841        36394     413        2006-11-30                7           32
#> 6842            8     615        2005-06-08                6          572
#> 6843        11725     262        2006-10-22                2           71
#> 6844        22207     903        2006-07-02               11          183
#> 6845        39130     604        2006-06-26               11          189
#> 6846        30758     520        2006-04-05                5          271
#> 6847        30512     879        2006-11-16                9           46
#> 6848         6049     647        2005-07-02                7          548
#> 6849        18582     730        2006-09-06                9          117
#> 6850        27153     828        2006-05-17               10          229
#> 6851        14719    1127        2006-09-23               13          100
#> 6852        37899    1345        2006-06-23               14          192
#> 6853        12889     879        2006-04-29               11          247
#> 6854        33636    1178        2006-03-25               11          282
#> 6855        23258     784        2006-06-01                7          214
#> 6856        34803    1440        2006-12-01               18           31
#> 6857        10467     575        2006-08-22               10          132
#> 6858        36425    1360        2006-08-05               13          149
#> 6859         4055    1075        2006-09-12               10          111
#> 6860        26341     884        2006-03-31                9          276
#> 6861        18751     992        2006-10-30                9           63
#> 6862        14382    1686        2006-09-14               14          109
#> 6863        32656     519        2006-09-25                6           98
#> 6864         3078    1252        2006-11-04               13           58
#> 6865        16699     435        2006-07-29                7          156
#> 6866        33145     855        2006-08-10                8          144
#> 6867         7435     801        2006-07-18                9          167
#> 6868        30151    1520        2006-11-08               14           54
#> 6869        24300    1302        2006-08-29               12          125
#> 6870         8368    1135        2006-08-26                9          128
#> 6871        24873     547        2006-06-01                7          214
#> 6872        36768    1611        2006-08-31               14          123
#> 6873        29337    1075        2006-12-20               12           12
#> 6874        37588     532        2006-01-11                7          355
#> 6875        28542    1201        2006-11-08               11           54
#> 6876        24069     368        2006-04-18                7          258
#> 6877        38641     513        2006-12-27                5            5
#> 6878        19172    1366        2006-12-26               16            6
#> 6879        39727     724        2006-07-09                7          176
#> 6880        38780    1114        2006-10-27               13           66
#> 6881         7803     447        2006-07-09                6          176
#> 6882        15839    1287        2006-12-19               13           13
#> 6883        12388    1307        2006-10-11               15           82
#> 6884        27562    1314        2006-07-29               13          156
#> 6885        12747    1068        2006-07-21               13          164
#> 6886        35084     852        2006-07-01                9          184
#> 6887        23514     936        2006-12-26               12            6
#> 6888        15196     689        2006-10-12                7           81
#> 6889        32950    1120        2006-11-15               11           47
#> 6890        36711    1009        2006-08-24               12          130
#> 6891         9806     464        2006-09-08                5          115
#> 6892        10951     668        2006-04-11                7          265
#> 6893         1432     526        2005-07-20                5          530
#> 6894         1182     868        2006-06-22                7          193
#> 6895        16409     996        2006-05-28               10          218
#> 6896        37237     922        2005-09-29               11          459
#> 6897         4008     902        2006-09-20                9          103
#> 6898        23004    1187        2006-07-31               11          154
#> 6899        23231     649        2006-12-07                6           25
#> 6900        37299     524        2006-07-24                7          161
#> 6901        18331    1385        2006-12-27               12            5
#> 6902          631    1356        2006-06-28               17          187
#> 6903        15721    1006        2006-07-21               10          164
#> 6904        28761     964        2006-06-17               11          198
#> 6905        18507    1097        2006-10-31               10           62
#> 6906        36985    1584        2006-11-29               16           33
#> 6907        12271     929        2006-12-03                8           29
#> 6908        35126    1280        2006-11-07               12           55
#> 6909         6155     618        2005-10-21                7          437
#> 6910         8758    1227        2006-07-17               11          168
#> 6911        39756     590        2005-07-16                6          534
#> 6912        33087     787        2006-07-26               11          159
#> 6913        34455     907        2006-09-10               11          113
#> 6914        29370     674        2005-11-02                8          425
#> 6915        13457    1468        2006-12-26               16            6
#> 6916        36360    1178        2006-06-01               16          214
#> 6917        21578    1350        2006-09-01               13          122
#> 6918         4842     820        2006-11-20                7           42
#> 6919        24645     789        2006-10-18                8           75
#> 6920        17910     963        2006-06-10               11          205
#> 6921        23590     799        2006-04-02                7          274
#> 6922        16309     684        2006-07-07                8          178
#> 6923        36398     476        2006-10-23                8           70
#> 6924        11648     765        2006-08-18                9          136
#> 6925         7918    1037        2006-12-01                8           31
#> 6926        21071     729        2005-12-06               10          391
#> 6927        18959     507        2006-06-04                5          211
#> 6928        29043    1477        2006-12-24               12            8
#> 6929        23153     467        2005-11-08                6          419
#> 6930        23629    1743        2006-12-09               18           23
#> 6931        37324     893        2006-08-10                9          144
#> 6932         1086    1056        2006-11-10               10           52
#> 6933        14076    1217        2006-06-26               11          189
#> 6934        29175     733        2006-06-28                7          187
#> 6935        24327     407        2005-10-16                6          442
#> 6936        38759     792        2006-08-01               11          153
#> 6937         5953    1081        2006-07-15                9          170
#> 6938        21811     855        2006-05-25               12          221
#> 6939         1406     848        2006-01-10               10          356
#> 6940         6601    1632        2006-09-05               15          118
#> 6941        20542     686        2006-08-14                9          140
#> 6942        19037     831        2006-07-08                9          177
#> 6943        13671     708        2006-09-18                8          105
#> 6944         1456    1341        2006-06-20               10          195
#> 6945         7371    1098        2006-06-01               10          214
#> 6946         7197     721        2006-02-26                9          309
#> 6947        39907    1423        2006-09-26               12           97
#> 6948         1603     571        2006-03-27                7          280
#> 6949        15085    1901        2006-11-09               21           53
#> 6950        31573     991        2006-04-19               10          257
#> 6951        24459     942        2006-06-04               11          211
#> 6952         3287    2244        2006-09-30               20           93
#> 6953         2384    1155        2006-08-31               12          123
#> 6954        37481     547        2006-10-03                7           90
#> 6955         5384     590        2006-04-02                7          274
#> 6956        29884    1019        2006-07-01               10          184
#> 6957        29508    1173        2006-09-04               10          119
#> 6958         2953    1403        2006-11-19               12           43
#> 6959        30910    1852        2006-10-13               19           80
#> 6960        21577    1284        2006-07-01               10          184
#> 6961        14464     165        2005-06-01                3          579
#> 6962        21123     895        2006-06-27                9          188
#> 6963        39262     880        2006-05-09               12          237
#> 6964         5533     805        2006-12-18               12           14
#> 6965         4679     786        2006-07-26                6          159
#> 6966        17827     507        2006-08-04                5          150
#> 6967        20379    1558        2006-10-19               16           74
#> 6968        21771    1290        2006-01-04               10          362
#> 6969        27921      85        2005-09-01                2          487
#> 6970        27951    1076        2006-09-22               10          101
#> 6971        27479     698        2006-07-08               11          177
#> 6972        10861     604        2006-03-14                8          293
#> 6973        24815    1271        2006-08-13               11          141
#> 6974         1275    1113        2006-10-01               11           92
#> 6975        17365     593        2006-07-10                5          175
#> 6976         8863     589        2006-09-03                6          120
#> 6977        31070     627        2006-03-28                8          279
#> 6978        13188     614        2006-03-07                7          300
#> 6979         7833    1003        2005-09-07                7          481
#> 6980        10980     589        2006-07-08                5          177
#> 6981         7290     989        2006-03-03               10          304
#> 6982          319     475        2005-03-21                6          651
#> 6983        13092     894        2006-11-25               10           37
#> 6984        22300     787        2006-08-15               10          139
#> 6985         3271    1494        2006-08-19               12          135
#> 6986        23517    1219        2006-05-24               10          222
#> 6987        29449    1120        2006-10-08               11           85
#> 6988        24224     582        2006-09-16                7          107
#> 6989        29665     656        2006-10-31                6           62
#> 6990        37919     650        2006-07-27                7          158
#> 6991         3154     895        2006-11-02               10           60
#> 6992        22131    1012        2006-08-26               11          128
#> 6993        36720    1075        2006-08-13               13          141
#> 6994        18647     640        2006-10-04                6           89
#> 6995        36047    1035        2006-02-05               10          330
#> 6996        31859    1005        2006-10-08               13           85
#> 6997        22170     884        2006-07-25                8          160
#> 6998         9049     879        2006-09-07               13          116
#> 6999         7813     856        2006-07-22                8          163
#> 7000        29792     782        2006-09-01                9          122
#> 7001        19416     535        2006-08-31                5          123
#> 7002        37911     510        2005-10-18                5          440
#> 7003        36965     597        2006-09-26                7           97
#> 7004        19960     720        2006-08-01                8          153
#> 7005        10483     761        2006-04-27               10          249
#> 7006         1512     993        2006-06-02                9          213
#> 7007        25619     921        2006-08-11               11          143
#> 7008        26295    1843        2006-06-28               14          187
#> 7009        22699    1265        2006-06-05               12          210
#> 7010        14239     970        2006-09-15               12          108
#> 7011        30526    1005        2006-09-19               14          104
#> 7012         9442    1082        2006-10-26               12           67
#> 7013        30384     706        2006-07-18                8          167
#> 7014        39309     491        2006-05-25                8          221
#> 7015        15322    1305        2006-04-03               10          273
#> 7016        13714     806        2006-08-02                9          152
#> 7017          487    1191        2006-11-22               10           40
#> 7018        24364     757        2006-06-08                7          207
#> 7019        34518     833        2006-09-25                7           98
#> 7020        33766     688        2006-02-28                8          307
#> 7021        34195     507        2006-08-30                4          124
#> 7022         3734     572        2005-09-25                7          463
#> 7023        15128    1112        2006-06-08               10          207
#> 7024        39858    1134        2006-07-04               12          181
#> 7025         1063     715        2005-12-15                6          382
#> 7026         6322    1318        2006-07-19               15          166
#> 7027        18736     851        2006-11-28               13           34
#> 7028        31315     907        2006-12-29               12            3
#> 7029         3975     575        2006-06-06                7          209
#> 7030        23570     569        2005-10-18                6          440
#> 7031        29592     398        2006-12-22                4           10
#> 7032        10763     430        2005-07-23                6          527
#> 7033        36335    1143        2006-10-14               17           79
#> 7034        11330     849        2006-04-10                9          266
#> 7035        24273     965        2006-09-20               12          103
#> 7036        37187     384        2006-12-29                6            3
#> 7037        37817     491        2006-08-03                8          151
#> 7038         7890     945        2006-09-03                9          120
#> 7039          850    1152        2006-11-14               11           48
#> 7040         1059    1508        2006-12-09               17           23
#> 7041        37051     369        2006-09-24                6           99
#> 7042        37430     916        2006-10-18                8           75
#> 7043        25483    1564        2006-07-17               13          168
#> 7044        13940    1216        2006-11-11               15           51
#> 7045        33749     567        2006-10-08                5           85
#> 7046        26890    1326        2006-12-12               10           20
#> 7047        31808     987        2006-06-01                9          214
#> 7048        37449     752        2006-12-16                9           16
#> 7049         2261    1380        2006-11-24               13           38
#> 7050        19988     554        2006-09-24                8           99
#> 7051        27303     785        2006-07-08                8          177
#> 7052         8526     840        2006-07-27               11          158
#> 7053         9792     666        2005-10-05                8          453
#> 7054         3340     617        2006-01-29                7          337
#> 7055        21807    1159        2006-04-15               12          261
#> 7056        26577     767        2006-07-24                9          161
#> 7057        10479     878        2006-06-16                8          199
#> 7058         5001    1109        2005-12-06               12          391
#> 7059        35406     892        2005-10-05                8          453
#> 7060         5690    1362        2006-06-09               14          206
#> 7061        31732     529        2006-04-26                7          250
#> 7062        19355     483        2006-05-11                5          235
#> 7063        24710     813        2006-09-23               10          100
#> 7064        22019     703        2006-10-24                8           69
#> 7065          577    1386        2006-09-11               14          112
#> 7066         9349     465        2006-09-27                6           96
#> 7067        13846     929        2006-11-23               11           39
#> 7068        13617     660        2006-01-27                7          339
#> 7069        12217    1176        2006-11-08               13           54
#> 7070        14214     824        2005-11-08                8          419
#> 7071        29718    1192        2006-10-17               10           76
#> 7072        12697     606        2006-11-18                9           44
#> 7073        13045     758        2006-05-17                6          229
#> 7074        13966     436        2006-07-17                6          168
#> 7075        36803    1169        2006-05-02               12          244
#> 7076        10031     856        2006-09-09               12          114
#> 7077        17130     943        2006-10-19               10           74
#> 7078        13964    1447        2006-10-25               16           68
#> 7079         1639     838        2006-12-28                9            4
#> 7080         2613     538        2005-12-25                7          372
#> 7081        35482    1004        2006-09-17               11          106
#> 7082        24591     581        2006-06-30                9          185
#> 7083        15385    1206        2006-05-04               13          242
#> 7084        39978     418        2006-04-06                8          270
#> 7085        22296    1331        2006-10-01               15           92
#> 7086        24740     759        2005-10-05               10          453
#> 7087        16193    1069        2006-07-05               10          180
#> 7088        39510     824        2006-09-17                9          106
#> 7089        14282     784        2006-09-10                8          113
#> 7090        13221    1244        2006-01-18               14          348
#> 7091        32265    1286        2006-07-31               13          154
#> 7092        37023    1312        2006-10-10               10           83
#> 7093         6027     674        2006-03-04                7          303
#> 7094        36431     835        2006-12-25               13            7
#> 7095        14346     712        2006-09-12               10          111
#> 7096        30410    1301        2005-10-07               15          451
#> 7097        24200     937        2006-12-06               11           26
#> 7098        17275     957        2006-08-06               10          148
#> 7099        17577    1086        2006-09-17               10          106
#> 7100        15006     499        2005-05-10                5          601
#> 7101        17001     682        2006-12-25                9            7
#> 7102        16819     508        2006-08-26                9          128
#> 7103        31648     782        2006-06-26               10          189
#> 7104        21379    1435        2006-11-14               16           48
#> 7105        39672     799        2006-09-05                8          118
#> 7106        34539     791        2006-12-28               10            4
#> 7107        38813     913        2006-09-13               12          110
#> 7108        37933    1406        2006-12-13               13           19
#> 7109        14408    1111        2006-09-09               13          114
#> 7110        37608    1095        2006-10-28               11           65
#> 7111        24287    1239        2006-09-23               13          100
#> 7112        11862     819        2006-08-04                8          150
#> 7113        34273     530        2006-12-23                7            9
#> 7114        23651     489        2005-09-13                5          475
#> 7115        28968     979        2006-07-25               12          160
#> 7116        25880     720        2006-10-30                7           63
#> 7117        26523     525        2006-10-07                5           86
#> 7118        15352     848        2006-05-09                8          237
#> 7119         8670     365        2005-11-15                4          412
#> 7120        18549    1520        2006-08-09               13          145
#> 7121        23102    2039        2006-11-01               20           61
#> 7122        29686     672        2006-03-22                7          285
#> 7123        19583    1230        2006-07-24               14          161
#> 7124        24285     713        2006-10-14                8           79
#> 7125        28630    1127        2006-09-07               11          116
#> 7126        35314     616        2006-11-29                6           33
#> 7127        21921     790        2006-09-22                9          101
#> 7128        21204     949        2006-10-06                9           87
#> 7129        15276    1597        2006-08-30               15          124
#> 7130        19905     478        2006-06-07                8          208
#> 7131        25256     908        2006-07-08               11          177
#> 7132        10740    1147        2006-11-16               16           46
#> 7133        24763     956        2006-05-30                9          216
#> 7134        21610     388        2006-10-01                3           92
#> 7135        19821     502        2006-07-07                7          178
#> 7136         5099     666        2006-11-21                8           41
#> 7137        35234     941        2006-09-01                9          122
#> 7138        26837     855        2006-04-20                8          256
#> 7139        17087     727        2006-08-01                9          153
#> 7140        20169    1046        2006-09-16               10          107
#> 7141         5198     220        2006-07-11                5          174
#> 7142        34888     534        2006-04-05                4          271
#> 7143        31290    1259        2006-09-19               14          104
#> 7144        18240     633        2006-12-13                7           19
#> 7145        20438    1380        2006-06-26               13          189
#> 7146        33641    1183        2006-11-05               12           57
#> 7147        13845     880        2006-11-02                9           60
#> 7148        37887    1243        2006-10-01               12           92
#> 7149        32832     683        2006-11-05                7           57
#> 7150        16065     335        2006-09-06                6          117
#> 7151         8630     377        2006-03-20                5          287
#> 7152        35088    1126        2006-03-26               10          281
#> 7153        32600     830        2005-11-16               11          411
#> 7154         1156     982        2006-07-29                9          156
#> 7155        10084    1303        2006-09-29               13           94
#> 7156         3858    1110        2006-09-22               11          101
#> 7157        22293    1428        2006-12-28               13            4
#> 7158         7739    2082        2006-09-23               15          100
#> 7159        11685     755        2006-03-01                9          306
#> 7160         6164    1246        2006-08-14               13          140
#> 7161        16732     211        2006-08-07                4          147
#> 7162        31502     867        2006-07-06               10          179
#> 7163        13166     715        2006-11-03                9           59
#> 7164        15199     774        2006-09-22               11          101
#> 7165         2067     884        2006-08-25                9          129
#> 7166        27913    1158        2006-09-02               13          121
#> 7167        33420     735        2006-08-14                9          140
#> 7168        17956     702        2006-10-30               10           63
#> 7169         7729     558        2006-09-17                5          106
#> 7170         4992     722        2006-09-19                8          104
#> 7171         8746     733        2006-11-05               10           57
#> 7172        20565     755        2006-11-04                8           58
#> 7173        13598     912        2006-04-13               10          263
#> 7174        20054    1192        2006-06-06               13          209
#> 7175        19621     642        2006-10-22                8           71
#> 7176        18574     985        2006-11-24               13           38
#> 7177        25795    1220        2006-12-12               11           20
#> 7178        32664    1368        2006-07-19               12          166
#> 7179        25543     828        2005-08-08                6          511
#> 7180        22418    1223        2006-11-04               13           58
#> 7181        30294     799        2006-11-07                8           55
#> 7182        26222    1608        2006-06-03               17          212
#> 7183        15781     238        2005-05-24                4          587
#> 7184        30563     894        2006-12-05                8           27
#> 7185        38319     804        2006-11-09               10           53
#> 7186        38136     765        2006-12-17                9           15
#> 7187        12433     239        2006-10-21                4           72
#> 7188        34527    1003        2006-12-14               12           18
#> 7189        14696    1078        2006-07-29                9          156
#> 7190         2898     908        2006-01-14                7          352
#> 7191         1781    1117        2006-08-07               11          147
#> 7192        13521    1120        2006-10-11               12           82
#> 7193         4803     800        2006-08-27               12          127
#> 7194        26667    1484        2006-12-20               13           12
#> 7195        36647     924        2006-08-05                9          149
#> 7196        19129     555        2006-07-29                6          156
#> 7197        10489     615        2006-10-10                7           83
#> 7198        38688     992        2006-07-03                9          182
#> 7199         7893    1396        2006-10-24               11           69
#> 7200        28632     773        2006-12-27                9            5
#> 7201        12476    1602        2006-08-07               13          147
#> 7202        31920     697        2006-02-02                7          333
#> 7203        32858    1909        2006-11-10               16           52
#> 7204        38582     799        2006-07-23               11          162
#> 7205        27910     822        2006-08-16                8          138
#> 7206        16240     801        2006-06-05                9          210
#> 7207        22483    1093        2006-07-18               11          167
#> 7208        27801    1222        2006-02-05               11          330
#> 7209        24343     869        2006-08-16               10          138
#> 7210         4828    1129        2006-06-26               14          189
#> 7211         5632     386        2006-06-03                7          212
#> 7212        12852     715        2005-07-23                8          527
#> 7213        33469    1005        2006-07-19                7          166
#> 7214         5092     702        2006-06-26               10          189
#> 7215        20830     580        2006-04-30                7          246
#> 7216        28639     886        2006-12-02               11           30
#> 7217         8851    1510        2006-09-08               14          115
#> 7218         1246     912        2006-06-22               11          193
#> 7219          924    1704        2006-11-06               13           56
#> 7220        14256     667        2006-08-28                7          126
#> 7221        13616     875        2006-11-18               11           44
#> 7222        39190     851        2006-09-18                7          105
#> 7223          131    1383        2006-09-10               15          113
#> 7224        16841    1271        2006-08-26               10          128
#> 7225        31032    1303        2006-06-27               11          188
#> 7226        37186     550        2006-01-24                6          342
#> 7227        23186    1268        2006-02-25               12          310
#> 7228        14947     535        2005-11-07                9          420
#> 7229        31464     821        2006-06-20                8          195
#> 7230        32444     732        2006-11-10                7           52
#> 7231        30962     642        2005-10-23                8          435
#> 7232        27192     966        2005-09-22                9          466
#> 7233        29273     993        2006-03-05                8          302
#> 7234        24573     817        2006-04-10                6          266
#> 7235        15696     526        2005-06-15                6          565
#> 7236        39590     315        2005-07-06                3          544
#> 7237        19401    1070        2006-10-02               17           91
#> 7238        13412    1234        2006-09-16               12          107
#> 7239        13891     682        2006-05-27                8          219
#> 7240        19462     960        2006-01-10               11          356
#> 7241        28394     971        2006-07-08               11          177
#> 7242         2880    1146        2006-12-09               11           23
#> 7243        36419     838        2006-12-01                9           31
#> 7244        13183    1262        2006-08-09               13          145
#> 7245        17342    1117        2006-07-03               11          182
#> 7246         7205     841        2006-09-03                9          120
#> 7247         6318    1098        2006-07-19               11          166
#> 7248        34059     591        2006-12-02                8           30
#> 7249        33779    1387        2006-07-01               13          184
#> 7250        26660    1348        2006-02-10               13          325
#> 7251         7232    1379        2005-12-21               13          376
#> 7252        19409    1099        2006-08-07               12          147
#> 7253        31050    1464        2006-07-21               12          164
#> 7254        29224     904        2005-10-04               11          454
#> 7255         5034    1228        2006-12-06               12           26
#> 7256        11760     883        2006-07-27                9          158
#> 7257        28436     862        2006-12-29               10            3
#> 7258         9949     767        2006-09-17                9          106
#> 7259          261    1170        2006-07-13               13          172
#> 7260        26510    1131        2006-10-30               14           63
#> 7261        19110     741        2006-06-02                8          213
#> 7262        27961     749        2006-05-27                8          219
#> 7263        15514     666        2006-01-04                9          362
#> 7264        32735    1549        2006-10-03               12           90
#> 7265         3938    1373        2006-12-21               15           11
#> 7266        17679     787        2006-10-21                8           72
#> 7267        27472     996        2005-12-20               10          377
#> 7268        19179    1008        2005-10-10                8          448
#> 7269        19490     348        2006-07-03                4          182
#> 7270         9945    1161        2006-06-22               13          193
#> 7271        36964    1072        2006-06-13               10          202
#> 7272         8592    1063        2005-11-13                9          414
#> 7273        29380     534        2006-10-13                9           80
#> 7274        33137    1728        2006-11-11               18           51
#> 7275         3792     822        2005-10-09                8          449
#> 7276        35832     403        2006-06-21                8          194
#> 7277        32577     617        2005-09-15                6          473
#> 7278        23468    1293        2006-12-04               13           28
#> 7279        26325     780        2006-04-12                7          264
#> 7280         5806     709        2006-12-29                7            3
#> 7281        17733     722        2006-07-01               10          184
#> 7282        38211     273        2006-11-12                5           50
#> 7283        36602     815        2006-09-04               11          119
#> 7284        20814     613        2006-03-21                8          286
#> 7285        35112    1585        2006-12-05               11           27
#> 7286        39365     643        2006-07-01                9          184
#> 7287          491    1243        2006-05-06               12          240
#> 7288        38961    1128        2006-07-15               12          170
#> 7289        29916     328        2006-06-29                4          186
#> 7290        37766     527        2006-06-06                8          209
#> 7291        22876     932        2006-10-18                7           75
#> 7292        24507     911        2006-09-03               12          120
#> 7293        32319     628        2006-09-25                8           98
#> 7294         1766     788        2006-07-31                8          154
#> 7295        18033     789        2006-10-20                9           73
#> 7296         2300    1671        2006-07-29               14          156
#> 7297         9327    1006        2006-06-11               12          204
#> 7298        23396     637        2005-08-25                5          494
#> 7299        34927     908        2006-08-08               12          146
#> 7300         2254    1506        2006-10-24               13           69
#> 7301        24303    1031        2006-09-20               12          103
#> 7302        39516     762        2006-12-11                6           21
#> 7303        10116     883        2006-12-02               10           30
#> 7304        17756     603        2006-10-19                6           74
#> 7305        38485    1455        2006-08-19               15          135
#> 7306        17772    1026        2006-07-15                9          170
#> 7307         6725     542        2006-10-24                8           69
#> 7308         8766     693        2006-05-04                7          242
#> 7309        32020    1224        2006-01-18               11          348
#> 7310        13126     872        2006-03-26               10          281
#> 7311         9129     629        2006-07-09               10          176
#> 7312        13222    1539        2006-06-10               13          205
#> 7313        13458    2001        2006-10-21               22           72
#> 7314        15928     742        2006-05-18                8          228
#> 7315         6528     764        2005-10-28                8          430
#> 7316        30654     684        2006-07-29                8          156
#> 7317         4531    1285        2006-11-16               12           46
#> 7318        18556     310        2006-09-07                4          116
#> 7319        16733     795        2006-10-29                9           64
#> 7320        32087     782        2006-07-30                8          155
#> 7321        10234    1345        2006-11-16               12           46
#> 7322         5624    1395        2006-11-06               14           56
#> 7323          397     903        2006-05-13               12          233
#> 7324        31430     462        2006-06-10                4          205
#> 7325        38629     694        2006-12-15               11           17
#> 7326        10639    1259        2006-01-16               11          350
#> 7327        32523    1740        2006-10-07               15           86
#> 7328         5393     462        2006-01-17                8          349
#> 7329        27091     815        2006-09-29                6           94
#> 7330        19211     938        2005-10-19                7          439
#> 7331        17102     999        2006-07-20               12          165
#> 7332        37494     169        2006-10-08                4           85
#> 7333        15136    1068        2006-11-07                9           55
#> 7334        27707    1005        2005-08-16               10          503
#> 7335        11320     952        2006-05-19                9          227
#> 7336        16050    1502        2006-12-12               15           20
#> 7337        27125     505        2006-11-06                8           56
#> 7338        31493    1218        2005-10-31               17          427
#> 7339        38043     621        2006-07-30                7          155
#> 7340        24614    1610        2006-12-19               15           13
#> 7341         9616     758        2006-09-14                7          109
#> 7342        29906    1403        2006-05-08               13          238
#> 7343         9955    1975        2006-09-16               15          107
#> 7344        23337     977        2005-11-27                8          400
#> 7345        37093     556        2006-06-09                5          206
#> 7346         2653    1010        2006-03-21               10          286
#> 7347         4767    1379        2006-06-17               12          198
#> 7348        11246     707        2006-01-19                8          347
#> 7349        37429    1020        2005-09-13                9          475
#> 7350        32385     956        2005-08-22               10          497
#> 7351         7799     542        2006-12-03                6           29
#> 7352        13863    1167        2006-08-08               11          146
#> 7353        30840     853        2006-11-08                7           54
#> 7354        12997    1015        2006-07-28                9          157
#> 7355         5900    1240        2006-04-22               12          254
#> 7356        28720     454        2005-11-02                5          425
#> 7357         3087     919        2006-07-24                8          161
#> 7358         6520    1010        2006-09-03               10          120
#> 7359        13390     561        2006-05-03                7          243
#> 7360        28950     869        2006-09-25                9           98
#> 7361           74     712        2006-09-02                7          121
#> 7362         6444     602        2006-10-22                8           71
#> 7363        28255    1196        2006-08-21               13          133
#> 7364        12247    1182        2006-04-25               12          251
#> 7365        18652     992        2006-07-01               12          184
#> 7366        26711    1129        2006-09-27               11           96
#> 7367        18544     896        2006-11-23                8           39
#> 7368         7215    1245        2006-11-04               13           58
#> 7369        37201     531        2006-07-22                8          163
#> 7370        18386    1330        2006-08-16               11          138
#> 7371        18455     546        2006-04-29                6          247
#> 7372        21951    1509        2006-09-19               13          104
#> 7373        29324     838        2006-09-06               11          117
#> 7374         9772    1074        2006-03-15               11          292
#> 7375        19181    1021        2006-12-24                9            8
#> 7376        14358     750        2005-10-19                5          439
#> 7377         9352     487        2006-06-04                6          211
#> 7378        27790    1461        2006-11-07               13           55
#> 7379        17351     857        2006-10-03               10           90
#> 7380        22306     677        2006-10-07                9           86
#> 7381        15473    1111        2006-08-23                9          131
#> 7382        19337    1243        2006-06-04               14          211
#> 7383        10749    1238        2006-06-23               14          192
#> 7384        38385     416        2005-12-17                6          380
#> 7385        11816    1461        2006-09-26               15           97
#> 7386        17181     778        2006-09-28                6           95
#> 7387        13380     678        2006-08-21                8          133
#> 7388        11586     822        2006-12-12               11           20
#> 7389        23134    1162        2006-11-22               11           40
#> 7390        10114     230        2006-08-26                5          128
#> 7391        22883    1140        2006-07-21               14          164
#> 7392        23732     404        2006-01-07                6          359
#> 7393        28907     716        2006-08-11                6          143
#> 7394        15760     753        2006-12-12                8           20
#> 7395        19553    1298        2006-09-15               14          108
#> 7396        12150    1168        2006-10-01               14           92
#> 7397        23480    1336        2005-11-12               10          415
#> 7398         4972     615        2006-04-17                5          259
#> 7399         2002    1197        2006-07-10               10          175
#> 7400         9204    1174        2006-07-05               14          180
#> 7401        37037     909        2006-07-10                7          175
#> 7402        21504    1227        2006-09-12               14          111
#> 7403        36976    1372        2006-10-25               14           68
#> 7404        37847    1004        2006-09-13               10          110
#> 7405        16200     441        2006-03-09                6          298
#> 7406        17809     709        2006-07-16                8          169
#> 7407         7951    1374        2006-07-25               17          160
#> 7408         6072     774        2005-10-26                6          432
#> 7409        31892     822        2006-06-21                9          194
#> 7410         7612     642        2006-07-28                6          157
#> 7411        24095    1848        2006-06-26               16          189
#> 7412         5503    1555        2006-09-24               14           99
#> 7413        34154     785        2005-10-28                8          430
#> 7414        13124    1260        2006-08-04               12          150
#> 7415        18349     763        2006-09-13                8          110
#> 7416        23793     400        2006-07-27                5          158
#> 7417        17521     944        2005-10-17                8          441
#> 7418        39732     764        2006-05-03                6          243
#> 7419        34756     948        2006-11-16               10           46
#> 7420        21931     421        2006-07-09                7          176
#> 7421        20832     635        2006-11-23                8           39
#> 7422        20604    1165        2006-05-24               11          222
#> 7423        17664    1156        2006-03-03               11          304
#> 7424        15314      95        2006-06-15                3          200
#> 7425        24788     840        2005-07-20                6          530
#> 7426        27634     696        2006-09-30                8           93
#> 7427        17997     984        2006-10-17               10           76
#> 7428        13296     756        2006-08-09                7          145
#> 7429        39253     703        2006-11-27                9           35
#> 7430        12256     755        2006-06-24                7          191
#> 7431         5167    2008        2006-10-12               20           81
#> 7432         8555     518        2005-09-01                6          487
#> 7433        28010    1213        2005-09-18               12          470
#> 7434        25836     559        2006-11-10                7           52
#> 7435        20585     798        2006-07-28                8          157
#> 7436        17682    1357        2006-10-01               16           92
#> 7437        29729     948        2006-10-06                9           87
#> 7438        22363    1169        2006-03-28               10          279
#> 7439        21878    1046        2006-03-10               10          297
#> 7440        24218     534        2006-11-20               10           42
#> 7441         5161    1113        2006-09-23               11          100
#> 7442        26727     957        2006-07-24               11          161
#> 7443         6375     831        2006-06-16                7          199
#> 7444        17900     905        2006-07-03                9          182
#> 7445        30239    1527        2006-09-25               14           98
#> 7446        30456     510        2006-09-17                6          106
#> 7447          507     616        2005-12-04                8          393
#> 7448         8189     622        2006-01-25                7          341
#> 7449         6115    1611        2006-12-06               14           26
#> 7450          761     457        2006-11-27                5           35
#> 7451        25190     711        2006-05-30                9          216
#> 7452         4162     998        2006-09-06               13          117
#> 7453        37311     737        2005-10-06               10          452
#> 7454        24509     823        2006-08-08                9          146
#> 7455        31933    1062        2006-12-27               11            5
#> 7456         6526     721        2005-11-27                9          400
#> 7457         3481     644        2006-10-24                7           69
#> 7458        32414     532        2006-07-18                9          167
#> 7459         6679    1243        2005-12-25               12          372
#> 7460        23779     657        2006-10-25                7           68
#> 7461        30460     682        2006-03-19                8          288
#> 7462          839     686        2006-04-23                8          253
#> 7463        20042    1037        2005-10-23                9          435
#> 7464         6138     628        2005-12-26                8          371
#> 7465         8347     912        2006-09-23               10          100
#> 7466        11877     773        2006-07-13                7          172
#> 7467         4637     637        2005-09-01                9          487
#> 7468        11229     758        2006-08-18                8          136
#> 7469        10986    1343        2006-08-18               12          136
#> 7470        29279    1079        2006-02-25               11          310
#> 7471        39191     965        2006-12-07                9           25
#> 7472         7872    1048        2006-12-17               12           15
#> 7473        16159    1001        2006-03-03               10          304
#> 7474        29108    1272        2006-08-30               12          124
#> 7475        12956     700        2006-08-20               11          134
#> 7476        37897    1486        2006-09-11               14          112
#> 7477        15675    1052        2006-09-08               11          115
#> 7478        18181     882        2006-09-29               10           94
#> 7479        28185     595        2005-11-25                7          402
#> 7480        24736     492        2006-10-09                7           84
#> 7481        17174    1057        2006-05-08                9          238
#> 7482        37040     617        2006-09-14                6          109
#> 7483        14497     998        2006-05-01                8          245
#> 7484         7824    1357        2006-10-02               10           91
#> 7485        23365     609        2006-08-08                8          146
#> 7486        22064     633        2006-01-18                9          348
#> 7487        36125     950        2006-10-26               13           67
#> 7488        18406    1239        2006-06-22               13          193
#> 7489        23074     592        2006-08-04                8          150
#> 7490         8242    1297        2006-09-26               15           97
#> 7491        20996    1081        2006-09-26               13           97
#> 7492        35295     450        2006-08-29                5          125
#> 7493        12987    1122        2006-05-01               13          245
#> 7494        24652     518        2006-06-29                5          186
#> 7495        31437     883        2006-05-25               10          221
#> 7496         3545     826        2005-10-06                9          452
#> 7497        30128     741        2006-06-18                8          197
#> 7498        25392     967        2006-10-16               10           77
#> 7499        38850     732        2006-02-12                8          323
#> 7500         1643     599        2005-07-28                9          522
#> 7501        20103     827        2006-06-14                8          201
#> 7502        30135    1250        2006-10-29               14           64
#> 7503        21003    1047        2006-09-07               11          116
#> 7504        17639     895        2006-11-11               10           51
#> 7505         9668     920        2006-12-30               12            2
#> 7506        39985     592        2006-10-07                7           86
#> 7507        29720     902        2006-07-30                8          155
#> 7508        35435     657        2006-05-02                7          244
#> 7509        13529     870        2005-12-29                7          368
#> 7510         2732     959        2006-12-24               10            8
#> 7511        37880    1054        2006-12-24               12            8
#> 7512        22322     546        2006-09-12                6          111
#> 7513        12043     448        2006-01-13                6          353
#> 7514         9781    1033        2006-11-13               10           49
#> 7515        31919     359        2006-01-06                5          360
#> 7516         8748     324        2006-03-18                7          289
#> 7517        32125     814        2006-11-12               12           50
#> 7518        18949     692        2006-11-13               13           49
#> 7519         5355    1263        2006-07-28               13          157
#> 7520        35425     894        2006-11-26               10           36
#> 7521        22600    1092        2006-10-07               11           86
#> 7522        28129     634        2006-05-19                7          227
#> 7523        31060    1570        2006-11-22               11           40
#> 7524        36158     823        2005-08-27                7          492
#> 7525        30319    1203        2006-09-07               13          116
#> 7526         8754     594        2006-09-06                8          117
#> 7527        33713    1185        2005-11-30               13          397
#> 7528        26472    1266        2006-02-02               13          333
#> 7529         3227     639        2006-09-04                8          119
#> 7530        36139    1371        2006-07-15               13          170
#> 7531        32881     477        2005-10-20                7          438
#> 7532         8502     805        2006-08-19               11          135
#> 7533        17551     685        2006-04-29                8          247
#> 7534         9508     853        2006-05-23                8          223
#> 7535         4023    1211        2006-09-27               13           96
#> 7536        13109     674        2006-10-06                8           87
#> 7537         5838     818        2006-03-31                6          276
#> 7538        38939    1041        2006-10-09               10           84
#> 7539        13304     573        2006-12-02                8           30
#> 7540        30921    1056        2006-09-18               13          105
#> 7541        35216    1041        2006-05-12               10          234
#> 7542        10844     710        2006-09-24                5           99
#> 7543        19629     508        2006-09-24                6           99
#> 7544        22721     849        2006-11-15                9           47
#> 7545         3398     871        2006-08-03               10          151
#> 7546        39911    1026        2006-08-24               11          130
#> 7547        33887    1379        2006-09-12               14          111
#> 7548        12006    1206        2006-05-11               11          235
#> 7549        19481     890        2006-06-16               10          199
#> 7550        28728     880        2006-10-14               11           79
#> 7551        27625     892        2006-04-29               11          247
#> 7552        14933     742        2006-06-11               10          204
#> 7553        28916     829        2006-09-28                8           95
#> 7554        38253     722        2006-09-23                8          100
#> 7555        28026     677        2006-09-06                8          117
#> 7556        37035     521        2006-06-25                8          190
#> 7557        16685    1105        2006-07-27                9          158
#> 7558        20562     533        2006-03-06                8          301
#> 7559        21381     785        2006-10-31                8           62
#> 7560        25536     869        2006-05-27                8          219
#> 7561        32710     588        2005-09-24                9          464
#> 7562        31064     612        2006-10-30                7           63
#> 7563        22597    1551        2006-07-24               11          161
#> 7564          298     823        2006-10-12               10           81
#> 7565         4595     721        2006-10-29               11           64
#> 7566         6234     876        2006-08-16                9          138
#> 7567        34665     790        2006-12-16               13           16
#> 7568        13473     394        2006-07-23                6          162
#> 7569        38881     545        2006-09-07                7          116
#> 7570        35376    1113        2006-08-23               13          131
#> 7571         1496     604        2006-10-23                9           70
#> 7572        31944    1056        2006-10-01               11           92
#> 7573        35559    1725        2006-09-27               17           96
#> 7574        35998     660        2006-08-05                8          149
#> 7575         6595    1366        2006-01-16                9          350
#> 7576        11321     530        2006-04-12                6          264
#> 7577        13983     734        2006-07-17                6          168
#> 7578        22507    1035        2006-09-22                9          101
#> 7579        14402     767        2006-07-29                6          156
#> 7580        36851    1123        2005-12-17               10          380
#> 7581        10984     832        2006-10-11                9           82
#> 7582        29840     414        2005-09-21                3          467
#> 7583        26426    1177        2006-05-18               14          228
#> 7584        28383    1133        2006-06-14                9          201
#> 7585        31365     814        2006-05-26               11          220
#> 7586        33849    1040        2006-10-21               12           72
#> 7587        28321     357        2006-10-21                5           72
#> 7588        11048    1136        2006-12-23               11            9
#> 7589        37997     769        2006-11-22                8           40
#> 7590        35640    1404        2005-12-25               11          372
#> 7591        16306     609        2006-10-21                7           72
#> 7592        20304     425        2005-08-03                6          516
#> 7593        26429    1363        2006-09-18               14          105
#> 7594        33355    1247        2006-11-02               11           60
#> 7595        14359     909        2006-10-09               11           84
#> 7596           92    1041        2006-12-18               15           14
#> 7597        34201     864        2006-10-02                9           91
#> 7598        22193     616        2006-08-14                9          140
#> 7599        14117     709        2006-04-24                9          252
#> 7600         4369     969        2006-12-30               13            2
#> 7601        10761     586        2005-06-23                8          557
#> 7602        34682    1014        2006-07-21                8          164
#> 7603        17966     934        2006-07-25               11          160
#> 7604        11834     642        2006-11-16                9           46
#> 7605        11024    1877        2006-05-31               16          215
#> 7606         8669     696        2006-07-22                9          163
#> 7607         5019    1113        2006-11-03               11           59
#> 7608        38066    1263        2005-11-24               14          403
#> 7609        13507    1238        2006-09-23               13          100
#> 7610        23700    1722        2006-08-31               15          123
#> 7611         8862     509        2006-05-31                5          215
#> 7612        11900     750        2006-12-02               10           30
#> 7613        36046     861        2006-04-03                7          273
#> 7614        34267    1330        2006-07-06               13          179
#> 7615        10672    1094        2006-05-16               12          230
#> 7616         2862    1191        2006-08-04               13          150
#> 7617        24973    1060        2006-07-21                9          164
#> 7618        12962    1382        2006-08-15               13          139
#> 7619        19791    1242        2006-08-01               12          153
#> 7620        34304    1276        2006-10-14               13           79
#> 7621        13847     824        2006-03-21               14          286
#> 7622        25950     983        2006-07-04               13          181
#> 7623        11291     967        2006-11-18               11           44
#> 7624        12825     340        2006-02-11                7          324
#> 7625         8290    1446        2006-07-15               13          170
#> 7626        27422    1499        2006-10-09               14           84
#> 7627        17249     859        2006-09-26               10           97
#> 7628        14022     959        2006-01-19                9          347
#> 7629        25607     687        2006-06-12                9          203
#> 7630        35028     743        2006-03-26                8          281
#> 7631        12055     933        2006-05-23               10          223
#> 7632        26628    1440        2006-10-02               15           91
#> 7633        27202    1096        2006-05-02                9          244
#> 7634        37397    1590        2006-11-21               16           41
#> 7635        25762     332        2006-07-11                4          174
#> 7636        21813     803        2006-05-21                8          225
#> 7637        30650    1072        2006-05-25               12          221
#> 7638        37240     874        2006-05-16               10          230
#> 7639        38717     595        2006-11-24                6           38
#> 7640        22103     432        2005-06-12                7          568
#> 7641        18514     797        2006-02-07                9          328
#> 7642        14469     706        2006-03-20                5          287
#> 7643        16753    1157        2006-09-03                8          120
#> 7644         5993     572        2006-09-22                7          101
#> 7645         4483     916        2006-08-27                8          127
#> 7646        21563    1179        2006-08-14               11          140
#> 7647        32692    1261        2006-08-08               13          146
#> 7648         1516     815        2006-08-10                6          144
#> 7649        36429     148        2005-09-11                3          477
#> 7650         9294    1171        2006-09-30               11           93
#> 7651          407     911        2006-10-18                8           75
#> 7652        20227     492        2005-10-02                4          456
#> 7653        13575    1115        2006-08-14                9          140
#> 7654        20624     901        2006-08-05               11          149
#> 7655        27793     951        2006-06-05                9          210
#> 7656        37354     857        2005-11-01                7          426
#> 7657        21259     662        2006-11-29                7           33
#> 7658        31325    1416        2006-10-01               13           92
#> 7659         5293     783        2006-02-14                9          321
#> 7660        28911     809        2005-11-15                8          412
#> 7661         6102     996        2006-05-19               11          227
#> 7662         9449     724        2006-10-23                8           70
#> 7663        16257     462        2005-08-06                6          513
#> 7664         1538    1246        2006-10-16               12           77
#> 7665        39126     647        2006-03-06                9          301
#> 7666         7675     923        2006-08-21                9          133
#> 7667        31197     820        2006-08-06               11          148
#> 7668        17022     373        2006-08-24                4          130
#> 7669        17091     554        2006-09-01                6          122
#> 7670        26889     951        2006-10-10               11           83
#> 7671        23936    1544        2006-07-25               13          160
#> 7672        33587     719        2005-10-12                7          446
#> 7673        37117     652        2006-07-10                9          175
#> 7674         9102     854        2006-11-22                9           40
#> 7675         1106    1947        2006-08-31               17          123
#> 7676         8145     654        2006-06-08                7          207
#> 7677         4627    1076        2006-05-23               11          223
#> 7678        20656     928        2006-09-22                8          101
#> 7679        31472    1637        2006-11-23               15           39
#> 7680         3502     652        2006-09-22                8          101
#> 7681        24737     881        2006-09-19               10          104
#> 7682         4647    1288        2006-09-06               15          117
#> 7683        28655    1179        2006-07-07               16          178
#> 7684        19361    1006        2006-10-21               13           72
#> 7685         4302    1107        2006-08-02               13          152
#> 7686         8529    1496        2006-10-16               14           77
#> 7687        30416    1477        2006-05-14               15          232
#> 7688         1177     585        2006-10-21                7           72
#> 7689         5163     899        2006-11-09               13           53
#> 7690         8096     884        2006-09-15                9          108
#> 7691         4606    1079        2006-12-15               12           17
#> 7692        31563      94        2006-08-29                3          125
#> 7693        29908     935        2005-09-27                8          461
#> 7694        18329    1427        2006-07-02               17          183
#> 7695        37490    1387        2006-10-17               12           76
#> 7696         4954    1098        2005-09-21               12          467
#> 7697        36439    1157        2006-04-26                9          250
#> 7698        16493     849        2006-04-18                8          258
#> 7699        39168    1226        2006-06-06               14          209
#> 7700        34552     404        2006-01-13                6          353
#> 7701        18142     647        2005-12-24                6          373
#> 7702        13475     769        2006-11-03               10           59
#> 7703          316     439        2005-07-25                4          525
#> 7704        24190    1110        2006-09-24               13           99
#> 7705        27068     909        2006-09-11               12          112
#> 7706        29024     551        2005-10-15                4          443
#> 7707        27096     891        2006-07-13                9          172
#> 7708         3328    1539        2006-09-16               13          107
#> 7709        17135    1576        2006-08-18               14          136
#> 7710         5665     844        2006-07-24               10          161
#> 7711        10996     847        2006-08-13                9          141
#> 7712        24918     771        2006-06-16                9          199
#> 7713        17458    1160        2005-08-30               10          489
#> 7714        26026     962        2006-05-31                8          215
#> 7715         9713    1364        2006-08-27               12          127
#> 7716        35737     835        2006-06-07                8          208
#> 7717         9229    1166        2006-08-08               11          146
#> 7718        32979    1087        2006-10-10               10           83
#> 7719        32434    1371        2006-11-27               12           35
#> 7720        39329    1712        2006-12-19               17           13
#> 7721        26870     820        2006-07-05                8          180
#> 7722         9956    1104        2006-07-12                8          173
#> 7723        17589     544        2006-11-14                6           48
#> 7724        35225    1507        2006-04-26               12          250
#> 7725         2274     945        2006-08-12               11          142
#> 7726        19965     727        2006-09-23               11          100
#> 7727        27661    1196        2006-08-09               12          145
#> 7728         6422     721        2005-11-16                6          411
#> 7729        14020     758        2006-09-03                7          120
#> 7730        21839    1070        2006-05-25               13          221
#> 7731        23042    1159        2006-11-03               16           59
#> 7732        10473    1293        2006-10-24               12           69
#> 7733        21354    1103        2005-12-01                9          396
#> 7734         8956    1735        2006-09-29               14           94
#> 7735        10097     630        2005-06-13                6          567
#> 7736        21735    1265        2006-11-08               15           54
#> 7737         7847     724        2005-08-07                9          512
#> 7738        15153     802        2006-10-10               11           83
#> 7739        36980     398        2006-03-21                4          286
#> 7740        24953    1312        2006-10-03               15           90
#> 7741        20570     374        2006-05-09                4          237
#> 7742        28607     679        2006-11-07                8           55
#> 7743        23809     707        2006-10-26                8           67
#> 7744        20949     400        2006-09-09                6          114
#> 7745         7392     776        2006-02-09                7          326
#> 7746         6380     628        2006-08-04                8          150
#> 7747        31626    1017        2006-10-04               13           89
#> 7748        20393    1136        2006-05-14               11          232
#> 7749        37416    1269        2006-07-29               13          156
#> 7750         2475    1054        2006-10-29               10           64
#> 7751        38350    1115        2006-07-14               13          171
#> 7752        12473    1176        2006-08-30               13          124
#> 7753        24897    1366        2006-09-05               13          118
#> 7754        32908     386        2006-05-02                5          244
#> 7755         9409     582        2006-09-17                7          106
#> 7756        11013     620        2006-08-20                7          134
#> 7757        17617     843        2006-11-14                9           48
#> 7758        15629     940        2006-03-13               11          294
#> 7759        38125     754        2006-11-24                9           38
#> 7760        11123     779        2006-08-22                7          132
#> 7761         6723     738        2005-10-17               10          441
#> 7762        28756     377        2006-10-21                5           72
#> 7763        25170    1255        2006-10-04               12           89
#> 7764        33836     625        2006-02-07               10          328
#> 7765        29879     628        2005-11-21                7          406
#> 7766        12218     711        2005-09-04                7          484
#> 7767        26194     936        2006-08-11               10          143
#> 7768        17486    1344        2006-10-12               16           81
#> 7769         6755     938        2006-09-28               12           95
#> 7770        16953    1296        2005-09-22               10          466
#> 7771        35715     807        2006-07-21                9          164
#> 7772         3835     533        2006-04-24                7          252
#> 7773        18906    1220        2006-10-23                9           70
#> 7774        34696     519        2006-03-23                7          284
#> 7775        25344     887        2006-06-21               10          194
#> 7776         4270     815        2006-03-14                9          293
#> 7777        30529     929        2006-09-17               11          106
#> 7778         4349     927        2006-10-29                7           64
#> 7779          601    1163        2006-06-16               11          199
#> 7780          707    1027        2006-10-08                9           85
#> 7781        20706     896        2006-11-22                7           40
#> 7782        24929     582        2006-08-23                7          131
#> 7783        39614     525        2005-08-21                6          498
#> 7784         3461    1420        2006-11-05               16           57
#> 7785         2320     550        2006-10-18                6           75
#> 7786        39778     671        2006-05-17                6          229
#> 7787         9414     364        2005-08-19                7          500
#> 7788        12121    1429        2006-07-15               10          170
#> 7789        15507    1051        2006-06-23                7          192
#> 7790        12543    1246        2005-09-19               10          469
#> 7791         5577    1388        2006-09-29               12           94
#> 7792         9226     876        2006-07-10                9          175
#> 7793         2650     552        2006-04-30                7          246
#> 7794        20546     829        2006-05-03                8          243
#> 7795        24625    1203        2006-09-12               12          111
#> 7796         2106     349        2006-04-11                6          265
#> 7797        32601    1174        2006-10-31               13           62
#> 7798         2550     546        2006-12-05                6           27
#> 7799        19241     613        2006-06-16                7          199
#> 7800         9572     764        2006-12-16                6           16
#> 7801         5281    1081        2006-06-12               11          203
#> 7802        16046     859        2006-09-26               10           97
#> 7803        12586     352        2006-07-01                5          184
#> 7804        28222     947        2006-12-06               10           26
#> 7805        38370     738        2006-12-07                8           25
#> 7806        33710     262        2005-07-27                2          523
#> 7807        20801     872        2006-09-09                7          114
#> 7808        21587     709        2006-03-11                9          296
#> 7809        35144    1031        2006-06-29               13          186
#> 7810        33823     515        2006-07-20               10          165
#> 7811        35889    2020        2006-10-14               18           79
#> 7812        17039     494        2005-12-08                9          389
#> 7813        34008    1266        2006-08-15               10          139
#> 7814        28205     219        2005-08-11                3          508
#> 7815        13599     421        2006-03-29                6          278
#> 7816        38053    1147        2006-06-19               14          196
#> 7817        21422    1175        2006-09-12               12          111
#> 7818        12268     833        2005-10-09               10          449
#> 7819        31395     676        2005-11-06                6          421
#> 7820        32450     394        2006-09-17                5          106
#> 7821        33788    1557        2006-02-13               12          322
#> 7822        30559    1163        2006-08-04               14          150
#> 7823        30929     868        2006-05-17               10          229
#> 7824        19200    1025        2006-08-01               12          153
#> 7825         9150    1069        2006-06-29               11          186
#> 7826         4796     883        2006-07-21               11          164
#> 7827        29781    1111        2005-12-06                9          391
#> 7828        25339     596        2006-03-21                7          286
#> 7829        22077    1092        2006-12-29               12            3
#> 7830        34533    1170        2006-11-17               13           45
#> 7831         5919     903        2006-02-14                8          321
#> 7832        33431    1624        2006-08-23               14          131
#> 7833        12042     860        2006-07-31                9          154
#> 7834        17747     522        2006-05-02                6          244
#> 7835        29597     842        2006-07-08                7          177
#> 7836        38762    1669        2006-07-25               16          160
#> 7837        39742    1177        2006-05-20               12          226
#> 7838        23674     728        2006-07-24                8          161
#> 7839        25514    1192        2006-08-25               11          129
#> 7840        14623     530        2006-06-22                5          193
#> 7841        29240     871        2005-10-06               11          452
#> 7842        13007     763        2006-08-04                8          150
#> 7843         6136     964        2006-08-16                7          138
#> 7844        31284     971        2006-05-09                9          237
#> 7845         5988     740        2006-08-26                7          128
#> 7846         9830     695        2006-10-19                8           74
#> 7847        25822     874        2006-07-27               11          158
#> 7848        13326     822        2006-06-12                8          203
#> 7849        15362    1020        2006-09-12               12          111
#> 7850        26763    1047        2006-05-29               10          217
#> 7851         4733     975        2006-11-28               10           34
#> 7852        17095    1312        2006-09-29               13           94
#> 7853        34789     314        2005-10-18                4          440
#> 7854        30424    1177        2006-10-29               11           64
#> 7855        13050    1259        2006-08-17               11          137
#> 7856         7074     972        2006-12-12                8           20
#> 7857        34926     826        2006-04-28                9          248
#> 7858        25362    1014        2006-11-09               13           53
#> 7859        37236    1835        2006-10-19               17           74
#> 7860        21118    1319        2006-12-01               14           31
#> 7861        16898     968        2006-12-11               12           21
#> 7862         7725     886        2006-09-23               11          100
#> 7863        34536     471        2006-08-23                5          131
#> 7864        33642     486        2006-11-03                8           59
#> 7865         2834     817        2006-12-04               10           28
#> 7866        18936     827        2006-12-03                6           29
#> 7867        29780     787        2006-08-02                7          152
#> 7868        33735     757        2006-07-05                8          180
#> 7869        20340     892        2005-12-19                8          378
#> 7870        29392    1059        2006-06-25               10          190
#> 7871         1498    1014        2006-08-29               10          125
#> 7872        35566     767        2005-09-08                9          480
#> 7873          588    1533        2006-09-23               12          100
#> 7874        15963    1198        2006-10-15               10           78
#> 7875        33184     438        2006-05-18                7          228
#> 7876        34353    1093        2006-06-11               11          204
#> 7877        31773     590        2005-06-29                5          551
#> 7878        38458     774        2006-08-05                9          149
#> 7879        37289     519        2006-05-01                9          245
#> 7880        19543    1497        2006-07-09               11          176
#> 7881        15902    1012        2006-05-31                8          215
#> 7882         6737     747        2006-09-04               10          119
#> 7883         3617     693        2006-08-21                8          133
#> 7884         3691     973        2006-06-20                9          195
#> 7885        37957    1677        2006-09-29               15           94
#> 7886        21474    1096        2006-07-27               12          158
#> 7887        12348     932        2006-07-23               11          162
#> 7888         1440    1157        2005-10-23               13          435
#> 7889          271     909        2006-07-26                8          159
#> 7890         5630     577        2005-12-04                6          393
#> 7891        27439     717        2006-05-28                7          218
#> 7892          997    1358        2006-07-24               14          161
#> 7893        23620     792        2006-08-17                8          137
#> 7894        35542    1001        2006-10-23                8           70
#> 7895        31233    1152        2006-07-10               11          175
#> 7896         8247     705        2006-08-31                9          123
#> 7897         1696     841        2006-06-26                7          189
#> 7898        14122    1192        2006-09-26               12           97
#> 7899        35494     942        2006-10-04               10           89
#> 7900        18321    1132        2005-12-17                9          380
#> 7901         6256    1140        2006-10-17               15           76
#> 7902          787     904        2006-09-20               10          103
#> 7903        38202     259        2005-05-27                4          584
#> 7904        36451     661        2006-05-25                8          221
#> 7905        23403     943        2006-08-19                7          135
#> 7906        28479     763        2005-12-22                9          375
#> 7907        14907    1079        2006-08-02               11          152
#> 7908         2105    2090        2006-08-24               21          130
#> 7909        27939     981        2006-06-26               11          189
#> 7910        28475     701        2006-10-27                6           66
#> 7911        18311     856        2006-04-11               10          265
#> 7912        18591    1346        2005-10-28               12          430
#> 7913         6484    1204        2006-11-08               13           54
#> 7914        23531     560        2006-08-27                7          127
#> 7915        29304    1162        2006-08-21               13          133
#> 7916        38247     905        2006-09-08                9          115
#> 7917        29931     658        2006-08-25                8          129
#> 7918        27037     240        2006-07-06                4          179
#> 7919        11049    1212        2006-08-08               10          146
#> 7920        25271     994        2006-11-17               12           45
#> 7921        15585     991        2006-07-12               11          173
#> 7922        10866     348        2005-11-23                4          404
#> 7923        22823    1319        2006-07-14               14          171
#> 7924         6365     955        2006-06-23               10          192
#> 7925        36121    1990        2006-04-25               17          251
#> 7926        20874     677        2006-05-03                8          243
#> 7927        31872    1697        2006-01-26               12          340
#> 7928         6118     636        2005-08-23                6          496
#> 7929        37705    1010        2006-04-18               11          258
#> 7930        31560    1011        2006-08-16               11          138
#> 7931        29168     684        2006-11-30                9           32
#> 7932         2506    1081        2006-06-21               14          194
#> 7933        23504     762        2006-08-17                8          137
#> 7934        25052     847        2006-07-24                9          161
#> 7935        39514     580        2005-08-16                8          503
#> 7936        34501    1324        2006-11-28               15           34
#> 7937        34818     873        2005-08-17                6          502
#> 7938        35688    1415        2006-08-25               11          129
#> 7939        14647     980        2006-06-27                9          188
#> 7940        23147    1178        2006-04-09               13          267
#> 7941         3169     686        2006-09-26                8           97
#> 7942         7094    1241        2006-08-25               12          129
#> 7943        32892    1201        2006-09-11               14          112
#> 7944        16151    1167        2006-04-04               11          272
#> 7945         6593     884        2006-11-19                7           43
#> 7946         6606     677        2005-12-04                7          393
#> 7947         7574     664        2005-05-17                5          594
#> 7948        13113    1179        2006-07-19               11          166
#> 7949        20694     974        2006-09-15                9          108
#> 7950        11796     738        2006-09-14                8          109
#> 7951        17670     959        2006-06-06                9          209
#> 7952        25393     785        2006-03-28                8          279
#> 7953        36142    1042        2006-09-15               11          108
#> 7954        13401    1576        2006-12-15               16           17
#> 7955        36112     734        2006-05-02               13          244
#> 7956        35794    1175        2006-12-20               12           12
#> 7957        14040     805        2006-10-10                8           83
#> 7958        25036     498        2006-04-04                7          272
#> 7959        10275    1234        2006-11-13               15           49
#> 7960         2350     737        2006-08-26                8          128
#> 7961        11819     926        2006-07-09                8          176
#> 7962        38334     680        2006-11-15                8           47
#> 7963        23201     873        2006-09-30                9           93
#> 7964        27293     918        2005-12-22               10          375
#> 7965        14021     894        2006-09-25                9           98
#> 7966        17004    1414        2006-06-30               12          185
#> 7967          732     343        2006-05-02                6          244
#> 7968        33748    1625        2006-09-12               14          111
#> 7969        32261    1069        2006-07-30               10          155
#> 7970        33918    1062        2006-09-02                9          121
#> 7971        29677     964        2006-11-28               11           34
#> 7972        29274     437        2006-04-18                5          258
#> 7973        14739     312        2006-11-16                5           46
#> 7974        18740    1034        2006-12-18                8           14
#> 7975        32496    1774        2006-05-24               18          222
#> 7976        21108    1176        2006-06-14               13          201
#> 7977        18719    1206        2006-12-23               13            9
#> 7978        26128    1012        2006-07-08                9          177
#> 7979        15187     497        2006-08-25                6          129
#> 7980        37420    1353        2006-10-30               13           63
#> 7981        11552     861        2006-07-07                7          178
#> 7982        39001     706        2006-05-27                7          219
#> 7983        36718    1299        2005-09-10                9          478
#> 7984        23617    1233        2006-11-06               13           56
#> 7985        13243    1063        2006-09-06               10          117
#> 7986        13419    1015        2006-08-14               12          140
#> 7987         5470     686        2006-09-14                9          109
#> 7988         5172    1394        2006-10-17               10           76
#> 7989        37072    1142        2006-10-22               13           71
#> 7990        17115     767        2006-07-08               10          177
#> 7991        11841     990        2006-10-04                8           89
#> 7992        25078     904        2006-08-19                7          135
#> 7993        18846     865        2006-12-03                9           29
#> 7994        25716     673        2005-07-15                8          535
#> 7995        19826     986        2006-09-27               10           96
#> 7996        10737     982        2006-06-05               13          210
#> 7997        17708     638        2006-10-22                8           71
#> 7998          602     762        2006-10-06                9           87
#> 7999        17128     743        2006-09-26                8           97
#> 8000        33852     918        2006-12-06               12           26
#> 8001         5188    1904        2006-04-23               15          253
#> 8002         2212     604        2006-12-07               10           25
#> 8003        12474    1282        2006-11-20               10           42
#> 8004         1942    1494        2006-10-22               15           71
#> 8005        24993    1644        2006-09-04               14          119
#> 8006        20339     877        2006-10-09                9           84
#> 8007         4371     742        2006-07-19                8          166
#> 8008         9271     738        2006-06-11                8          204
#> 8009        30801    1354        2006-05-01               13          245
#> 8010        12468     966        2006-10-13               10           80
#> 8011        21732     783        2006-08-18               10          136
#> 8012        29978     566        2006-07-09                4          176
#> 8013        14029    1229        2006-09-10               13          113
#> 8014        32198     677        2006-04-30                9          246
#> 8015         5586    1042        2006-07-09               12          176
#> 8016        28434     718        2006-10-07                8           86
#> 8017        16675     863        2006-09-15                9          108
#> 8018        11257    1162        2006-12-13               13           19
#> 8019        12435     965        2006-05-20                9          226
#> 8020        31727     554        2006-05-30                6          216
#> 8021         7549     653        2006-08-06                8          148
#> 8022        27014    1469        2006-10-19               15           74
#> 8023        31245    1202        2006-11-17               13           45
#> 8024        15420     646        2005-09-01                9          487
#> 8025         9166    1249        2006-05-30               14          216
#> 8026        13173    1061        2006-09-26               11           97
#> 8027        10950    1071        2006-08-26               12          128
#> 8028         7411     915        2006-11-06                7           56
#> 8029        25141    1312        2006-07-21               15          164
#> 8030        37305     498        2006-04-17                8          259
#> 8031        36721    1084        2006-11-05               12           57
#> 8032         9075     721        2006-12-15               10           17
#> 8033        34344     996        2006-11-20                9           42
#> 8034        24174     484        2005-06-28                5          552
#> 8035        39951     589        2006-07-23                7          162
#> 8036        21843    1117        2006-08-01                9          153
#> 8037         7108     869        2006-11-19               10           43
#> 8038        18061     775        2006-05-21                8          225
#> 8039        24942     775        2005-08-08                7          511
#> 8040        34007     905        2006-11-19                8           43
#> 8041        39664    1078        2006-08-02               14          152
#> 8042        10352     949        2006-03-29               14          278
#> 8043         3571    1015        2006-05-19               10          227
#> 8044        31279    1462        2006-09-15               12          108
#> 8045        37651    1421        2006-12-25               13            7
#> 8046        37486    1289        2006-09-11               10          112
#> 8047        37833     640        2005-07-09                7          541
#> 8048         5361    1206        2006-08-28               12          126
#> 8049         4109     608        2006-07-10                8          175
#> 8050        15182    1523        2006-09-10               16          113
#> 8051        26876     601        2006-05-06                8          240
#> 8052        13439     971        2006-03-09                9          298
#> 8053        16712     946        2005-10-13               10          445
#> 8054        25488     975        2006-07-28               11          157
#> 8055        10528     979        2006-11-26                9           36
#> 8056        20371     676        2006-07-05                7          180
#> 8057         3927     643        2006-11-04                6           58
#> 8058        21620    1191        2006-11-09                9           53
#> 8059        38944     436        2006-08-31                6          123
#> 8060         7256     992        2006-10-01               12           92
#> 8061        28551    1187        2006-10-04               13           89
#> 8062        30026    1169        2006-12-16               10           16
#> 8063        33944     556        2006-03-03                7          304
#> 8064        35849     812        2006-09-04                7          119
#> 8065        39256     451        2005-08-19                4          500
#> 8066        30622     807        2006-08-03                8          151
#> 8067        17981     819        2006-01-10                9          356
#> 8068        29026     784        2005-07-29                7          521
#> 8069        10701     918        2006-09-26                9           97
#> 8070        18793    1344        2006-09-11               14          112
#> 8071        20199    1570        2006-11-13               13           49
#> 8072        23811    1026        2006-05-23                8          223
#> 8073        36948    1333        2006-08-07               12          147
#> 8074        37126     504        2006-01-28                5          338
#> 8075        26605     423        2006-05-26                6          220
#> 8076         6843    1291        2005-09-10               10          478
#> 8077        12814     917        2006-09-18                8          105
#> 8078          479     832        2006-08-17               11          137
#> 8079        22381    1066        2006-07-29               11          156
#> 8080        30730    1654        2006-09-12               20          111
#> 8081        17267     841        2006-08-25               12          129
#> 8082          485    1442        2006-10-08               13           85
#> 8083        29986     886        2006-09-29               13           94
#> 8084         2965     495        2006-04-21                7          255
#> 8085        34500     975        2006-04-16               10          260
#> 8086        13647     757        2006-10-30                7           63
#> 8087        21507     917        2006-07-25               12          160
#> 8088         7362     635        2006-09-26                9           97
#> 8089        36051    1092        2006-06-20               11          195
#> 8090        29025    1528        2006-10-15               15           78
#> 8091        26303    1138        2006-09-19               14          104
#> 8092        15804     839        2006-07-08                9          177
#> 8093        29057     936        2006-05-23                8          223
#> 8094        31973    1321        2006-06-30               13          185
#> 8095        18179    1209        2006-08-19               12          135
#> 8096         2693    1212        2006-11-01               12           61
#> 8097        17263    1576        2006-03-03               16          304
#> 8098        35009     722        2006-09-23                7          100
#> 8099        17176    1367        2006-08-18               14          136
#> 8100        30023    1152        2005-11-22               13          405
#> 8101         4644    1109        2006-10-02               12           91
#> 8102        24029     950        2006-07-21               13          164
#> 8103        32934     782        2006-08-10                8          144
#> 8104        37367    1589        2006-08-07               14          147
#> 8105        37520     815        2006-09-01               12          122
#> 8106        39465     569        2006-09-28                7           95
#> 8107        24760     620        2006-10-22                5           71
#> 8108        21888    1018        2006-03-23               12          284
#> 8109        36667     463        2006-03-19                5          288
#> 8110        11497    1216        2006-09-05               13          118
#> 8111         3069    1434        2006-07-13               14          172
#> 8112        35813    1545        2006-07-05               12          180
#> 8113         3528    1041        2006-08-30               15          124
#> 8114        33646    1255        2006-03-16               11          291
#> 8115        10959     310        2005-09-02                6          486
#> 8116        21469     861        2006-10-26               10           67
#> 8117        18118     791        2005-11-30                8          397
#> 8118        23503     775        2006-07-04                9          181
#> 8119        18977    1396        2006-10-31               13           62
#> 8120        31194    1100        2006-09-18               11          105
#> 8121        23728    1169        2006-08-22               11          132
#> 8122        21687     914        2006-11-06               10           56
#> 8123         3667    1589        2006-10-12               15           81
#> 8124         2543    1068        2006-11-10               10           52
#> 8125         3103     687        2006-04-21                7          255
#> 8126        20140     351        2005-10-06                5          452
#> 8127        28325    1058        2006-12-06               12           26
#> 8128         3643     984        2005-12-04               10          393
#> 8129        11098    1514        2006-07-15               15          170
#> 8130         2970     528        2006-08-24                7          130
#> 8131        30235    1175        2006-07-21               14          164
#> 8132        36156     410        2006-09-12                5          111
#> 8133        39223     365        2006-10-10                4           83
#> 8134        38656     389        2006-08-28                9          126
#> 8135        11228     847        2006-06-18                9          197
#> 8136        32687    1183        2005-07-11                9          539
#> 8137        13911    1395        2005-12-09               15          388
#> 8138        26186    1061        2005-11-28               10          399
#> 8139        11923    1110        2006-11-18               14           44
#> 8140        32634     317        2005-10-23                4          435
#> 8141        37052    1015        2006-05-21               10          225
#> 8142        37747    1642        2006-11-29               14           33
#> 8143        30628    1274        2006-08-10               14          144
#> 8144        25744    1217        2006-06-25               13          190
#> 8145        20631    1048        2006-09-17               10          106
#> 8146        26412    1041        2006-07-21               11          164
#> 8147        16276    1660        2006-10-09               15           84
#> 8148        34732    1269        2006-06-07               13          208
#> 8149        28920     616        2006-09-27                7           96
#> 8150        16303    1308        2006-06-25               13          190
#> 8151         7896     527        2006-07-25                7          160
#> 8152          712     813        2005-11-06               12          421
#> 8153        16617     953        2006-08-15               10          139
#> 8154        15171    1122        2006-06-13               10          202
#> 8155         6195     225        2006-08-18                5          136
#> 8156        26520     596        2005-10-14                5          444
#> 8157        32658     791        2005-08-22                8          497
#> 8158         2176    1298        2006-06-12               12          203
#> 8159        26043     800        2006-05-23                7          223
#> 8160          673    1373        2006-05-12               12          234
#> 8161         4784     326        2006-11-30                5           32
#> 8162         5171     870        2006-09-22               12          101
#> 8163        38317    1201        2006-09-15               12          108
#> 8164        17467    1078        2006-10-13                7           80
#> 8165        27300     529        2006-04-20                8          256
#> 8166         1127     915        2006-08-08                7          146
#> 8167         3739     865        2006-04-06               10          270
#> 8168        21472     654        2006-07-05                9          180
#> 8169        12265    1104        2006-10-10               10           83
#> 8170        36736    1002        2006-09-22               10          101
#> 8171        38613     215        2006-05-28                4          218
#> 8172        28183     809        2006-09-29                8           94
#> 8173         7084    1173        2006-04-03               13          273
#> 8174        20502     972        2006-12-07                9           25
#> 8175        15007     556        2006-08-02                9          152
#> 8176        18224     757        2006-10-29                8           64
#> 8177        31080     950        2006-10-01                9           92
#> 8178        16209    1209        2006-08-14               12          140
#> 8179        30670     311        2006-07-27                6          158
#> 8180        13461     524        2005-10-13               10          445
#> 8181         7208     902        2006-05-07                8          239
#> 8182         6502    1191        2006-06-16               11          199
#> 8183        15821     645        2005-09-14                6          474
#> 8184        12537     677        2005-11-22                5          405
#> 8185         2797     480        2006-11-26                3           36
#> 8186         8173     586        2006-07-15               10          170
#> 8187        38708    1314        2006-09-22                9          101
#> 8188        21335     908        2006-06-12                8          203
#> 8189         1673     615        2005-11-24                7          403
#> 8190        22078     792        2006-08-25                9          129
#> 8191        13338     809        2006-06-22                7          193
#> 8192          155     583        2006-07-21                5          164
#> 8193         5412    1044        2006-11-02               11           60
#> 8194        36788    1763        2006-11-25               14           37
#> 8195        29610     244        2006-11-23                6           39
#> 8196        34761     424        2005-05-12                5          599
#> 8197        37293     804        2006-12-30               12            2
#> 8198         7999     882        2006-06-09               10          206
#> 8199         6113    1089        2006-03-05               17          302
#> 8200         2248     844        2006-11-25                6           37
#> 8201        37252    1050        2006-09-17               11          106
#> 8202        39645     608        2006-05-15                8          231
#> 8203         1611     570        2006-11-19                7           43
#> 8204        30112     939        2006-10-05               10           88
#> 8205        33444     679        2006-10-12               10           81
#> 8206        18009     715        2006-06-11                6          204
#> 8207        26825     884        2006-11-16               10           46
#> 8208        10010    1375        2006-08-15               15          139
#> 8209        19571    1071        2006-05-09                9          237
#> 8210         6069     706        2006-12-14                8           18
#> 8211        22364     427        2005-06-14                4          566
#> 8212         1219     706        2006-07-02                7          183
#> 8213        34777     626        2006-11-03                6           59
#> 8214        36472     734        2006-04-17                7          259
#> 8215         9289    1477        2006-08-17               11          137
#> 8216        30604     710        2006-09-22                6          101
#> 8217        33870    1192        2006-07-07               13          178
#> 8218        39986    1025        2006-12-07               10           25
#> 8219         5284     697        2006-08-29                8          125
#> 8220        32859    1079        2006-07-12               13          173
#> 8221        29694    1137        2006-11-19               14           43
#> 8222         2436    1381        2006-09-19               16          104
#> 8223         8941     575        2006-01-09                6          357
#> 8224         2575    1036        2006-07-22               11          163
#> 8225         7563    1142        2006-08-24               13          130
#> 8226        12025     869        2006-11-11               10           51
#> 8227        31576     389        2006-09-07                7          116
#> 8228         9791     950        2006-06-09                9          206
#> 8229        36038     668        2006-09-09                8          114
#> 8230        34914     710        2006-03-11               10          296
#> 8231        37826    1034        2006-06-14               11          201
#> 8232        38377     860        2006-08-03                7          151
#> 8233        36869    1001        2006-09-19                7          104
#> 8234        24136    1136        2006-08-07                9          147
#> 8235        30648     943        2006-09-24                9           99
#> 8236         8903     691        2006-08-27                7          127
#> 8237        39083    1590        2006-09-03               14          120
#> 8238         8853    1357        2006-10-29               14           64
#> 8239        33218     825        2006-09-10                8          113
#> 8240        29020    1801        2006-10-03               15           90
#> 8241        21372     678        2006-09-25                5           98
#> 8242        36261     883        2006-03-13               10          294
#> 8243         6327     635        2006-07-19                8          166
#> 8244        15843     756        2006-10-08               11           85
#> 8245         3290     748        2006-06-05                8          210
#> 8246          645     841        2006-07-01               12          184
#> 8247        11654     790        2006-10-18                9           75
#> 8248         6487    1215        2006-08-16               10          138
#> 8249        32488    1155        2006-09-03               13          120
#> 8250        28445     992        2006-05-25               11          221
#> 8251         3197    1646        2006-02-23               14          312
#> 8252         5974     890        2005-10-03                9          455
#> 8253        28758     403        2006-03-01                5          306
#> 8254        10236     746        2006-03-21                7          286
#> 8255        26193    1037        2006-12-17                9           15
#> 8256        29956    1101        2006-09-26               12           97
#> 8257        36700     515        2006-09-02                7          121
#> 8258         1531    1299        2006-10-12               13           81
#> 8259        36488    2230        2006-06-27               16          188
#> 8260        23128    1030        2005-08-29               10          490
#> 8261        33182     792        2006-10-09               11           84
#> 8262        33263     501        2006-06-11                8          204
#> 8263        38283     818        2006-07-07                6          178
#> 8264        21602     904        2006-06-09               12          206
#> 8265         8050    1025        2006-06-11               11          204
#> 8266        30771     728        2006-07-26                7          159
#> 8267         1688    1493        2006-02-25               15          310
#> 8268         9268     797        2006-08-02                7          152
#> 8269         1238     859        2006-09-13                9          110
#> 8270        38858     418        2005-08-25                5          494
#> 8271         9436     657        2006-12-16                5           16
#> 8272        28496     997        2006-06-20               10          195
#> 8273        38510     600        2005-07-17                5          533
#> 8274         8488    1584        2006-07-22               14          163
#> 8275        38006    1071        2006-10-02               10           91
#> 8276        31736    2010        2006-10-02               21           91
#> 8277         9613     538        2006-07-18                6          167
#> 8278         5427     973        2006-07-01               12          184
#> 8279        38478     547        2006-06-22                8          193
#> 8280        13392     807        2006-08-30                9          124
#> 8281         8763    1087        2006-12-04               11           28
#> 8282        25639    1596        2006-04-10               11          266
#> 8283         2328    1250        2006-09-13               15          110
#> 8284        20999     683        2006-05-21                7          225
#> 8285        21726     355        2006-10-23                7           70
#> 8286        20886     373        2005-09-26                5          462
#> 8287        21615    1396        2006-12-22               14           10
#> 8288        23351    1213        2006-07-25               11          160
#> 8289        28978    1183        2006-01-21                8          345
#> 8290        15881     623        2006-07-16                6          169
#> 8291        23407     549        2006-07-16                9          169
#> 8292        10309     804        2006-10-05               10           88
#> 8293        33782    1197        2006-11-20                9           42
#> 8294        16999    1328        2006-04-26               10          250
#> 8295        12226     975        2006-04-09                8          267
#> 8296         8548    1060        2006-10-16               10           77
#> 8297        17107    1504        2006-09-11               15          112
#> 8298        38441    1069        2006-01-22                9          344
#> 8299        25128     819        2006-07-06                9          179
#> 8300        18185     679        2005-11-23                8          404
#> 8301        12009     940        2006-12-13               10           19
#> 8302        31243     573        2005-12-10                6          387
#> 8303         8267     908        2006-08-27                9          127
#> 8304        35289     664        2006-07-02                6          183
#> 8305        34043     769        2006-05-01                6          245
#> 8306         5382     719        2006-09-14                8          109
#> 8307         3054     958        2006-01-06                9          360
#> 8308        19964     316        2006-11-02                5           60
#> 8309        14883    1581        2006-08-05               15          149
#> 8310        25427     839        2006-08-28                9          126
#> 8311        15324     803        2005-10-15                9          443
#> 8312        25602    1024        2006-09-06               11          117
#> 8313        27084     936        2006-03-06               10          301
#> 8314        12938     693        2005-09-26                7          462
#> 8315         2459     528        2006-10-16                5           77
#> 8316         4028    1256        2006-10-01               13           92
#> 8317        13100     984        2006-09-19               11          104
#> 8318         3484     678        2006-03-03               11          304
#> 8319         8467     964        2006-12-24               11            8
#> 8320         3880    1732        2006-07-08               13          177
#> 8321        21796     746        2006-04-14                8          262
#> 8322         8608     614        2006-07-12                9          173
#> 8323        34878     687        2006-04-11                6          265
#> 8324        26081     950        2006-07-01                7          184
#> 8325        32325     718        2006-03-15                8          292
#> 8326        31702    1270        2006-08-06               13          148
#> 8327        25107    2006        2006-11-28               18           34
#> 8328        37286     752        2006-08-20               11          134
#> 8329         3676     682        2006-11-14                7           48
#> 8330        38108     625        2005-07-16                7          534
#> 8331        35881    1397        2006-11-15               16           47
#> 8332         5674    1088        2006-08-18               11          136
#> 8333        39013    1104        2006-09-08               11          115
#> 8334         9264    1148        2006-08-01               11          153
#> 8335        25440     782        2006-03-12                7          295
#> 8336        23156     796        2006-12-28                9            4
#> 8337        29885     851        2006-12-26                9            6
#> 8338         7841    1128        2006-12-15               12           17
#> 8339        23872    1289        2006-10-23               12           70
#> 8340        39523     435        2006-08-22                8          132
#> 8341        21340    1174        2006-09-19               10          104
#> 8342         9979     652        2006-01-21                8          345
#> 8343        14449     739        2006-12-23                8            9
#> 8344         9743     842        2006-09-30               15           93
#> 8345        14862     743        2006-02-04                8          331
#> 8346         8492     655        2006-05-12                9          234
#> 8347        32381     987        2006-10-19               12           74
#> 8348          161    1517        2006-08-09               12          145
#> 8349        31966    1171        2006-12-30                8            2
#> 8350        33934     781        2006-08-28               10          126
#> 8351         9606     616        2006-08-04                9          150
#> 8352        11484     665        2006-08-17               11          137
#> 8353        33409    1389        2006-12-09               12           23
#> 8354        28212     947        2006-11-12               10           50
#> 8355         4774     810        2006-10-31                9           62
#> 8356         3349     608        2006-07-04                6          181
#> 8357        30535     616        2006-03-09                7          298
#> 8358        25655    1294        2006-12-08                9           24
#> 8359        27220     961        2005-10-07               13          451
#> 8360         3868     886        2005-11-12                8          415
#> 8361        10721     822        2006-01-04                6          362
#> 8362        23948     962        2006-11-05               11           57
#> 8363        25142     465        2006-09-03                5          120
#> 8364        29310    1237        2006-12-28               11            4
#> 8365         7001    1231        2006-04-20               13          256
#> 8366        31952    1294        2006-10-16               11           77
#> 8367         8019     782        2006-09-03                7          120
#> 8368          967     697        2006-11-11                8           51
#> 8369         8966    1221        2006-11-14               15           48
#> 8370        11637    1192        2006-08-02               12          152
#> 8371        26613    1271        2006-12-26               12            6
#> 8372        24284     927        2006-03-27                8          280
#> 8373        19582    1357        2006-08-19               14          135
#> 8374        10625     680        2006-09-04                7          119
#> 8375        24537     812        2006-10-16                9           77
#> 8376        38431     875        2006-09-07                8          116
#> 8377         8680    1342        2006-12-06               14           26
#> 8378         6724     733        2006-12-16               10           16
#> 8379        22082     998        2006-06-28                9          187
#> 8380        22502    1042        2006-07-16               10          169
#> 8381        22674    1321        2005-12-14               15          383
#> 8382        17058     888        2006-10-01                8           92
#> 8383        36233    1114        2006-10-30               12           63
#> 8384        37315     758        2005-10-22                9          436
#> 8385         9030     763        2005-11-11                8          416
#> 8386         3018    1112        2006-06-08                9          207
#> 8387        15479    1358        2006-10-25               14           68
#> 8388        15173    1159        2006-08-07               13          147
#> 8389        31861    1309        2006-01-27               11          339
#> 8390         9321    1360        2006-07-20               13          165
#> 8391         2687    1288        2006-09-10               18          113
#> 8392        26729    1409        2006-06-26               14          189
#> 8393        14524     415        2006-08-09                8          145
#> 8394        14244     569        2006-06-01                8          214
#> 8395        39132     304        2006-06-29                5          186
#> 8396        27591    1276        2006-10-05               13           88
#> 8397          745     636        2005-12-11                6          386
#> 8398        22079     811        2006-05-20               10          226
#> 8399        32417    1379        2006-07-25               14          160
#> 8400        30413    1160        2005-11-06               12          421
#> 8401        28254     901        2005-10-21                7          437
#> 8402        30851     876        2006-11-07                9           55
#> 8403        25872    1560        2006-09-14               16          109
#> 8404        35102    1114        2006-06-21               11          194
#> 8405        13469    1212        2005-10-27               16          431
#> 8406        20454     634        2006-05-11               11          235
#> 8407          947    1337        2006-11-24               11           38
#> 8408         2974     855        2006-08-29                9          125
#> 8409        33640     592        2006-12-11                7           21
#> 8410         7326    1469        2006-09-01               13          122
#> 8411        18876     916        2006-05-05                9          241
#> 8412        26020     996        2006-09-07                8          116
#> 8413        23610     957        2005-08-17                9          502
#> 8414         7798     485        2005-10-26                6          432
#> 8415        17488    1680        2006-09-06               15          117
#> 8416        29805     703        2006-06-28               10          187
#> 8417        39089     805        2006-05-25                8          221
#> 8418        30908     230        2006-09-15                4          108
#> 8419        20564     509        2005-10-23                5          435
#> 8420        33386    1004        2005-11-01               11          426
#> 8421        23849     921        2006-07-30               12          155
#> 8422        11083     594        2006-10-06                6           87
#> 8423        25637     853        2006-11-24                8           38
#> 8424         9858     521        2006-12-19                4           13
#> 8425        34809     679        2006-08-28                6          126
#> 8426        19674     944        2006-06-12                9          203
#> 8427        33785    1220        2006-07-31                8          154
#> 8428        20356     760        2006-11-26                6           36
#> 8429        21307    1030        2006-04-23                9          253
#> 8430        22255     796        2006-03-27                7          280
#> 8431           75     160        2006-01-30                4          336
#> 8432        32808     458        2005-09-04                7          484
#> 8433        20228     598        2006-08-10                8          144
#> 8434        36824     991        2006-04-23                9          253
#> 8435        16069    1202        2006-10-31               12           62
#> 8436        20551     675        2006-11-27                6           35
#> 8437         8886    1025        2006-05-18               10          228
#> 8438        16911     222        2005-10-05                5          453
#> 8439        19263    1019        2006-08-05               11          149
#> 8440        18723    1131        2006-02-01               11          334
#> 8441         9363    1142        2006-09-08               11          115
#> 8442        38970    1374        2006-10-07               17           86
#> 8443        17470     840        2006-07-21                8          164
#> 8444        30357     694        2006-11-15                9           47
#> 8445        11953     819        2006-12-12                6           20
#> 8446         3694    1608        2006-11-07               18           55
#> 8447        28696     376        2006-05-18                5          228
#> 8448        13946     683        2006-06-02                8          213
#> 8449        31124    1235        2006-06-12               10          203
#> 8450         7189     717        2006-04-06               11          270
#> 8451        37256     692        2006-05-07                8          239
#> 8452        37653    1074        2006-06-22               11          193
#> 8453        11752    1392        2006-12-03               13           29
#> 8454         7319     722        2006-05-23                8          223
#> 8455        39142    1525        2006-11-14               14           48
#> 8456        30969    2053        2006-08-05               15          149
#> 8457        39503    1060        2006-12-05               12           27
#> 8458        20238     673        2006-03-30                8          277
#> 8459         2549    1281        2006-09-09               13          114
#> 8460        22349    1284        2006-07-01               15          184
#> 8461        20089     769        2005-12-12                8          385
#> 8462        16896     860        2006-07-25                7          160
#> 8463        12861    1105        2006-08-03                9          151
#> 8464         5080     483        2006-08-06                7          148
#> 8465        10695     547        2006-05-26                5          220
#> 8466        34746    1455        2006-11-17               14           45
#> 8467        14488     956        2006-07-12               14          173
#> 8468        28080     573        2006-03-25               11          282
#> 8469        17927    1685        2006-11-09               17           53
#> 8470        39905     405        2006-10-01                6           92
#> 8471          932     626        2006-06-14                8          201
#> 8472         9139     903        2006-04-02                8          274
#> 8473        16572     876        2006-08-17               11          137
#> 8474         5173     730        2006-11-13                8           49
#> 8475        17282    1935        2006-10-05               18           88
#> 8476        29353     981        2006-06-04                9          211
#> 8477        33949     992        2006-08-05               10          149
#> 8478        29100     802        2006-03-25               11          282
#> 8479         4852     846        2006-08-15               10          139
#> 8480        19262    1456        2006-06-28               11          187
#> 8481        14511     409        2006-08-21                5          133
#> 8482        37329     203        2006-03-24                4          283
#> 8483         3496     780        2006-10-13               13           80
#> 8484         5598     776        2006-09-06                7          117
#> 8485         5700     652        2006-06-29               11          186
#> 8486        26747     659        2006-10-15                7           78
#> 8487        28035    1497        2006-02-09               14          326
#> 8488        20917     661        2005-06-27                6          553
#> 8489        19274    1174        2006-06-13               12          202
#> 8490        18831     590        2005-07-23                4          527
#> 8491         3556    1270        2006-01-06               11          360
#> 8492        24321     342        2006-09-02                6          121
#> 8493         8881    1246        2006-12-18               12           14
#> 8494        14084     862        2006-06-02                7          213
#> 8495        38320     986        2006-12-01               10           31
#> 8496         9924    1510        2005-12-15               15          382
#> 8497        17780    1351        2006-10-15               13           78
#> 8498        36635     693        2005-03-06                5          666
#> 8499        36914     582        2006-09-20                7          103
#> 8500        36104     768        2005-11-29                9          398
#> 8501        18482     781        2006-06-06                8          209
#> 8502        39195     954        2006-09-01               13          122
#> 8503        12385     860        2006-10-16                8           77
#> 8504        32205     437        2006-07-05                7          180
#> 8505        31072    1308        2006-09-05               12          118
#> 8506        32007     576        2005-06-10                5          570
#> 8507        35755    1089        2006-08-14               12          140
#> 8508         8171     594        2006-04-13                7          263
#> 8509        35723    1690        2006-09-29               14           94
#> 8510        14082    1049        2006-07-11                8          174
#> 8511        19794     744        2005-06-18                7          562
#> 8512        39674    1263        2006-12-02               13           30
#> 8513        16741    1207        2006-12-01               11           31
#> 8514        10697    1363        2006-10-30               12           63
#> 8515         2470    1328        2006-11-25               11           37
#> 8516         4758    1271        2006-09-20               11          103
#> 8517        11005     870        2005-12-20                8          377
#> 8518        32978    1404        2006-07-24               16          161
#> 8519        37013     935        2006-11-06               13           56
#> 8520         9047    1283        2006-09-08               10          115
#> 8521        14715     599        2006-08-02                9          152
#> 8522        23366     987        2006-10-13                8           80
#> 8523        34586    1233        2006-09-13               14          110
#> 8524         1169     980        2006-11-06               10           56
#> 8525        36437    1159        2006-11-02               11           60
#> 8526        33942    1220        2006-08-26               14          128
#> 8527        13766    1002        2006-07-27               10          158
#> 8528        22543     604        2006-11-15               10           47
#> 8529         5078     663        2006-08-14                8          140
#> 8530        19873     710        2006-10-14                7           79
#> 8531         4568     920        2005-08-13                9          506
#> 8532        31371    1053        2006-10-07                9           86
#> 8533        16801     850        2006-04-16                9          260
#> 8534        26260     685        2006-05-11                9          235
#> 8535        12257     521        2006-06-04                5          211
#> 8536        13668     403        2005-05-26                4          585
#> 8537         9056    1101        2006-05-11                8          235
#> 8538        35306     896        2006-06-04                9          211
#> 8539        30731     302        2006-11-08                5           54
#> 8540         5834    2026        2006-07-25               19          160
#> 8541        32353     910        2006-05-24               11          222
#> 8542        22574    1863        2006-06-15               16          200
#> 8543        22177    1372        2006-10-01               13           92
#> 8544         9714     747        2006-08-29               10          125
#> 8545        13048    1138        2006-11-24               10           38
#> 8546        37421     527        2005-09-05                7          483
#> 8547        23543    1195        2006-10-14               12           79
#> 8548        29254     972        2006-09-22               10          101
#> 8549        17921     969        2006-10-09                9           84
#> 8550        28159     650        2006-11-09                7           53
#> 8551         9107     643        2005-07-24                6          526
#> 8552         8747     629        2006-02-06                5          329
#> 8553        11944     954        2006-02-22                9          313
#> 8554        15882     838        2006-05-02                6          244
#> 8555         8939     929        2006-09-01                9          122
#> 8556         2973     634        2006-10-03                6           90
#> 8557        25197    1547        2006-11-07               15           55
#> 8558        22245    1980        2006-07-21               18          164
#> 8559        28113     752        2006-02-24               10          311
#> 8560         7196    1116        2006-05-17               12          229
#> 8561        39765     718        2006-08-21                8          133
#> 8562        24931     514        2006-07-04                9          181
#> 8563        29599     301        2006-07-26                5          159
#> 8564        25302     929        2006-03-04                9          303
#> 8565        18779     785        2006-08-01                9          153
#> 8566         6271    1249        2006-12-05               14           27
#> 8567         8123    1315        2006-09-16               13          107
#> 8568        24090    1192        2006-12-03               12           29
#> 8569        39389     606        2006-09-30                8           93
#> 8570        13194    1235        2006-08-15               11          139
#> 8571         4212     692        2005-08-04               11          515
#> 8572         7135     722        2006-09-03                8          120
#> 8573        10175    1104        2006-11-17               13           45
#> 8574        29722    1199        2006-08-03               12          151
#> 8575         6152     956        2006-11-03               11           59
#> 8576        18533    1636        2005-08-03               11          516
#> 8577        21865    1011        2006-09-18                9          105
#> 8578        33527    1345        2006-07-07               15          178
#> 8579        18649    1081        2006-06-26               11          189
#> 8580        24812    1093        2006-09-11                9          112
#> 8581        15272     133        2005-09-16                2          472
#> 8582         5458    1471        2006-10-19               13           74
#> 8583         1217     949        2006-10-24                9           69
#> 8584        12615     924        2006-07-16                9          169
#> 8585        11533    1225        2006-08-05               12          149
#> 8586        38012     302        2006-06-09                4          206
#> 8587        31819     802        2006-09-12                8          111
#> 8588        12492     754        2006-08-24                8          130
#> 8589        39550     773        2006-05-30               10          216
#> 8590        23783    1877        2006-05-23               14          223
#> 8591        27545     801        2006-08-08                9          146
#> 8592         8656    1185        2006-11-22               11           40
#> 8593        18890    1157        2006-11-06               12           56
#> 8594        24971    1233        2006-06-24               14          191
#> 8595        31017    1272        2006-08-05               10          149
#> 8596        38477     578        2005-06-05                7          575
#> 8597        36828    1076        2006-08-18               12          136
#> 8598        30619    1564        2006-10-10               14           83
#> 8599        32867     644        2005-10-23                7          435
#> 8600         9141     881        2006-02-20               11          315
#> 8601        27343     986        2006-07-19               11          166
#> 8602        34727    1688        2006-02-24               13          311
#> 8603        27565     925        2006-08-26                8          128
#> 8604         2510     395        2006-08-16                3          138
#> 8605        21359     250        2006-05-29                4          217
#> 8606        38574     434        2006-06-16                5          199
#> 8607        17046     483        2006-10-13                6           80
#> 8608        32266     988        2006-08-28               10          126
#> 8609        29682    1360        2006-05-27               17          219
#> 8610        19049     992        2006-09-11                9          112
#> 8611        21861     650        2006-09-11                7          112
#> 8612        38134    1314        2006-11-15               14           47
#> 8613        30042     337        2006-08-15                6          139
#> 8614         7098     714        2006-12-01                9           31
#> 8615        14181     380        2005-09-09                6          479
#> 8616        34602    1237        2006-05-21               12          225
#> 8617        30658     522        2006-09-24                6           99
#> 8618         1441     481        2006-12-05                6           27
#> 8619        39925    1307        2005-09-28               10          460
#> 8620        11496     776        2005-04-21                9          620
#> 8621         7090     947        2006-10-06               11           87
#> 8622        19074     523        2006-11-03                7           59
#> 8623        23040    1198        2006-08-24               11          130
#> 8624        17415     657        2006-11-29                8           33
#> 8625        22810    1836        2006-09-24               18           99
#> 8626        28987    1312        2006-09-01               11          122
#> 8627        38664     669        2006-12-22               10           10
#> 8628        31943    1072        2006-01-23               10          343
#> 8629        11287    1303        2006-11-03               11           59
#> 8630        28980     528        2005-07-01                5          549
#> 8631        16489     560        2006-08-27                7          127
#> 8632        27700     341        2006-07-12                6          173
#> 8633         8349    1041        2006-02-13               10          322
#> 8634        12477     977        2006-06-15               10          200
#> 8635        16199     598        2005-08-30                8          489
#> 8636        12776     732        2006-08-12                8          142
#> 8637        23291    1219        2006-08-12               13          142
#> 8638        25606     770        2006-03-10                9          297
#> 8639        10593    1577        2005-10-30               16          428
#> 8640        23636    1242        2006-10-31               11           62
#> 8641        30567     865        2006-07-23               11          162
#> 8642         3791     677        2006-09-12                9          111
#> 8643        22443     943        2006-09-23                9          100
#> 8644        28741     660        2006-09-06                8          117
#> 8645        30832    1153        2006-12-20               11           12
#> 8646        10618     956        2006-06-05               11          210
#> 8647        12983    1144        2006-08-28               10          126
#> 8648        17863     736        2006-04-23               10          253
#> 8649        32831     640        2005-11-03                5          424
#> 8650        21959     942        2005-09-22                7          466
#> 8651         6158     277        2006-04-23                4          253
#> 8652        25508     685        2006-04-02               10          274
#> 8653         5986    1468        2006-03-21               14          286
#> 8654         6569     528        2005-08-02                5          517
#> 8655        20002     880        2006-10-17                9           76
#> 8656         8647     942        2006-09-06               10          117
#> 8657         3558    1234        2006-07-19               14          166
#> 8658        23493     566        2006-07-05                6          180
#> 8659         3025     948        2006-07-10               10          175
#> 8660         6678    1280        2006-09-04               11          119
#> 8661         5650     310        2005-09-16                4          472
#> 8662        15022    1006        2006-09-16                8          107
#> 8663        20823    1216        2006-10-31               11           62
#> 8664         6212    1159        2006-09-14               13          109
#> 8665        22379    1047        2006-08-18               13          136
#> 8666        38913     537        2006-06-14                6          201
#> 8667        18614     952        2006-09-27               10           96
#> 8668        36269     551        2006-12-07                6           25
#> 8669         9789     671        2006-09-11                8          112
#> 8670        21911    1039        2006-12-01               10           31
#> 8671        13047    1244        2006-09-28               11           95
#> 8672        30237     721        2006-09-14                8          109
#> 8673        33028     284        2004-08-11                2          873
#> 8674         2969     432        2006-01-09                7          357
#> 8675         6350     857        2006-02-10               10          325
#> 8676        12874     851        2006-04-18               10          258
#> 8677        11948    1243        2006-11-17               11           45
#> 8678         3015     801        2006-02-16                7          319
#> 8679        27348    1028        2006-10-02                9           91
#> 8680        23029     540        2006-10-15                6           78
#> 8681          919     952        2006-09-10                9          113
#> 8682        28796    1436        2006-11-16               17           46
#> 8683        25771     921        2006-08-09               10          145
#> 8684        14243     938        2006-11-21               11           41
#> 8685        18133    1989        2006-09-23               21          100
#> 8686        14888     959        2006-10-09               10           84
#> 8687        21494     373        2006-09-17                6          106
#> 8688         4335    1915        2006-08-26               18          128
#> 8689        16647     815        2006-04-23                9          253
#> 8690        17270     305        2006-10-27                3           66
#> 8691        31934     731        2006-06-30                7          185
#> 8692        31016     773        2006-01-11                9          355
#> 8693        19152    1203        2006-06-13               11          202
#> 8694        18435     140        2004-12-22                1          740
#> 8695        34305     838        2006-10-09               12           84
#> 8696        21014     815        2006-02-08                9          327
#> 8697        13181     822        2006-04-11                9          265
#> 8698        19792     488        2005-11-15                7          412
#> 8699        26730    1208        2006-09-20               11          103
#> 8700        10931     303        2006-12-02                4           30
#> 8701        24701     752        2006-08-11                9          143
#> 8702        16089    1770        2006-07-13               15          172
#> 8703         2671     991        2006-08-25                9          129
#> 8704         3315    1416        2006-09-21               15          102
#> 8705         7176     488        2006-02-23                6          312
#> 8706        18300     687        2006-08-04                8          150
#> 8707         9521     834        2006-06-10               10          205
#> 8708        27860     963        2006-11-24               12           38
#> 8709        25366    1157        2006-10-24               10           69
#> 8710         2540     336        2006-08-08                7          146
#> 8711        12398    1254        2006-10-14               10           79
#> 8712        10026     687        2006-12-07                8           25
#> 8713        34129     802        2006-10-14                8           79
#> 8714        23918     642        2006-08-04                7          150
#> 8715         4364     664        2006-09-16                6          107
#> 8716        29286     468        2005-12-19                6          378
#> 8717        14279    1052        2006-11-14               12           48
#> 8718        32970     722        2005-07-21                5          529
#> 8719         8443     650        2006-03-18                8          289
#> 8720        12356    1083        2006-07-16               12          169
#> 8721        27010     708        2006-10-09                6           84
#> 8722          445    1782        2006-08-25               18          129
#> 8723        16338     831        2006-06-13                9          202
#> 8724        18243    1031        2006-07-21               10          164
#> 8725        17429     812        2006-04-21                8          255
#> 8726        35176     523        2006-10-24               10           69
#> 8727        17572     997        2006-10-06               10           87
#> 8728         4615     877        2006-08-24               14          130
#> 8729        36972     927        2006-02-25                8          310
#> 8730        18213    1018        2006-11-18               10           44
#> 8731         5835     588        2006-04-08                5          268
#> 8732        21445    1153        2006-12-02               11           30
#> 8733        39888     981        2006-08-25               11          129
#> 8734         5264     526        2006-08-29                7          125
#> 8735        35124    1444        2006-08-12               14          142
#> 8736        19691     604        2006-06-04                9          211
#> 8737         5837    1036        2006-11-18                8           44
#> 8738        27991    1696        2006-09-14               14          109
#> 8739          439     609        2006-04-24               10          252
#> 8740         1017     597        2006-10-13                6           80
#> 8741        26882     890        2006-09-09                8          114
#> 8742        12403    1380        2006-12-20               11           12
#> 8743        22737    1007        2006-07-28               11          157
#> 8744          818     583        2005-08-01                6          518
#> 8745         9429     473        2006-08-11                5          143
#> 8746        31355    1265        2006-10-16               11           77
#> 8747         1878     565        2006-05-03                7          243
#> 8748         6480     675        2006-09-10               11          113
#> 8749        33476     772        2006-10-29               12           64
#> 8750         8968     690        2006-08-11                8          143
#> 8751         7527     718        2006-07-09                7          176
#> 8752        20038    1135        2006-06-26                8          189
#> 8753         9857     699        2006-11-16                9           46
#> 8754        14952     860        2006-03-26               10          281
#> 8755        35597     808        2006-06-24                7          191
#> 8756        24188    1304        2006-09-19               12          104
#> 8757        11604     952        2005-09-01                8          487
#> 8758        20223     808        2006-09-25                8           98
#> 8759        11210     881        2006-10-23                9           70
#> 8760        36379    1508        2006-06-17               15          198
#> 8761        12664     726        2006-08-15                8          139
#> 8762        37114     950        2006-05-16                9          230
#> 8763        30215    1136        2006-06-28               10          187
#> 8764         8032    1259        2006-10-13               12           80
#> 8765        36671    1410        2006-07-12               12          173
#> 8766        29721     791        2006-09-22                8          101
#> 8767         5485     749        2005-10-19                8          439
#> 8768        31646    1036        2006-07-20                9          165
#> 8769        18304     649        2006-04-26                8          250
#> 8770        19041     706        2005-08-05                7          514
#> 8771        23981    1685        2006-10-24               16           69
#> 8772         6816     460        2006-08-07                6          147
#> 8773        16590     995        2005-10-04                7          454
#> 8774        17074     909        2006-09-10                9          113
#> 8775         5933    1892        2006-08-27               16          127
#> 8776        11452     506        2006-11-01                7           61
#> 8777        37993     619        2006-07-30                8          155
#> 8778        20561    1058        2006-12-15                9           17
#> 8779          405     494        2006-11-24                6           38
#> 8780        19885    1190        2006-10-20               11           73
#> 8781        31804     885        2006-03-13                9          294
#> 8782         7617    1542        2006-07-04               15          181
#> 8783        20536     911        2006-07-04                8          181
#> 8784        39559    1369        2006-11-28               15           34
#> 8785        21678    1207        2006-11-11               14           51
#> 8786        34905     662        2006-02-22                8          313
#> 8787        10644    1052        2006-11-04               11           58
#> 8788        16028    1760        2006-11-05               16           57
#> 8789        33564     934        2005-12-07               10          390
#> 8790        11112     622        2006-06-03                8          212
#> 8791         8564    1045        2006-07-22               11          163
#> 8792        24016     880        2006-11-13               13           49
#> 8793        38324    1473        2006-07-29               12          156
#> 8794        30724    1556        2006-08-04               13          150
#> 8795        12402     879        2006-11-15                8           47
#> 8796         7570     995        2006-12-06               12           26
#> 8797        20216    1259        2006-07-02               13          183
#> 8798        29471     936        2006-11-28               10           34
#> 8799        30646     949        2005-10-01               11          457
#> 8800        16964    1140        2006-09-15               13          108
#> 8801        25349     522        2006-07-24                5          161
#> 8802        30687    1051        2005-11-12                9          415
#> 8803        25564     884        2005-10-24               10          434
#> 8804        10622     669        2005-11-16                7          411
#> 8805        26723    1005        2006-07-18               12          167
#> 8806         2481     827        2006-09-24                7           99
#> 8807        33008    1167        2006-11-21               12           41
#> 8808         2939    1326        2006-09-23               14          100
#> 8809        22535    1194        2006-09-08               10          115
#> 8810        11825     572        2006-07-01                4          184
#> 8811        10126    1165        2006-08-05               14          149
#> 8812        36779     862        2006-04-22                7          254
#> 8813         4000    1472        2006-06-23               13          192
#> 8814          521     186        2006-09-18                5          105
#> 8815        34933     323        2006-02-16                5          319
#> 8816        13062    1267        2006-09-06               12          117
#> 8817         4470    1079        2006-10-11               10           82
#> 8818         9991    1016        2006-08-07               13          147
#> 8819        14434    1025        2006-04-30               10          246
#> 8820        21061    1181        2006-12-30               12            2
#> 8821        33590    1232        2006-03-08               11          299
#> 8822        31308    1015        2006-04-06               11          270
#> 8823        10552     583        2006-02-07                6          328
#> 8824         7774     970        2006-05-06                8          240
#> 8825        28336    1104        2006-11-30               10           32
#> 8826        34699     932        2005-11-16               12          411
#> 8827        37771    1330        2006-12-24               13            8
#> 8828        10484     626        2006-08-03                8          151
#> 8829          609     517        2006-09-09                6          114
#> 8830         2092     971        2006-12-25                8            7
#> 8831        31608     961        2006-07-16                7          169
#> 8832        12575     552        2006-03-17                6          290
#> 8833        11657     882        2005-11-04                7          423
#> 8834         2269     659        2006-06-25                6          190
#> 8835        20274     719        2006-08-28                6          126
#> 8836        22747    1107        2006-06-21               10          194
#> 8837         2887    1437        2005-12-28               12          369
#> 8838         8793     425        2006-09-30                4           93
#> 8839        26035    1453        2006-06-22               14          193
#> 8840        17189     985        2006-05-29                8          217
#> 8841        15880    1179        2006-03-02               11          305
#> 8842         4646    1367        2006-11-25               14           37
#> 8843        32423     489        2006-08-20                7          134
#> 8844          911     259        2006-11-21                3           41
#> 8845        15521     907        2006-07-05               10          180
#> 8846        35609     948        2006-11-29                9           33
#> 8847        13184    1024        2006-07-08               11          177
#> 8848         5413     890        2006-07-01                9          184
#> 8849        38712    1073        2006-07-17               13          168
#> 8850        37515    1401        2006-07-11               12          174
#> 8851        28653     761        2006-04-07                9          269
#> 8852        38019     317        2005-10-16                4          442
#> 8853        30113    1082        2006-12-18               10           14
#> 8854        39275     852        2006-08-14               10          140
#> 8855        38328     640        2006-08-20                8          134
#> 8856        16825    1425        2006-08-23               16          131
#> 8857        16744    1007        2006-10-29               12           64
#> 8858        32738    1494        2006-12-09               11           23
#> 8859          765    1565        2006-11-14               14           48
#> 8860        30437     525        2006-09-03                7          120
#> 8861        22558     701        2005-10-08                6          450
#> 8862        32045    2110        2006-12-17               19           15
#> 8863        11715     747        2006-11-19                7           43
#> 8864        34058     954        2006-08-31                8          123
#> 8865        10759     657        2006-11-11                9           51
#> 8866        26262    1014        2006-04-27                8          249
#> 8867         1163     844        2006-09-24                8           99
#> 8868        23612     658        2006-09-03                9          120
#> 8869         6959     994        2006-12-30               11            2
#> 8870         5179     659        2006-04-14                8          262
#> 8871         2228     747        2006-12-18                9           14
#> 8872        11716     992        2006-09-28                7           95
#> 8873        25849     597        2005-12-29                8          368
#> 8874        21548     782        2006-09-26                9           97
#> 8875        33733     864        2006-11-01                9           61
#> 8876         7443     661        2006-09-04                8          119
#> 8877        31854    1129        2006-09-02               14          121
#> 8878         4027    1012        2005-12-24                9          373
#> 8879        20818     856        2006-08-27                9          127
#> 8880        19350     922        2006-01-03               10          363
#> 8881        35185     919        2006-05-30               13          216
#> 8882        33741    1071        2006-08-19               14          135
#> 8883        23433     769        2006-10-02               10           91
#> 8884        31433    1417        2006-08-30               12          124
#> 8885        34482     981        2006-12-16               11           16
#> 8886        29204     634        2006-05-30                8          216
#> 8887        26164     279        2005-12-13                5          384
#> 8888         2839    1476        2006-07-02               15          183
#> 8889        29850     599        2006-07-26                8          159
#> 8890         1142     474        2006-08-20                5          134
#> 8891        24946    1533        2005-11-01               13          426
#> 8892        34119    1024        2006-08-22               12          132
#> 8893        37118     999        2006-08-14               10          140
#> 8894         6573     866        2006-06-04                7          211
#> 8895        25193    1185        2006-12-02               15           30
#> 8896        21690    1122        2006-04-26                9          250
#> 8897        34949     867        2006-08-16               10          138
#> 8898        20808     473        2006-08-10                5          144
#> 8899        33706     689        2006-04-20                8          256
#> 8900         7674     879        2006-10-08               10           85
#> 8901        14260    1352        2006-08-13               14          141
#> 8902         4089    1407        2006-10-14               16           79
#> 8903        21733     658        2006-06-30                9          185
#> 8904        28703     877        2006-08-16               11          138
#> 8905        16158    1197        2006-08-02               10          152
#> 8906         6371     433        2006-10-24                9           69
#> 8907        33888    1649        2006-07-12               14          173
#> 8908        11729     889        2006-10-31                7           62
#> 8909        14610    1374        2006-11-17               15           45
#> 8910        13474    1299        2006-01-30               11          336
#> 8911        19185    1096        2006-10-16               10           77
#> 8912        28591     864        2006-01-24               13          342
#> 8913        34009    1035        2006-08-10               12          144
#> 8914        38649     218        2005-10-30                4          428
#> 8915        22446     787        2006-03-09                7          298
#> 8916        11311    1042        2006-06-05               11          210
#> 8917         7388     978        2006-08-29                9          125
#> 8918        37425     901        2006-08-17               11          137
#> 8919        20369     189        2005-11-26                4          401
#> 8920        15757     758        2006-12-18                8           14
#> 8921        36114     958        2006-10-16                9           77
#> 8922         7316    1024        2006-10-10               11           83
#> 8923         5378     819        2006-09-18               12          105
#> 8924        26766     923        2006-06-11                9          204
#> 8925         9080     541        2006-06-07                8          208
#> 8926        32835    1173        2006-05-20                9          226
#> 8927        14859     809        2006-07-11                8          174
#> 8928        12521     965        2006-12-02               12           30
#> 8929        20671    1548        2006-09-21               14          102
#> 8930         6453     963        2006-11-19               11           43
#> 8931        17611     269        2006-04-14                4          262
#> 8932        17740     808        2006-09-09               10          114
#> 8933        15068    1171        2005-10-31               10          427
#> 8934        13759    1169        2006-08-02               12          152
#> 8935        22565     648        2006-10-28               10           65
#> 8936        22931    1489        2006-07-13               12          172
#> 8937        32861    1255        2006-07-13               11          172
#> 8938        13500    1012        2006-10-03                9           90
#> 8939         6661    1249        2006-06-14               12          201
#> 8940         5679     685        2006-12-04                5           28
#> 8941        29672     644        2006-11-13                8           49
#> 8942         4128     971        2006-10-13               10           80
#> 8943         4704     428        2005-07-17                7          533
#> 8944         3017    1082        2005-11-21               10          406
#> 8945        12894    1148        2006-09-17               14          106
#> 8946        11522    1393        2006-11-22               12           40
#> 8947        34612     392        2005-10-31                7          427
#> 8948        32341    1009        2006-11-30               10           32
#> 8949         1342     908        2005-08-07                8          512
#> 8950        27441     388        2006-10-21                5           72
#> 8951        22703    1003        2006-08-15               10          139
#> 8952         3808    1176        2005-12-30               12          367
#> 8953        19613    1057        2006-06-08               10          207
#> 8954        24296    1543        2006-10-22               13           71
#> 8955        31605     886        2005-08-30                9          489
#> 8956        14030     739        2006-11-22                8           40
#> 8957        27289     834        2006-03-24                9          283
#> 8958         7369     902        2006-09-05                7          118
#> 8959        12277     794        2006-12-27               10            5
#> 8960        24587    1110        2006-09-11                8          112
#> 8961        27576     985        2006-02-18                9          317
#> 8962         2623     585        2005-10-30                7          428
#> 8963         2471     707        2006-07-20                6          165
#> 8964        30072    1112        2006-07-03               11          182
#> 8965        34391     700        2006-08-09                8          145
#> 8966        15122    1035        2006-09-22                8          101
#> 8967        11239    1110        2006-01-26               14          340
#> 8968        37257    1483        2006-10-26               15           67
#> 8969        32616     700        2006-07-26                7          159
#> 8970         6890     807        2006-04-14                6          262
#> 8971        37686     530        2006-02-07                5          328
#> 8972        15818     981        2006-10-10               12           83
#> 8973        15235     749        2006-11-10                9           52
#> 8974        27840     827        2006-03-06               10          301
#> 8975         8572    1027        2006-10-12               12           81
#> 8976        18919     389        2005-07-02                4          548
#> 8977        25953     701        2006-07-06                8          179
#> 8978        38396    1296        2005-10-31                9          427
#> 8979            3    1194        2006-08-11               13          143
#> 8980        17160    1029        2006-04-22               10          254
#> 8981         3725     972        2005-08-24               11          495
#> 8982        19368     573        2006-01-01                8          365
#> 8983        38575    1068        2006-08-14               11          140
#> 8984        28280     699        2006-11-15                9           47
#> 8985        14645     639        2006-07-06                6          179
#> 8986        20399    1217        2005-09-05               11          483
#> 8987        36508     654        2006-10-05                8           88
#> 8988         4660    1146        2006-10-22               11           71
#> 8989        26859    1578        2006-07-26               15          159
#> 8990        37590     949        2006-03-22               10          285
#> 8991        36609    1311        2006-11-09               15           53
#> 8992        10012     860        2006-05-13                8          233
#> 8993        12211     675        2005-08-14                7          505
#> 8994        30433    1221        2006-11-02               15           60
#> 8995        23184     663        2006-09-03                9          120
#> 8996         6660    1007        2006-09-23                8          100
#> 8997        29487     815        2006-09-03               10          120
#> 8998        25376     942        2006-08-29                9          125
#> 8999        27381    1008        2006-09-13               10          110
#> 9000        17002    1177        2006-08-29               10          125
#> 9001        11810    1311        2006-08-18               13          136
#> 9002         9798     602        2005-10-24                6          434
#> 9003        21717    1113        2006-07-27               12          158
#> 9004         9094     539        2006-12-02                7           30
#> 9005        27882     832        2006-09-15                8          108
#> 9006         3377    1023        2006-07-01               11          184
#> 9007        18929     569        2006-04-04               10          272
#> 9008        25770     758        2006-07-29               10          156
#> 9009        24456     917        2006-07-03                9          182
#> 9010        29320     690        2005-09-21               10          467
#> 9011         9133     539        2006-06-26                5          189
#> 9012        18928    1081        2006-10-02               12           91
#> 9013        27062    1239        2006-06-20               11          195
#> 9014        21239     839        2006-07-31                8          154
#> 9015        10016    1054        2006-09-30               10           93
#> 9016        35633     801        2006-10-22                8           71
#> 9017        27619    1326        2006-07-04               11          181
#> 9018        17619     804        2006-09-23                8          100
#> 9019        23462    1455        2006-08-18               15          136
#> 9020        16512     688        2006-03-18                7          289
#> 9021         7013     630        2006-04-16                9          260
#> 9022        37976     876        2006-11-11                8           51
#> 9023        20583    1278        2006-08-14               11          140
#> 9024        35764     681        2006-12-15                5           17
#> 9025        31803    1019        2006-10-20               13           73
#> 9026        14942    1230        2006-04-22               13          254
#> 9027        11780     777        2006-07-03                7          182
#> 9028        32810    1385        2006-01-10               13          356
#> 9029        19064     520        2006-03-23                6          284
#> 9030        23917     676        2006-11-11                9           51
#> 9031        25195     817        2006-10-26               10           67
#> 9032        22547     474        2006-07-28                6          157
#> 9033        37783    1121        2006-09-25               11           98
#> 9034        24687    1239        2006-11-02               14           60
#> 9035        37951    1322        2006-09-24               12           99
#> 9036         1349    1116        2006-12-10               12           22
#> 9037        21367     694        2006-06-20                8          195
#> 9038         1883     671        2005-12-03                6          394
#> 9039         9695     979        2006-09-18               10          105
#> 9040        36786    1348        2006-09-17               12          106
#> 9041        26877     511        2005-10-10                4          448
#> 9042        25326     765        2006-10-24                6           69
#> 9043        25519     469        2006-11-18               10           44
#> 9044        16603     858        2005-12-18                7          379
#> 9045        11040     671        2005-09-09                7          479
#> 9046        16361    1001        2006-06-03               14          212
#> 9047        21716     343        2006-07-31                6          154
#> 9048          561    1175        2006-12-11               11           21
#> 9049        27687    1491        2006-09-23               15          100
#> 9050        29071     900        2006-03-08               10          299
#> 9051        17783     634        2006-10-18                9           75
#> 9052        30175    1001        2006-11-28                7           34
#> 9053        28666     557        2006-06-09                5          206
#> 9054         2000    2030        2006-05-17               17          229
#> 9055          917     879        2006-07-25                9          160
#> 9056        17159    1328        2006-10-10               11           83
#> 9057        20665    1085        2006-10-05               10           88
#> 9058        12936     582        2006-02-07                8          328
#> 9059        32446    1144        2006-10-07               14           86
#> 9060        25873    1702        2006-09-23               15          100
#> 9061         7156     981        2006-07-23                7          162
#> 9062         8513    1643        2006-07-17               17          168
#> 9063        24457     819        2006-12-04                8           28
#> 9064        18079    1073        2006-10-31               13           62
#> 9065         7793     807        2006-06-16               11          199
#> 9066        20341     680        2006-02-07                6          328
#> 9067        30691     866        2006-10-30                9           63
#> 9068        30806    1121        2006-10-04               12           89
#> 9069        31224    1202        2006-06-18               12          197
#> 9070         8741    1123        2006-09-05               12          118
#> 9071        13867    1051        2006-12-02                9           30
#> 9072         9989     900        2006-10-22                7           71
#> 9073        28926    1246        2006-07-16                9          169
#> 9074        18254     777        2006-04-23                6          253
#> 9075        29671     872        2006-07-03               11          182
#> 9076         6297     823        2005-08-12                9          507
#> 9077        30683     742        2006-07-01                8          184
#> 9078         2296    1426        2006-05-22               13          224
#> 9079         3973    1018        2006-06-18               11          197
#> 9080        22453    2415        2006-06-14               22          201
#> 9081         3457     632        2006-09-23                8          100
#> 9082         7967     437        2005-12-26                6          371
#> 9083        39772     800        2006-06-08               11          207
#> 9084        29659     633        2006-09-21               10          102
#> 9085         2774     624        2005-11-20                8          407
#> 9086        38268     719        2006-10-28               11           65
#> 9087        34261    1091        2006-08-02                9          152
#> 9088        12275    1444        2006-07-21               11          164
#> 9089        39202    1049        2006-08-29                9          125
#> 9090        27051    1140        2006-09-02               11          121
#> 9091        35954     491        2006-07-26                7          159
#> 9092        10190     948        2006-10-17               11           76
#> 9093        16006    1180        2006-09-05               11          118
#> 9094        25779    1148        2006-12-25               13            7
#> 9095         1504    1525        2006-02-25               14          310
#> 9096        34310     983        2006-09-27               11           96
#> 9097        10998    1112        2005-11-08                9          419
#> 9098        12292     900        2006-08-20                8          134
#> 9099         2644     384        2006-05-09                6          237
#> 9100         5653    1227        2005-11-01               11          426
#> 9101        38843     883        2006-11-30                8           32
#> 9102        21013     500        2006-09-23                7          100
#> 9103        22498    1271        2006-05-21               11          225
#> 9104        29754    1349        2006-07-31               12          154
#> 9105        18318    1851        2006-11-21               15           41
#> 9106        13024     725        2006-12-12                8           20
#> 9107        22792    1149        2006-10-06               13           87
#> 9108        31360     995        2006-05-08                8          238
#> 9109        37142     842        2006-10-29                9           64
#> 9110        27121     894        2006-10-11                9           82
#> 9111        26011     945        2006-08-06                9          148
#> 9112        29184     720        2006-11-23                7           39
#> 9113         5193    1023        2006-06-07               10          208
#> 9114        17496    2271        2006-12-10               18           22
#> 9115        24952     560        2006-08-12                8          142
#> 9116        32110    1103        2006-10-07                9           86
#> 9117         8646     930        2006-05-15               12          231
#> 9118        35135    1318        2005-12-10               14          387
#> 9119        39649     593        2006-09-09               11          114
#> 9120        36585     149        2006-09-15                4          108
#> 9121        27101     654        2006-11-07                6           55
#> 9122        10812    1156        2006-12-13               12           19
#> 9123         8914     533        2006-06-01                8          214
#> 9124        10263     505        2006-07-16               10          169
#> 9125        16405     754        2006-12-17               12           15
#> 9126        25717    1214        2006-10-09               12           84
#> 9127        21622     964        2006-08-06               10          148
#> 9128        34245     764        2006-03-03                7          304
#> 9129        16074     834        2006-11-15                8           47
#> 9130        37480     615        2006-08-18                6          136
#> 9131         5054    1009        2006-07-25                9          160
#> 9132         6636     909        2006-08-10               12          144
#> 9133         9520     571        2005-11-04                6          423
#> 9134        15231    1177        2006-09-20               10          103
#> 9135         5757    1033        2006-09-16               14          107
#> 9136        21659     763        2005-12-08                6          389
#> 9137        20760     722        2006-11-21                8           41
#> 9138        36871     732        2006-07-21                9          164
#> 9139        10495     887        2006-04-21                7          255
#> 9140        13806     608        2006-10-11                6           82
#> 9141        24444     726        2006-09-12                8          111
#> 9142         5177     297        2005-10-20                5          438
#> 9143        15109    1168        2006-08-27               13          127
#> 9144        35969     981        2006-01-14               11          352
#> 9145        22449     976        2006-07-07               10          178
#> 9146         2231     913        2006-07-10               10          175
#> 9147        10420    1167        2006-12-23               11            9
#> 9148        18416    1095        2006-11-23               11           39
#> 9149         2899    1600        2006-10-04               14           89
#> 9150        24247     368        2006-09-16                6          107
#> 9151         2145     263        2006-06-04                4          211
#> 9152         4072    1563        2006-09-27               16           96
#> 9153        22705     926        2006-02-01                7          334
#> 9154        36898    1100        2006-12-03               13           29
#> 9155        39408     891        2006-11-30                8           32
#> 9156        18503    1515        2006-11-18               19           44
#> 9157        23122     853        2005-11-16               10          411
#> 9158        32513    1091        2006-07-14               13          171
#> 9159        11448     705        2005-10-19                9          439
#> 9160        28714    1196        2006-10-21               12           72
#> 9161        20927    1625        2006-03-23               16          284
#> 9162         7164    1263        2006-11-02               14           60
#> 9163        39877     507        2005-11-16                5          411
#> 9164        37491     950        2006-12-15                9           17
#> 9165        21637     928        2006-07-02                8          183
#> 9166        17025     973        2006-07-10                9          175
#> 9167         7743     723        2006-07-14                8          171
#> 9168        25080     897        2006-10-06                9           87
#> 9169        29282     535        2006-07-29                8          156
#> 9170        28175     377        2006-07-13                5          172
#> 9171        39110     482        2005-06-12                5          568
#> 9172        17686    1296        2005-10-24               11          434
#> 9173        36507    1865        2006-06-28               14          187
#> 9174        20098     869        2006-06-16                8          199
#> 9175        24584    1372        2006-01-27               10          339
#> 9176        36217     697        2006-02-08                9          327
#> 9177         1323     954        2006-12-22               11           10
#> 9178        29299     496        2005-09-18                5          470
#> 9179        23598    1125        2006-08-13               12          141
#> 9180        33293     458        2006-10-09                7           84
#> 9181        13768     963        2006-09-22               11          101
#> 9182        30224     748        2005-10-15                7          443
#> 9183        24187     554        2005-08-30                9          489
#> 9184          883     745        2006-11-23               10           39
#> 9185        33879     762        2006-06-18                9          197
#> 9186        38706    1318        2006-06-10               11          205
#> 9187        30394    1523        2006-09-07               18          116
#> 9188        28136     747        2006-08-26                8          128
#> 9189        15562     611        2006-04-13                9          263
#> 9190        31899     872        2006-05-25                9          221
#> 9191         5959     875        2005-12-20                8          377
#> 9192        16947     672        2005-12-11                8          386
#> 9193        37362    1061        2006-11-02               11           60
#> 9194        19121     479        2005-09-15                6          473
#> 9195        10200     618        2006-10-03                6           90
#> 9196        39909    1140        2005-11-07               16          420
#> 9197        30062    1017        2006-09-18               10          105
#> 9198         9905     696        2006-06-23                9          192
#> 9199        20413    1349        2006-12-22               15           10
#> 9200        28604     621        2006-10-24                9           69
#> 9201        28565    1190        2006-09-24               11           99
#> 9202        31166     946        2006-11-22               11           40
#> 9203        19999    1268        2006-11-25               14           37
#> 9204        31452     583        2006-07-02                7          183
#> 9205        36596    1995        2006-10-09               19           84
#> 9206         9621    1180        2006-05-01               12          245
#> 9207        36905     666        2006-09-06                7          117
#> 9208        27803    1116        2006-08-09               10          145
#> 9209        22900     891        2006-05-04               10          242
#> 9210        14806     867        2006-07-22                9          163
#> 9211        19111     464        2005-12-04                8          393
#> 9212        36774     863        2006-05-10                7          236
#> 9213        27588    1236        2006-03-08               11          299
#> 9214         8270     483        2006-05-20                6          226
#> 9215         2966     754        2006-12-16               10           16
#> 9216        28095     819        2006-07-23                9          162
#> 9217         3046     793        2006-03-14                5          293
#> 9218         4940     793        2006-08-25               12          129
#> 9219        39205     893        2006-05-11               10          235
#> 9220         5744    1291        2006-11-01               11           61
#> 9221        26551     819        2006-10-12                8           81
#> 9222        11025     658        2006-08-18                9          136
#> 9223          908     371        2005-06-16                6          564
#> 9224        37148     733        2005-12-19                7          378
#> 9225         4879     784        2006-07-29                8          156
#> 9226        22495     811        2006-10-11               10           82
#> 9227        31010    1139        2006-06-05               11          210
#> 9228        35809    1010        2006-09-14                8          109
#> 9229        39009    1035        2006-12-07               13           25
#> 9230        13428     733        2006-11-28               11           34
#> 9231        13349    1693        2006-12-03               18           29
#> 9232        37785    1282        2006-08-22               13          132
#> 9233        29860    1003        2006-10-03                9           90
#> 9234        36319     689        2006-03-06                6          301
#> 9235        39537     758        2005-12-18                7          379
#> 9236         1973     507        2005-11-24                8          403
#> 9237        33922     746        2006-07-10                7          175
#> 9238        36812    1185        2006-12-16               14           16
#> 9239        20148    1173        2006-10-01               14           92
#> 9240        33267     350        2006-06-18                8          197
#> 9241        31300     576        2006-06-08                8          207
#> 9242        33848    1044        2005-07-30               11          520
#> 9243        25846     226        2006-09-29                4           94
#> 9244        14512    1570        2006-08-15               16          139
#> 9245        39436     749        2006-06-22                8          193
#> 9246        38592    1020        2006-09-08               10          115
#> 9247        13499    1086        2006-09-06               11          117
#> 9248        37793    1072        2006-12-11               10           21
#> 9249        19840     512        2006-10-07                5           86
#> 9250        27981    1317        2005-11-21               11          406
#> 9251        26218     992        2006-09-28               10           95
#> 9252        10918     362        2006-09-02                6          121
#> 9253        34435    1156        2006-10-11               19           82
#> 9254        13929     862        2006-10-08               10           85
#> 9255        21723    1486        2006-10-29               16           64
#> 9256         6161     418        2005-11-27                7          400
#> 9257        37998     888        2006-11-18                9           44
#> 9258        10445    1396        2006-07-01               11          184
#> 9259        30780    1196        2006-10-02               13           91
#> 9260        24467    1373        2006-10-15               13           78
#> 9261        29251    1558        2005-09-23               15          465
#> 9262        24572     968        2005-11-01               12          426
#> 9263        29481     807        2006-09-18                8          105
#> 9264        18222     963        2006-11-17               11           45
#> 9265        12401     954        2006-10-10               11           83
#> 9266        15916     927        2006-09-30               11           93
#> 9267        30475     238        2006-03-08                5          299
#> 9268        27477    1161        2006-09-27               10           96
#> 9269        39232    1024        2005-11-01               10          426
#> 9270        23586     939        2006-08-20                8          134
#> 9271        19161     990        2006-10-03               11           90
#> 9272        35957     413        2006-06-18                7          197
#> 9273        13018    1163        2006-04-02               12          274
#> 9274        14184    1337        2006-08-08               13          146
#> 9275        19413     540        2005-12-20                9          377
#> 9276         8807     476        2005-12-24                6          373
#> 9277        18742     358        2006-10-07                6           86
#> 9278        28457     551        2005-06-15                5          565
#> 9279        19305     810        2006-09-25               10           98
#> 9280        17180    1738        2006-09-09               18          114
#> 9281        19695    1089        2006-12-14               15           18
#> 9282        12563     979        2006-07-21               11          164
#> 9283        12627    1637        2006-07-17               16          168
#> 9284        21154    1294        2005-09-11               13          477
#> 9285          717    1397        2006-09-07               16          116
#> 9286         6961    1842        2006-12-16               18           16
#> 9287        38454    1031        2005-10-21               12          437
#> 9288         6822     914        2006-11-10                9           52
#> 9289        39783     673        2006-07-14                8          171
#> 9290          463     735        2006-07-10                6          175
#> 9291        26317     446        2006-05-30                4          216
#> 9292        21305     879        2006-08-31               11          123
#> 9293        24592     952        2006-06-10                9          205
#> 9294         9716     748        2006-09-08                7          115
#> 9295        13951    1396        2006-10-25               14           68
#> 9296        12123    1645        2006-08-08               16          146
#> 9297        23274     978        2006-11-22               10           40
#> 9298        38353     675        2006-02-17                7          318
#> 9299        18521     446        2006-05-11                4          235
#> 9300        29558    1468        2006-08-20               12          134
#> 9301        31147     810        2006-10-23               11           70
#> 9302        10353     798        2005-11-22                9          405
#> 9303         7404    1200        2006-06-27               12          188
#> 9304         4421     789        2006-09-18                8          105
#> 9305         1536    1388        2006-09-02               15          121
#> 9306        32555    1132        2006-09-09                8          114
#> 9307         1593     872        2006-09-03               14          120
#> 9308        17637     915        2006-10-30               10           63
#> 9309        17599    1101        2006-08-02               12          152
#> 9310          590     500        2005-11-15                7          412
#> 9311        20096    1038        2006-09-01               11          122
#> 9312        15422    1098        2006-11-20               13           42
#> 9313         9434     822        2006-08-04               12          150
#> 9314         6231    1377        2006-07-25               12          160
#> 9315        25491    1305        2006-03-08               12          299
#> 9316        11662     602        2006-08-29                7          125
#> 9317        11814     621        2006-07-20                9          165
#> 9318        20926     749        2005-11-27                9          400
#> 9319        34610     893        2006-06-02                7          213
#> 9320         5694     667        2006-06-25                6          190
#> 9321         3907    1063        2006-10-22               11           71
#> 9322         6464     782        2006-11-16                8           46
#> 9323        34966     499        2006-06-18                5          197
#> 9324        23295    1414        2006-11-29               14           33
#> 9325         7500     777        2006-10-26                7           67
#> 9326        26857    1133        2006-11-13               11           49
#> 9327         8549     821        2005-09-09                8          479
#> 9328        22648     581        2006-03-30                9          277
#> 9329        24794     722        2006-11-02                9           60
#> 9330         4035    1243        2006-07-25                9          160
#> 9331         5749     768        2006-07-27                7          158
#> 9332        27837    1242        2006-08-26               11          128
#> 9333         9853    1235        2006-06-21               16          194
#> 9334         8679     654        2006-03-04                6          303
#> 9335        36795     738        2006-10-27                9           66
#> 9336        25215    1130        2006-08-18                9          136
#> 9337         3322    1037        2006-05-31               11          215
#> 9338        10035     595        2006-10-25                8           68
#> 9339         1254     846        2006-05-11               11          235
#> 9340        10953     480        2006-05-24                3          222
#> 9341        29209     610        2006-09-24                7           99
#> 9342        17616    1112        2006-10-12               12           81
#> 9343        36755    1176        2006-12-02               12           30
#> 9344        29096     683        2006-07-23                7          162
#> 9345        26941     612        2006-04-20               10          256
#> 9346        31331     971        2006-10-12               10           81
#> 9347        38179    1367        2006-05-11               12          235
#> 9348        38562     847        2006-07-20                8          165
#> 9349        29309     831        2006-07-03               12          182
#> 9350        18007     869        2006-07-28               10          157
#> 9351        12639     743        2006-06-18                8          197
#> 9352        27606     801        2006-08-02               11          152
#> 9353          846     381        2006-01-28                5          338
#> 9354        27644     737        2006-06-10                8          205
#> 9355        34125     775        2006-06-17                8          198
#> 9356        16951     521        2006-08-13                8          141
#> 9357        33610     736        2006-02-21                8          314
#> 9358        38857    1572        2006-08-01               15          153
#> 9359          944     980        2006-06-16                8          199
#> 9360        35759     883        2006-08-11                9          143
#> 9361        38138     672        2005-12-28                6          369
#> 9362        39921     500        2006-07-20                7          165
#> 9363        13610     899        2006-07-01               11          184
#> 9364         1244     287        2005-07-13                4          537
#> 9365        33171     751        2006-08-07               12          147
#> 9366        16363     744        2006-08-20                7          134
#> 9367        38260     662        2006-10-27                8           66
#> 9368        15289    1336        2006-06-13               13          202
#> 9369        39648    1116        2006-11-21               14           41
#> 9370        16739     624        2006-10-03                8           90
#> 9371        18808    1090        2006-10-06               11           87
#> 9372        16399     513        2006-05-13                8          233
#> 9373        13471    1337        2006-01-16               15          350
#> 9374        27623    1438        2006-10-10               13           83
#> 9375        33844     837        2006-10-02               12           91
#> 9376        15079    1176        2006-11-04                9           58
#> 9377        16428    1332        2006-06-03               13          212
#> 9378        13874     945        2006-10-25               12           68
#> 9379        14192     994        2006-07-07               10          178
#> 9380        17274    1070        2006-03-02               12          305
#> 9381        18229     806        2006-07-10               11          175
#> 9382        31880     498        2005-07-12                4          538
#> 9383        21996     956        2006-09-14               12          109
#> 9384        38112     979        2006-04-19               10          257
#> 9385        38580    1009        2006-10-26               10           67
#> 9386         1383    1349        2006-03-22               10          285
#> 9387        17388    1119        2006-09-03               12          120
#> 9388        29943    1035        2006-06-03               10          212
#> 9389         5312     418        2006-02-15                5          320
#> 9390        39795     713        2005-09-14                8          474
#> 9391        39012     793        2006-06-25                6          190
#> 9392        16818     889        2006-09-27               12           96
#> 9393        16763    1306        2006-11-08               13           54
#> 9394        15359    1271        2006-06-02               10          213
#> 9395        12831     499        2005-10-03                6          455
#> 9396        32215    2593        2006-09-08               23          115
#> 9397        39066     709        2006-08-15                8          139
#> 9398        37056     837        2006-08-06                8          148
#> 9399        25395    1672        2006-10-04               16           89
#> 9400        17880    1291        2006-12-17               15           15
#> 9401         1913    1604        2006-10-27               14           66
#> 9402        27444     870        2006-07-06                9          179
#> 9403        29346    1237        2006-10-20               11           73
#> 9404        38085     553        2006-02-06                6          329
#> 9405        36313     676        2006-05-12                8          234
#> 9406        36391     722        2005-08-02               10          517
#> 9407        39241    1111        2006-07-25               12          160
#> 9408         8255    1034        2006-11-16                8           46
#> 9409        22461    1024        2005-11-16               10          411
#> 9410         1924    1387        2006-12-18               13           14
#> 9411         6187    1640        2006-11-07               13           55
#> 9412        29074    1079        2006-05-29               10          217
#> 9413        23099     522        2006-08-14                6          140
#> 9414         4007    1601        2006-08-08               13          146
#> 9415         5407     523        2006-09-07                5          116
#> 9416         4816    2134        2006-11-11               23           51
#> 9417        35895     897        2006-08-06                9          148
#> 9418        35315     809        2006-07-01                8          184
#> 9419         9817     983        2005-12-30                8          367
#> 9420          368    1079        2006-05-12               11          234
#> 9421        20994     967        2006-10-06               10           87
#> 9422         2073     882        2006-11-21                9           41
#> 9423        32667    1161        2006-07-19               13          166
#> 9424        25899    1498        2006-08-12               16          142
#> 9425        20190    1166        2006-12-22               11           10
#> 9426        12620    1266        2006-11-17               11           45
#> 9427         3658     901        2006-07-18               12          167
#> 9428        38409     683        2006-11-23                9           39
#> 9429        25437     637        2006-06-24                8          191
#> 9430         9788    1730        2006-08-14               15          140
#> 9431        15485     824        2006-05-07                8          239
#> 9432         3955    1219        2006-08-07               12          147
#> 9433        15588     920        2006-05-25                9          221
#> 9434        15894     858        2006-08-07               11          147
#> 9435        17210     705        2006-10-15                9           78
#> 9436        11979     633        2006-09-25                8           98
#> 9437         2113    1081        2006-08-21               10          133
#> 9438         5497     511        2006-06-29                8          186
#> 9439        15264    1253        2006-07-25               15          160
#> 9440        31528     567        2006-08-09                6          145
#> 9441        21126     602        2005-08-17                6          502
#> 9442         1788    1374        2006-12-04               13           28
#> 9443        16565     601        2006-08-01                8          153
#> 9444         2501     728        2006-10-11                9           82
#> 9445         1095     955        2005-11-09                9          418
#> 9446        16101     747        2006-11-09               10           53
#> 9447        24987    1064        2006-08-17               10          137
#> 9448         7754    1084        2005-11-28                8          399
#> 9449        27427     706        2005-10-12                7          446
#> 9450        19415     836        2006-12-17               11           15
#> 9451        25021    1309        2006-08-21               13          133
#> 9452         4759     670        2006-05-11                6          235
#> 9453        30403     728        2006-08-22                8          132
#> 9454        28326    1611        2006-10-06               15           87
#> 9455        13530     831        2006-02-28                8          307
#> 9456        25738     916        2006-05-03                8          243
#> 9457        19086    1424        2006-07-19               10          166
#> 9458        21538    1413        2006-08-09               11          145
#> 9459        37760    1168        2006-03-15               12          292
#> 9460        35320    1373        2006-12-01               11           31
#> 9461        17231    1232        2006-05-31               12          215
#> 9462         8116    1005        2006-04-05               12          271
#> 9463        13006     354        2005-10-20                4          438
#> 9464        11133     594        2005-10-30                6          428
#> 9465         5358    1125        2006-12-14               12           18
#> 9466          549     698        2006-02-19                9          316
#> 9467        13022     797        2005-11-27                9          400
#> 9468         9123    1125        2006-04-20               14          256
#> 9469         8183    1002        2006-11-28               10           34
#> 9470        13476    1131        2006-12-01               11           31
#> 9471        19514    1175        2006-09-08               13          115
#> 9472        25001     731        2006-03-14               10          293
#> 9473        15183     550        2005-10-12                5          446
#> 9474        21483     475        2005-08-21                5          498
#> 9475        26509     551        2006-07-31                5          154
#> 9476        22780    1609        2006-10-06               12           87
#> 9477        21409    1174        2006-09-24               12           99
#> 9478        17653    1302        2006-04-06               12          270
#> 9479        11308     795        2006-12-29                9            3
#> 9480        17963     841        2006-08-14               10          140
#> 9481        11601     898        2006-05-17                8          229
#> 9482         6861     890        2005-09-13                8          475
#> 9483        17529     535        2006-08-20                7          134
#> 9484           99    1609        2006-07-02               14          183
#> 9485        20016    1013        2005-12-25                9          372
#> 9486        17632     591        2006-07-24                7          161
#> 9487        31771     768        2006-12-30                7            2
#> 9488        39375     520        2006-09-30                4           93
#> 9489        18926     769        2006-07-26               11          159
#> 9490        19008     786        2006-02-22                9          313
#> 9491        21708     786        2006-08-26                8          128
#> 9492        26318    1079        2006-05-26               10          220
#> 9493        18303    1085        2006-05-29               11          217
#> 9494        18246    1733        2006-10-19               17           74
#> 9495        34600     547        2006-06-06               10          209
#> 9496        16083     695        2006-09-04                7          119
#> 9497        12882     694        2006-04-30                7          246
#> 9498        17532     698        2006-10-20                6           73
#> 9499        39815    1061        2006-12-02               11           30
#> 9500        31865     686        2006-02-18                5          317
#> 9501        15456     694        2006-04-26                9          250
#> 9502        18904     893        2006-01-29               10          337
#> 9503        14152    1298        2006-08-11               11          143
#> 9504         5689     869        2006-08-31                9          123
#> 9505         7792     669        2006-09-09                6          114
#> 9506        19267    1108        2006-11-18                9           44
#> 9507        31749    1003        2006-08-11               11          143
#> 9508        22953     937        2006-06-22               12          193
#> 9509        33915    1236        2006-10-29               11           64
#> 9510        30466    1027        2006-06-15               11          200
#> 9511        13214     919        2006-07-05               13          180
#> 9512        21738     887        2006-07-20                9          165
#> 9513        12428     886        2006-08-23               12          131
#> 9514        17711     950        2006-07-20                9          165
#> 9515        23150    1159        2006-06-16               11          199
#> 9516        14085    1138        2006-11-27               12           35
#> 9517         7495     669        2006-08-13                8          141
#> 9518        22864     747        2006-04-22                9          254
#> 9519        37276     397        2006-04-30                3          246
#> 9520        38538     939        2006-08-02                8          152
#> 9521        12374     721        2006-12-19                9           13
#> 9522        34703     746        2006-11-07                6           55
#> 9523        14442     741        2005-11-04                9          423
#> 9524         1580     404        2006-02-28                8          307
#> 9525        23754     462        2006-09-12                5          111
#> 9526        14397    1471        2006-09-21               14          102
#> 9527        19605     733        2006-08-09                9          145
#> 9528         2229    1722        2006-07-20               19          165
#> 9529        33567     813        2006-04-30               11          246
#> 9530        15132     852        2006-10-22               10           71
#> 9531        39557    1483        2006-11-16               16           46
#> 9532        29242     499        2006-05-24                6          222
#> 9533        28327    1213        2006-07-25               12          160
#> 9534        37003     642        2006-07-24                7          161
#> 9535        36345     368        2006-07-21                4          164
#> 9536        22616    1102        2006-09-03               10          120
#> 9537        31901     301        2006-03-25                6          282
#> 9538        14404    1004        2006-12-09               13           23
#> 9539        39030    1280        2006-07-12               14          173
#> 9540        17875    1002        2006-02-16                9          319
#> 9541        31963     675        2006-09-22                8          101
#> 9542        38676     684        2006-01-11                7          355
#> 9543        12502    1355        2006-12-12               13           20
#> 9544         6461     500        2006-10-05                7           88
#> 9545        38730     693        2005-10-29                8          429
#> 9546        38305     871        2006-06-29                8          186
#> 9547         6988     545        2005-12-07                5          390
#> 9548        23326    1015        2006-06-21               10          194
#> 9549         5790     635        2006-06-21                9          194
#> 9550        26004    1027        2006-06-08               11          207
#> 9551        29528     531        2005-10-19                5          439
#> 9552         7071     892        2005-07-31                6          519
#> 9553        25042     714        2006-07-24                8          161
#> 9554        35800    1308        2006-09-05               13          118
#> 9555        32159     787        2006-05-30                7          216
#> 9556        17109     633        2006-09-05                7          118
#> 9557        24123    1049        2006-07-09                7          176
#> 9558        25814     807        2006-06-12                9          203
#> 9559        17973     751        2006-08-09                9          145
#> 9560        36390    1371        2006-04-29               14          247
#> 9561        17382     578        2006-11-09                8           53
#> 9562        34725     378        2005-06-20                5          560
#> 9563        13254    1190        2006-07-23               14          162
#> 9564        14875     921        2006-09-03                8          120
#> 9565        26058     860        2006-06-17               11          198
#> 9566        35071     632        2006-05-09                9          237
#> 9567        23110     515        2006-11-17                6           45
#> 9568        37382    1719        2006-09-25               12           98
#> 9569        35992    1304        2006-08-27               12          127
#> 9570         5972     569        2006-07-22                7          163
#> 9571         2795    1167        2006-05-23               12          223
#> 9572        10752     923        2006-10-01               10           92
#> 9573         7210     712        2006-09-27                7           96
#> 9574        30745     656        2006-09-13                8          110
#> 9575        32343    1065        2006-08-23                9          131
#> 9576         4533     934        2006-06-17               11          198
#> 9577        29382    1318        2006-10-27               13           66
#> 9578        26033    1267        2006-09-29               12           94
#> 9579        14109     779        2006-10-17               10           76
#> 9580        37680    1148        2006-08-25               12          129
#> 9581        38550     841        2006-05-23                8          223
#> 9582        10397    1086        2006-10-12               15           81
#> 9583         9317     908        2005-11-13               11          414
#> 9584        13449    1008        2006-12-16               14           16
#> 9585        37558     751        2006-01-03                9          363
#> 9586        33717     803        2005-12-23                9          374
#> 9587        19835     286        2006-07-05                4          180
#> 9588         1211    1121        2006-06-28               12          187
#> 9589        34456     711        2006-01-09               10          357
#> 9590        24263     518        2006-09-10               11          113
#> 9591        33990    1203        2006-12-30               15            2
#> 9592        22153    1493        2006-10-01               13           92
#> 9593        16395    1304        2005-12-21               13          376
#> 9594        34067     615        2006-09-24                7           99
#> 9595        36438    1508        2006-10-28               12           65
#> 9596        37805     860        2006-12-19               10           13
#> 9597        29206     585        2006-04-25                6          251
#> 9598        11935    1124        2006-09-25               11           98
#> 9599        16153    1007        2006-12-24               12            8
#> 9600        35354     916        2006-07-26               10          159
#> 9601         1527     170        2005-03-19                2          653
#> 9602        11196    1068        2006-07-09               13          176
#> 9603         7361    1420        2006-07-12               13          173
#> 9604        36624     727        2006-05-07                6          239
#> 9605        36034     281        2005-08-12                4          507
#> 9606        18999     782        2006-09-25               10           98
#> 9607         5600     894        2006-02-17                9          318
#> 9608         3840     843        2006-09-22               11          101
#> 9609        12452     319        2006-09-21                5          102
#> 9610        28004    1167        2006-06-06               12          209
#> 9611        37578     615        2006-11-12                8           50
#> 9612        16402     742        2006-11-03                8           59
#> 9613        15387    1420        2006-07-31               13          154
#> 9614         8222     920        2006-09-18               12          105
#> 9615        29830     830        2006-06-19                9          196
#> 9616         3680     521        2006-01-16                5          350
#> 9617        26074    1228        2006-12-17               11           15
#> 9618        30699    1239        2006-08-22               13          132
#> 9619        21205    1364        2006-08-24               16          130
#> 9620         2526     329        2005-11-05                3          422
#> 9621        10108     896        2006-10-12               10           81
#> 9622         6003     752        2006-11-24                9           38
#> 9623         6619    1600        2006-08-19               15          135
#> 9624        12669    1240        2006-01-31               13          335
#> 9625        28971     881        2006-06-06                9          209
#> 9626         5698    1056        2006-07-05                9          180
#> 9627        38196     349        2006-09-20                6          103
#> 9628        24260     570        2006-02-21                5          314
#> 9629        25684    1347        2006-05-05               12          241
#> 9630        34546     614        2006-05-14                6          232
#> 9631        13693    1080        2006-12-14               11           18
#> 9632        31993     771        2006-05-16               10          230
#> 9633         5431    1073        2006-06-08                9          207
#> 9634        11846    1362        2006-07-05               12          180
#> 9635        24210    1560        2006-06-24               13          191
#> 9636        14595     473        2006-07-26                7          159
#> 9637        30129     993        2006-06-15                8          200
#> 9638        32868     983        2006-12-23               10            9
#> 9639        35564     508        2006-07-12                6          173
#> 9640        10025    1166        2006-08-01               13          153
#> 9641        17908     854        2006-05-27               11          219
#> 9642        29093    1225        2006-08-05               13          149
#> 9643         2716    1287        2006-08-29               14          125
#> 9644         3300     765        2006-08-30                7          124
#> 9645         9523    1078        2006-11-23               11           39
#> 9646        12090     893        2006-11-09               10           53
#> 9647        34184    1006        2006-05-24                9          222
#> 9648         4024     790        2006-03-21               11          286
#> 9649         6435     793        2006-11-13                7           49
#> 9650         8726    1031        2006-09-07               11          116
#> 9651        15795    1087        2006-07-24               12          161
#> 9652        19829     957        2006-06-27               11          188
#> 9653        32779    1245        2006-12-29               12            3
#> 9654        26617    1084        2006-07-30               11          155
#> 9655        11861    1255        2006-09-15               12          108
#> 9656        19266    1200        2006-09-03               10          120
#> 9657        25512     911        2006-11-11               11           51
#> 9658         1539     660        2006-06-04                9          211
#> 9659        30322     950        2006-01-10                9          356
#> 9660         2863    1662        2006-08-21               13          133
#> 9661         3121     555        2005-10-29                7          429
#> 9662        12846    1354        2006-10-28               13           65
#> 9663        31869     531        2006-05-03                6          243
#> 9664        28240    1022        2006-04-20               10          256
#> 9665        28157     652        2006-08-16                7          138
#> 9666        30592    1229        2006-11-14               15           48
#> 9667        11254    1012        2006-07-25               11          160
#> 9668        21700     726        2006-06-23                7          192
#> 9669        13565     989        2006-07-09               10          176
#> 9670        16517     672        2006-07-02                8          183
#> 9671        26496    1577        2006-03-15               11          292
#> 9672        18375    1070        2006-09-16               14          107
#> 9673        35177     483        2006-05-06                5          240
#> 9674        21163     431        2006-11-13                5           49
#> 9675         5466     544        2006-06-13                8          202
#> 9676        29856     676        2005-08-24                9          495
#> 9677        17368     963        2006-06-19               11          196
#> 9678        31516     670        2006-10-04                7           89
#> 9679         1215     721        2006-06-24                8          191
#> 9680         9256     849        2006-11-08                9           54
#> 9681        21002     456        2005-11-20                7          407
#> 9682         5673    1128        2006-08-03               10          151
#> 9683         7895     752        2006-09-30                9           93
#> 9684         4014    1719        2006-05-16               13          230
#> 9685         1291     288        2006-01-24                4          342
#> 9686         2056     769        2006-05-26                7          220
#> 9687        30521     848        2006-08-29               11          125
#> 9688        24068     778        2006-08-16                8          138
#> 9689         1668     845        2006-12-06                8           26
#> 9690        14845    1268        2006-08-31               12          123
#> 9691        17292     610        2006-07-26                6          159
#> 9692        27433     506        2006-07-17                6          168
#> 9693         5403     749        2006-06-30                9          185
#> 9694        32132    1087        2005-12-03               10          394
#> 9695        26180     569        2006-09-16                6          107
#> 9696        10392     818        2006-07-21               11          164
#> 9697        21277    1930        2006-06-10               15          205
#> 9698        19446     795        2006-12-22                9           10
#> 9699        33960     963        2006-09-09                9          114
#> 9700         7139     585        2006-08-12                6          142
#> 9701         1725     956        2005-12-24                8          373
#> 9702        14615     769        2006-10-08               10           85
#> 9703         2734    1386        2006-01-08               12          358
#> 9704        37677    1081        2006-07-12                9          173
#> 9705        35773     616        2006-11-06               10           56
#> 9706         4676     709        2005-09-05                9          483
#> 9707        18982     567        2005-12-11                4          386
#> 9708         7354     497        2006-07-13                7          172
#> 9709         4695    1382        2006-08-02               13          152
#> 9710         7131     347        2006-06-23                6          192
#> 9711        36124    1044        2006-02-09               11          326
#> 9712        36867     881        2006-07-04                8          181
#> 9713        12810    1347        2006-08-25               13          129
#> 9714        31160     815        2006-06-23                9          192
#> 9715        22961     752        2006-09-12               10          111
#> 9716        16256    1364        2006-11-26               12           36
#> 9717        10892     972        2006-07-23               11          162
#> 9718          806    1206        2005-08-28                8          491
#> 9719         3542    1530        2006-12-03               17           29
#> 9720         5144     757        2006-11-18               11           44
#> 9721         9747     929        2005-08-11                8          508
#> 9722        11512    1106        2005-06-23               10          557
#> 9723         4863    1346        2006-10-06               11           87
#> 9724        29812     823        2006-08-21                8          133
#> 9725        14826     870        2006-10-04                9           89
#> 9726         5073     580        2005-05-05                7          606
#> 9727        30434     630        2005-12-09                5          388
#> 9728        16324    1260        2006-08-24               11          130
#> 9729         4856     846        2006-08-02                9          152
#> 9730        13210    1195        2006-09-10               12          113
#> 9731        10306     895        2006-08-31                9          123
#> 9732        27678    1107        2006-07-27               10          158
#> 9733          448     544        2005-09-11                4          477
#> 9734        21153     883        2006-07-15                8          170
#> 9735        25645     846        2006-06-11                7          204
#> 9736        30904     681        2005-06-24                6          556
#> 9737         3292     616        2006-10-27               10           66
#> 9738         6389     972        2006-12-08               12           24
#> 9739         8062     789        2006-05-30               11          216
#> 9740        31471    1035        2006-03-20               12          287
#> 9741        15045     583        2006-02-26                8          309
#> 9742         7734    1292        2006-11-25               12           37
#> 9743        33795     959        2006-09-12               10          111
#> 9744         8117    1540        2006-10-30               13           63
#> 9745          515     482        2006-07-01                6          184
#> 9746        39860    1625        2006-06-04               16          211
#> 9747         4204     584        2006-11-01                8           61
#> 9748        28878     875        2006-10-20                9           73
#> 9749        36662    1647        2006-08-03               14          151
#> 9750         9400     458        2006-10-26                8           67
#> 9751        10220    1247        2006-10-27               13           66
#> 9752        10707     798        2006-07-22                9          163
#> 9753        24626     736        2006-10-09                7           84
#> 9754          192     890        2006-04-17               10          259
#> 9755        14964     725        2006-04-22                7          254
#> 9756        36899     470        2006-08-02                5          152
#> 9757        15842     711        2006-05-22                9          224
#> 9758        30236     609        2005-08-09                6          510
#> 9759        14461     666        2006-08-01                6          153
#> 9760        14914     944        2006-07-15                8          170
#> 9761        32379    1386        2006-12-01               14           31
#> 9762        14807     145        2006-06-09                2          206
#> 9763        16401     505        2006-09-09                7          114
#> 9764        12457    1033        2005-10-31               11          427
#> 9765        13494    1004        2006-07-06               11          179
#> 9766        26574     751        2006-11-08                9           54
#> 9767        15717    1091        2006-12-28               10            4
#> 9768        31547    1344        2006-08-09               13          145
#> 9769        24130    1048        2006-10-06                9           87
#> 9770        36864    1162        2006-10-19                8           74
#> 9771        33121    1022        2006-12-21               14           11
#> 9772        39879     735        2006-12-21                6           11
#> 9773         6854     824        2006-06-14                9          201
#> 9774        16479     739        2006-03-12                9          295
#> 9775         5268     970        2006-10-17                9           76
#> 9776        21019     930        2006-06-15               11          200
#> 9777         2572      34        2005-07-26                1          524
#> 9778        38741     623        2006-05-08                6          238
#> 9779         1968     863        2006-09-24                8           99
#> 9780         7240     970        2006-09-19                9          104
#> 9781        26683     684        2006-06-09               10          206
#> 9782         7125     798        2006-09-23                9          100
#> 9783        17846     906        2005-12-20                9          377
#> 9784        28047     622        2005-08-19                3          500
#> 9785        25500     935        2006-12-06               12           26
#> 9786        14432     692        2006-12-02               10           30
#> 9787        21297    1321        2006-08-01               12          153
#> 9788        33387     322        2006-07-26                6          159
#> 9789        18603     565        2006-02-01                8          334
#> 9790        19727     565        2006-03-17                6          290
#> 9791        13729    1084        2006-10-07               10           86
#> 9792        14183    1426        2006-07-02               18          183
#> 9793         5416     570        2006-08-05               10          149
#> 9794        25071     882        2006-10-08               10           85
#> 9795         6900     925        2006-05-26                9          220
#> 9796         6405    1404        2006-10-09               14           84
#> 9797        26544    1004        2006-05-15               11          231
#> 9798        27042     659        2006-08-22                8          132
#> 9799        10148    1389        2006-08-07               16          147
#> 9800        22257    1108        2006-12-07               12           25
#> 9801          133    1278        2005-10-28               13          430
#> 9802        20976    1182        2006-08-27               10          127
#> 9803        11096    1245        2006-07-12               11          173
#> 9804         8301    1221        2006-12-12               10           20
#> 9805         8534    1103        2006-06-17               10          198
#> 9806        32161     839        2006-06-15               11          200
#> 9807        29883    1371        2006-08-15               13          139
#> 9808         5737     935        2006-06-12                8          203
#> 9809         3991    1642        2006-05-04               16          242
#> 9810        25347    1360        2006-09-02               15          121
#> 9811         6197    1275        2006-09-10               14          113
#> 9812         7145     615        2005-10-27                6          431
#> 9813        25515     882        2006-10-02                9           91
#> 9814        19465    1411        2006-12-24               14            8
#> 9815        27868    1077        2006-08-02               12          152
#> 9816         9081     989        2006-07-02               12          183
#> 9817        30479    1064        2006-04-21               11          255
#> 9818        23129     936        2006-03-30                9          277
#> 9819        29399     871        2006-06-15               13          200
#> 9820        14331    1036        2006-12-21               14           11
#> 9821         3657    1122        2006-10-10               11           83
#> 9822         7647     508        2005-09-24                6          464
#> 9823        32757     743        2005-09-07                7          481
#> 9824        16745     984        2006-10-07               12           86
#> 9825        19526     970        2006-07-25                9          160
#> 9826        18148     573        2006-06-17                7          198
#> 9827         3191    1552        2006-09-23               13          100
#> 9828        12687    1010        2006-09-20               11          103
#> 9829        12618     669        2006-11-09                5           53
#> 9830        10344    1046        2006-06-11                9          204
#> 9831         4161     996        2006-07-30                9          155
#> 9832        11775     875        2006-07-01                8          184
#> 9833        17820    1128        2006-08-18               11          136
#> 9834        14583     936        2006-09-13               11          110
#> 9835        23660     698        2006-09-20               10          103
#> 9836         7117     277        2005-11-03                5          424
#> 9837        32221    1090        2006-03-26               10          281
#> 9838        28241    1479        2006-11-19               14           43
#> 9839        13999     635        2006-05-18                8          228
#> 9840        37859     731        2006-12-21                8           11
#> 9841         3523     790        2006-11-09                9           53
#> 9842        39192    1271        2006-11-08               10           54
#> 9843          493    1107        2006-08-16                9          138
#> 9844        29032     808        2006-07-15                7          170
#> 9845         3066    1019        2006-09-22               10          101
#> 9846        11285    1524        2006-09-17               12          106
#> 9847        37633    1114        2005-09-04               11          484
#> 9848        11986    1026        2006-07-09               11          176
#> 9849          701    1287        2006-06-13               14          202
#> 9850        10041    1128        2005-10-30                9          428
#> 9851        37786    1137        2006-12-16               12           16
#> 9852        20777    1079        2006-12-20                8           12
#> 9853        18746     649        2006-03-30                7          277
#> 9854         9579     679        2006-07-15                9          170
#> 9855        38233     265        2006-09-19                4          104
#> 9856        19365     763        2006-08-15                9          139
#> 9857        29112    1894        2006-08-06               20          148
#> 9858        14480     630        2006-01-17                6          349
#> 9859        28177    1548        2006-04-12               16          264
#> 9860        33997    1085        2006-07-01               11          184
#> 9861         2886     445        2006-08-07                4          147
#> 9862           59    1006        2006-10-03               10           90
#> 9863        36170    1201        2006-01-31               10          335
#> 9864        16502    1202        2006-10-01               11           92
#> 9865        33828     811        2006-05-10               13          236
#> 9866        12699     931        2006-05-08               10          238
#> 9867         6039     480        2006-08-13                7          141
#> 9868        11482     700        2006-11-27                8           35
#> 9869        24823     993        2006-09-19               13          104
#> 9870        39870     716        2006-04-25                7          251
#> 9871          495     868        2006-10-09                9           84
#> 9872        18395     444        2006-10-06                5           87
#> 9873        30058     800        2005-10-15                8          443
#> 9874        34707    1588        2006-09-17               16          106
#> 9875         9571    1730        2006-03-14               15          293
#> 9876        21331     190        2006-11-01                4           61
#> 9877         4981    1155        2006-10-16               11           77
#> 9878        15104     868        2006-09-02                8          121
#> 9879         4468     849        2005-08-18                9          501
#> 9880        23929     711        2006-08-21                8          133
#> 9881        39574     891        2006-04-02                9          274
#> 9882        30718     555        2006-04-08                7          268
#> 9883        24481    1315        2006-10-29               11           64
#> 9884         5758     191        2005-11-12                3          415
#> 9885        24991     642        2006-10-08               10           85
#> 9886        32473    1069        2006-06-06               13          209
#> 9887        26445    2130        2006-10-16               21           77
#> 9888        37626    1573        2006-08-22               18          132
#> 9889        22744    1299        2006-07-22               14          163
#> 9890        22689    1035        2006-05-21                8          225
#> 9891        21086    1092        2006-03-13                9          294
#> 9892         5226     983        2006-09-06                9          117
#> 9893         3312    1680        2006-06-02               16          213
#> 9894        13654    1170        2006-08-25               11          129
#> 9895        32096    1107        2006-12-05               10           27
#> 9896         7490    1159        2006-09-26               10           97
#> 9897        38230    1004        2006-05-26                8          220
#> 9898        23369     742        2006-08-14                8          140
#> 9899        29215     442        2006-10-17                3           76
#> 9900        12049     593        2006-05-08                6          238
#> 9901        25046     454        2005-12-20                6          377
#> 9902         3254     760        2006-05-05               10          241
#> 9903        14864    1196        2006-08-23               11          131
#> 9904        33897     752        2006-03-25                9          282
#> 9905        27072     838        2005-09-17                8          471
#> 9906         9171     970        2006-04-14               11          262
#> 9907        33991     408        2006-05-02                5          244
#> 9908        35338     793        2006-01-11                6          355
#> 9909        20770    1033        2006-10-28               10           65
#> 9910        30474    1153        2006-08-12               12          142
#> 9911        19467     718        2006-08-14                9          140
#> 9912         8206    1276        2006-05-08               10          238
#> 9913        24520    1106        2006-05-04               11          242
#> 9914        18233     663        2006-08-08                7          146
#> 9915        32306     681        2005-09-14                6          474
#> 9916        23727    1023        2005-11-10               10          417
#> 9917        24074    1204        2006-09-08               14          115
#> 9918        29164    1223        2006-08-25               10          129
#> 9919        25694    1121        2006-03-12               10          295
#> 9920        33579     596        2006-12-14                7           18
#> 9921        12104     922        2006-11-20               11           42
#> 9922        35934     898        2006-06-24                7          191
#> 9923        14313    1248        2006-02-12               11          323
#> 9924        18741     944        2006-09-11               11          112
#> 9925        38697     434        2006-07-17                6          168
#> 9926        13196    1042        2006-09-16               11          107
#> 9927        22465    1103        2006-09-07               10          116
#> 9928         7913     949        2006-04-17                8          259
#> 9929        15879    1126        2006-07-25               11          160
#> 9930        38427     793        2006-01-06                8          360
#> 9931        36675     793        2006-10-03               13           90
#> 9932        33764     889        2006-05-10               11          236
#> 9933        25369    1453        2006-09-19               15          104
#> 9934        33630     691        2006-06-29                9          186
#> 9935        39449    1812        2006-08-27               17          127
#> 9936         9799     647        2005-10-24                7          434
#> 9937        10424    1004        2006-08-21               11          133
#> 9938         3891     768        2006-08-07                6          147
#> 9939         4793    1528        2006-06-19               12          196
#> 9940        18534    1225        2006-10-07               16           86
#> 9941         6286    1391        2005-11-13               11          414
#> 9942        32127     431        2006-10-13                6           80
#> 9943        33248     892        2006-03-05                8          302
#> 9944        38947     595        2006-12-19                7           13
#> 9945         7438     566        2006-11-09                6           53
#> 9946         6747    1481        2006-06-04               14          211
#> 9947        23619    1145        2006-05-31               13          215
#> 9948          665    1003        2006-06-29               11          186
#> 9949         5897     849        2006-03-03                6          304
#> 9950        38497     693        2006-09-29               11           94
#> 9951        32753     700        2006-04-18                8          258
#> 9952        27992    1047        2006-06-27               10          188
#> 9953        16842     737        2006-10-18                8           75
#> 9954        24924    1387        2006-06-29               11          186
#> 9955        33299     470        2006-06-11                8          204
#> 9956        14791    1416        2006-12-05               14           27
#> 9957         1805     932        2006-10-21                8           72
#> 9958         7342     536        2006-06-21                6          194
#> 9959        14709     698        2006-08-29                9          125
#> 9960        25343     665        2006-07-31                8          154
#> 9961        37821     680        2006-06-05                8          210
#> 9962        18226     213        2006-07-30                3          155
#> 9963        10649     735        2006-07-19               10          166
#> 9964         3698    1130        2006-09-13               12          110
#> 9965         4881     891        2006-09-14                9          109
#> 9966         3910     785        2006-07-29                7          156
#> 9967         3576    1115        2006-05-10                9          236
#> 9968         7517     604        2006-11-06                6           56
#> 9969         9753    1082        2006-08-09               10          145
#> 9970         1833    1756        2006-07-13               14          172
#> 9971        29167    1209        2006-06-24               11          191
#> 9972        16813     579        2006-07-28                6          157
#> 9973        38036    1175        2006-08-14               11          140
#> 9974        19643    1125        2006-05-08               13          238
#> 9975        24724     647        2006-12-05                6           27
#> 9976        33804     949        2006-07-02                9          183
#> 9977        38812     456        2005-07-09                7          541
#> 9978        12501     592        2006-04-17                4          259
#> 9979        39304    1164        2006-09-20               12          103
#> 9980         8319     884        2006-05-19               10          227
#> 9981        31432     645        2006-08-20                7          134
#> 9982        19992     323        2005-09-16                4          472
#> 9983         9067     643        2006-06-06                8          209
#> 9984        16906    1131        2006-06-20               14          195
#> 9985        21645    1595        2006-10-11               15           82
#> 9986        34717    1063        2006-11-24               13           38
#> 9987         1885     614        2006-07-13                7          172
#> 9988        25941     797        2006-05-20               10          226
#> 9989        17209    1139        2006-08-27                9          127
#> 9990        22768     713        2006-06-09               10          206
#> 9991        35622    1109        2006-11-13                9           49
#> 9992        10488    1585        2006-07-11               16          174
#> 9993         9042     837        2006-10-14                9           79
#> 9994        31428    1318        2006-12-05               14           27
#> 9995        31684     818        2006-08-29                9          125
#> 9996        17117     594        2006-06-27                6          188
#> 9997        36337     827        2005-12-31               10          366
#> 9998        15654     697        2006-08-15                7          139
#> 9999        14304     490        2006-05-16                5          230
#> 10000       27735    1825        2006-09-27               16           96
#> 10001       20868    1555        2006-07-31               14          154
#> 10002         879     806        2006-08-28               11          126
#> 10003       28491    1532        2006-08-23               13          131
#> 10004       16162     881        2006-10-02                8           91
#> 10005         862     435        2006-05-11                5          235
#> 10006       37941    1128        2006-09-25               17           98
#> 10007       18531     458        2006-08-22                4          132
#> 10008       36246    1055        2006-07-01               12          184
#> 10009       25388     807        2006-07-16                9          169
#> 10010       25373     789        2006-07-21                8          164
#> 10011       11412    1017        2006-12-20               10           12
#> 10012        9643    1300        2006-01-01               11          365
#> 10013       31956    1637        2006-08-21               17          133
#> 10014       18554     491        2005-11-25                7          402
#> 10015       18372     955        2006-12-12               11           20
#> 10016       17828     974        2006-09-06               10          117
#> 10017        9281     424        2006-10-29                6           64
#> 10018       11161    1072        2005-09-24               13          464
#> 10019       37741     828        2006-09-28               11           95
#> 10020       19956     523        2006-05-15                7          231
#> 10021       31894     631        2006-07-08                8          177
#> 10022        8026    1205        2006-10-16               10           77
#> 10023       25003     978        2006-04-01               10          275
#> 10024       21630     689        2006-07-30                8          155
#> 10025        6474     973        2006-11-20               11           42
#> 10026       33996     657        2006-08-14                7          140
#> 10027       33665    1088        2006-08-17               11          137
#> 10028       23774    1198        2006-09-11               11          112
#> 10029       20878    1043        2006-04-21               13          255
#> 10030       34981     846        2006-07-04                8          181
#> 10031        5087     977        2006-09-13               11          110
#> 10032       38979     903        2006-12-02               12           30
#> 10033       19300    1210        2006-08-27               14          127
#> 10034       19648     745        2006-06-28                7          187
#> 10035       13595     546        2006-09-06                6          117
#> 10036        7534     820        2006-06-25                6          190
#> 10037       22008    1060        2006-07-24                8          161
#> 10038       39218    1086        2006-07-14               12          171
#> 10039       27069     954        2006-09-09               15          114
#> 10040       35956    1019        2006-04-12               11          264
#> 10041         558    1090        2006-01-31               10          335
#> 10042        5083     791        2006-08-10                8          144
#> 10043       31878    1200        2006-07-28               13          157
#> 10044       31714    1485        2006-12-08               13           24
#> 10045        3921     838        2006-05-20               10          226
#> 10046       22979     724        2006-04-28                6          248
#> 10047        1451     943        2006-01-24                8          342
#> 10048       27937     649        2006-09-14                9          109
#> 10049       26092     940        2006-07-16               11          169
#> 10050       17525     514        2006-10-05                8           88
#> 10051       26266    1860        2006-10-01               15           92
#> 10052       19299    1186        2006-08-09               15          145
#> 10053        7610     313        2005-03-31                4          641
#> 10054       14466    1060        2006-09-05               10          118
#> 10055       28535     854        2006-12-11               10           21
#> 10056       16356    1439        2006-11-13               14           49
#> 10057       28760     673        2006-07-26               10          159
#> 10058       33168     677        2006-07-17                7          168
#> 10059       30152     811        2006-08-12                8          142
#> 10060       13049    1345        2006-09-20               11          103
#> 10061       17463    1424        2006-03-02               12          305
#> 10062        1795    1124        2006-11-01               11           61
#> 10063       14728     774        2005-10-20                6          438
#> 10064        5531    1283        2006-06-03               12          212
#> 10065        8527    1272        2006-09-07               12          116
#> 10066        4607    1377        2006-02-18               13          317
#> 10067        5453    1663        2006-08-06               18          148
#> 10068       19868    1199        2006-06-03               13          212
#> 10069       13258     958        2006-06-22                8          193
#> 10070       17124    1057        2006-08-12               11          142
#> 10071       36404     678        2006-08-10                6          144
#> 10072       12232     736        2006-02-06                8          329
#> 10073       17886     803        2006-10-05                9           88
#> 10074        2989    1088        2006-05-28                8          218
#> 10075       37130     780        2006-10-30               11           63
#> 10076        1184     853        2006-06-23               11          192
#> 10077       39337     386        2006-06-06                5          209
#> 10078       29612    1101        2006-10-08               10           85
#> 10079         503    1109        2006-10-20               11           73
#> 10080       33536     982        2006-01-24                8          342
#> 10081       35060     967        2006-07-29               11          156
#> 10082       15426    1107        2006-12-16               13           16
#> 10083        8953     805        2006-05-28                7          218
#> 10084       16133    1341        2006-04-01               12          275
#> 10085       20476    1052        2006-06-04               14          211
#> 10086       32030     968        2006-04-26               11          250
#> 10087       17881    1117        2005-09-21               11          467
#> 10088       35049    1278        2006-08-28               16          126
#> 10089       18042    1015        2006-02-16               14          319
#> 10090       16927    1006        2006-05-19               10          227
#> 10091       15576     882        2006-04-12               11          264
#> 10092       27268    1093        2006-12-22               11           10
#> 10093        8712    1156        2006-04-04                9          272
#> 10094       36691    1126        2006-08-22               14          132
#> 10095         836    1151        2006-11-28               14           34
#> 10096       24595     818        2005-09-28                9          460
#> 10097       16460    1519        2006-10-03               16           90
#> 10098        4133     877        2006-05-03                8          243
#> 10099        6143     813        2006-08-20                7          134
#> 10100       39238     788        2006-10-18                8           75
#> 10101       19504    1093        2005-08-13               10          506
#> 10102        5367     292        2005-08-17                4          502
#> 10103        4591     742        2006-07-03               10          182
#> 10104       38440    1144        2006-09-26               14           97
#> 10105       31787     763        2005-12-03                7          394
#> 10106       27871    1088        2006-11-09                9           53
#> 10107        2975    1030        2006-11-05               10           57
#> 10108       18413    1034        2005-09-09                9          479
#> 10109       32991     875        2006-01-07                9          359
#> 10110        6324    1460        2006-11-27               14           35
#> 10111       35524     272        2006-05-17                4          229
#> 10112       15488     895        2006-08-21                8          133
#> 10113       29186     669        2006-05-27                8          219
#> 10114        8211     685        2006-07-31                9          154
#> 10115       21997     300        2006-09-13                3          110
#> 10116       15323     488        2005-04-02                4          639
#> 10117       30001    1053        2006-04-28               14          248
#> 10118        1088    1025        2006-06-16                9          199
#> 10119        1176     871        2005-11-22                9          405
#> 10120        1980     917        2006-11-15               10           47
#> 10121       12929    1372        2006-09-06               12          117
#> 10122        8079     860        2006-09-21               10          102
#> 10123       22311    1002        2006-09-01               11          122
#> 10124       21876    1211        2006-04-28               13          248
#> 10125       32871     731        2006-06-13                8          202
#> 10126       24255    1155        2006-08-16               13          138
#> 10127       15098    1257        2006-08-08               16          146
#> 10128       34294     642        2006-09-30                5           93
#> 10129       20471     594        2006-10-11                8           82
#> 10130        3937    1082        2006-05-09               10          237
#> 10131       15587     621        2006-07-26                9          159
#> 10132       35516     592        2006-09-12                6          111
#> 10133       25557     443        2006-08-21                5          133
#> 10134       37719    1285        2006-08-20               11          134
#> 10135       13233     436        2006-03-31                8          276
#> 10136       22069    1011        2006-11-11               10           51
#> 10137       35625    1044        2006-03-28               11          279
#> 10138       10768     846        2006-12-22                7           10
#> 10139        8616     770        2006-08-26               11          128
#> 10140       16946     674        2006-06-24                7          191
#> 10141       16107    1082        2006-05-23               12          223
#> 10142       15545     969        2006-05-06               10          240
#> 10143       24695    1825        2006-11-23               16           39
#> 10144       37211    1038        2006-09-09               11          114
#> 10145        1289    1146        2006-10-13                9           80
#> 10146       17077     851        2006-08-05               11          149
#> 10147        6010    1096        2006-07-17               14          168
#> 10148       36350     990        2006-06-20                9          195
#> 10149        7019     888        2006-10-02               13           91
#> 10150        8112    1154        2006-05-23               10          223
#> 10151       28216    1136        2006-03-24               13          283
#> 10152       16125    1394        2006-09-25               12           98
#> 10153       15563     976        2006-06-05                9          210
#> 10154       27833     703        2005-09-06               10          482
#> 10155       12681     582        2006-10-11                9           82
#> 10156       30784     978        2005-10-14                8          444
#> 10157       28598    1784        2006-06-09               16          206
#> 10158       16934     791        2005-10-11               11          447
#> 10159       34621     917        2006-05-18               10          228
#> 10160       39513     273        2006-10-14                5           79
#> 10161       15748     572        2006-09-04                7          119
#> 10162       32942    1132        2006-10-22               11           71
#> 10163       28650    1029        2006-12-21               10           11
#> 10164       18120    1622        2006-07-12               16          173
#> 10165        6579     799        2006-07-11               12          174
#> 10166       15918     739        2006-07-19                7          166
#> 10167       33985     927        2006-09-22                7          101
#> 10168       25787     577        2006-05-08                6          238
#> 10169       22729     390        2006-08-09                4          145
#> 10170        6808     929        2006-09-27               10           96
#> 10171       24145     884        2006-09-18                9          105
#> 10172       25069     483        2006-05-03                6          243
#> 10173       28148    1127        2006-05-22               13          224
#> 10174       21081     948        2006-09-22               11          101
#> 10175       36588     860        2006-09-12                9          111
#> 10176        8458    1125        2006-08-20               12          134
#> 10177       10369     602        2006-11-15                7           47
#> 10178       24214     875        2006-05-07                8          239
#> 10179       18724     492        2006-09-22                6          101
#> 10180       30227     527        2006-09-14                9          109
#> 10181       36765    1355        2006-10-02               14           91
#> 10182       23991    1066        2006-10-08               12           85
#> 10183       39785     726        2006-11-09               10           53
#> 10184       12945     627        2006-12-02                8           30
#> 10185        4029     345        2006-02-15                4          320
#> 10186         257    1292        2006-04-29               10          247
#> 10187       28526     971        2006-07-03                8          182
#> 10188       22746     949        2006-09-23               11          100
#> 10189       34896    1465        2006-09-06               15          117
#> 10190       38198    1350        2006-11-16               12           46
#> 10191       21055    1025        2006-12-15               12           17
#> 10192       27782    1041        2006-10-21               10           72
#> 10193       36067     672        2006-06-19               10          196
#> 10194       15441     948        2006-07-09               12          176
#> 10195       22286     756        2006-06-12                7          203
#> 10196       21601     946        2005-11-26               12          401
#> 10197       25074    1416        2006-09-24               12           99
#> 10198       39684     400        2006-04-28                5          248
#> 10199        3536     975        2006-08-26               10          128
#> 10200       16445     978        2006-08-02               11          152
#> 10201        5739     728        2006-03-10                7          297
#> 10202        1378     965        2006-05-17                9          229
#> 10203        6933     951        2006-10-08                9           85
#> 10204       13000     649        2006-11-28                8           34
#> 10205       17860    1093        2006-06-03               14          212
#> 10206         252     632        2005-09-14                6          474
#> 10207        2103     571        2006-09-24                5           99
#> 10208       30847     586        2006-03-02                7          305
#> 10209         154    1006        2006-02-25                8          310
#> 10210       16206    1008        2006-08-23               13          131
#> 10211        3912    1369        2006-08-13               12          141
#> 10212       37569     804        2005-12-17                9          380
#> 10213        8629     512        2006-12-03                8           29
#> 10214        4624    1146        2006-08-24                9          130
#> 10215       34021     833        2006-11-05               10           57
#> 10216       32014     636        2006-10-11                7           82
#> 10217       30967    1241        2006-10-21               10           72
#> 10218       39954     641        2006-07-28               10          157
#> 10219       27979    1343        2006-11-14               12           48
#> 10220       17414    1430        2006-03-11               12          296
#> 10221       18712     628        2006-12-21                8           11
#> 10222       11866    1482        2006-09-25               13           98
#> 10223       11679    1104        2006-10-05               11           88
#> 10224       31629    1681        2006-05-23               17          223
#> 10225       31893     914        2006-08-27                9          127
#> 10226       29221     895        2006-09-30               13           93
#> 10227       16124     720        2006-05-30               10          216
#> 10228       29379    1335        2006-12-08               11           24
#> 10229       20894     915        2006-11-07                9           55
#> 10230        3480     723        2006-09-04               10          119
#> 10231       10213    1003        2006-11-09                9           53
#> 10232       27704    1038        2006-10-23                9           70
#> 10233       16767    1161        2006-07-08               14          177
#> 10234       36853    1106        2006-08-07               12          147
#> 10235       15306    1335        2006-12-21               10           11
#> 10236       13327     793        2006-07-13               10          172
#> 10237       26585     844        2006-09-28               10           95
#> 10238        5787     518        2006-01-06                6          360
#> 10239       32298    2040        2006-02-05               19          330
#> 10240       18390     510        2006-07-02                7          183
#> 10241        4835     815        2006-11-11                7           51
#> 10242       22425     696        2006-05-08                7          238
#> 10243       31285     357        2006-08-04                7          150
#> 10244        3064    1096        2006-01-06               11          360
#> 10245       26536    1039        2006-07-23               12          162
#> 10246       23151     953        2006-08-08                8          146
#> 10247       27015     851        2006-11-20                8           42
#> 10248       27123     732        2006-08-30               11          124
#> 10249       30836     503        2006-08-13                9          141
#> 10250       29107     772        2006-01-20                6          346
#> 10251         234    1274        2006-11-16               15           46
#> 10252        3348     224        2006-03-07                4          300
#> 10253       26294     666        2006-10-16                6           77
#> 10254       15610     970        2006-08-19               13          135
#> 10255       31117    1188        2006-05-26               11          220
#> 10256        8293     548        2006-04-14                9          262
#> 10257       16291    1057        2006-06-18               11          197
#> 10258       32922    1086        2006-12-03               11           29
#> 10259       16379     851        2006-02-21                9          314
#> 10260        5336    1074        2006-05-14               11          232
#> 10261       35853     725        2006-10-05               11           88
#> 10262        7966     851        2006-09-11                8          112
#> 10263        1753     747        2005-07-23               10          527
#> 10264       31304     306        2006-04-26                4          250
#> 10265       26780     826        2006-12-21               10           11
#> 10266       27968     599        2006-09-07                9          116
#> 10267       37886    1368        2006-12-24               16            8
#> 10268       19894     468        2005-12-23                6          374
#> 10269       20432    1216        2006-10-14               15           79
#> 10270       27526     710        2006-12-09                7           23
#> 10271       29311    1098        2006-12-10               11           22
#> 10272       18696     681        2006-06-19                9          196
#> 10273       15398    1022        2006-01-12               10          354
#> 10274       12299     791        2005-10-31               10          427
#> 10275       36818     773        2006-11-27                8           35
#> 10276       22707     749        2006-09-12                7          111
#> 10277        9969    1067        2006-07-19               12          166
#> 10278       34996     904        2006-04-19               10          257
#> 10279       15330    1001        2006-06-28               10          187
#> 10280        7006     354        2006-09-09                5          114
#> 10281        4414     946        2005-11-26                9          401
#> 10282        2923    1344        2006-02-21               14          314
#> 10283       26733     997        2006-07-29               13          156
#> 10284        1933    1013        2006-12-15                9           17
#> 10285        8894     862        2006-07-18               10          167
#> 10286       36775    1369        2006-10-01               11           92
#> 10287       28171    1206        2006-12-15               15           17
#> 10288       34205     968        2006-07-31                8          154
#> 10289       30764     703        2006-04-14                8          262
#> 10290       14951    1525        2006-01-26               16          340
#> 10291       24583     689        2006-09-20                6          103
#> 10292         940     750        2006-09-19                8          104
#> 10293       32094     511        2006-05-10                4          236
#> 10294        6388     680        2006-12-09                8           23
#> 10295        4006     992        2006-09-02               13          121
#> 10296       18599     402        2005-05-15                3          596
#> 10297       29544    1154        2006-06-06                9          209
#> 10298        2292     505        2006-07-03                6          182
#> 10299       14945     816        2005-10-18                9          440
#> 10300       38129     661        2005-12-28                6          369
#> 10301       32457     577        2006-04-08                7          268
#> 10302        8831     974        2006-09-12               11          111
#> 10303       34453    1574        2006-09-30               15           93
#> 10304       26662     499        2005-09-04                7          484
#> 10305       25917    1141        2006-06-28               13          187
#> 10306       34730     354        2005-12-20                4          377
#> 10307        5659     958        2006-08-05               12          149
#> 10308        8381    1236        2006-07-03               13          182
#> 10309       28062     565        2006-08-31                7          123
#> 10310       23490     853        2006-10-20               10           73
#> 10311       25868     776        2006-03-09                7          298
#> 10312       23678     737        2006-05-09                8          237
#> 10313       18886     630        2005-06-22                5          558
#> 10314       11033     878        2006-06-08               13          207
#> 10315        9459    1322        2006-08-23               15          131
#> 10316        7624    1778        2006-11-26               16           36
#> 10317       30549    1064        2006-08-29               10          125
#> 10318       11286     436        2006-06-03                8          212
#> 10319       10682     842        2006-06-25               10          190
#> 10320       39189     603        2006-09-16                8          107
#> 10321       17930    1367        2006-06-07               13          208
#> 10322       26875     939        2006-09-04                9          119
#> 10323       23655    2149        2006-07-20               16          165
#> 10324       29010     769        2006-10-06               10           87
#> 10325       17493     758        2005-07-22                7          528
#> 10326       18472    1043        2006-05-30               15          216
#> 10327       20215    1682        2006-05-15               13          231
#> 10328       10286    1175        2006-05-09               12          237
#> 10329       15730    1467        2006-12-10               14           22
#> 10330       29904     666        2006-12-14               10           18
#> 10331        3241     628        2006-09-09                7          114
#> 10332       22091     586        2006-06-12                7          203
#> 10333       20202     810        2006-05-17                8          229
#> 10334         793     504        2005-09-24                5          464
#> 10335       25687     650        2006-10-02                8           91
#> 10336        5797     753        2006-05-04                8          242
#> 10337        4477     633        2006-11-04                7           58
#> 10338       39295    1555        2006-05-17               13          229
#> 10339       33812     700        2006-08-03               11          151
#> 10340       16808    1159        2006-12-16               12           16
#> 10341       34287     708        2006-06-22               10          193
#> 10342       16861     713        2006-09-01                9          122
#> 10343       10192    1186        2006-10-26               13           67
#> 10344       32695     243        2006-07-10                2          175
#> 10345        6705     948        2006-10-07                9           86
#> 10346       16488     770        2005-09-03                6          485
#> 10347        3458     585        2006-09-04                8          119
#> 10348       28752    1323        2006-07-23               12          162
#> 10349       35552     476        2006-08-24                6          130
#> 10350       30041    1366        2006-12-23               13            9
#> 10351        8498    1109        2006-10-02               11           91
#> 10352       34646     303        2006-05-02                2          244
#> 10353        6396    1216        2006-07-01               10          184
#> 10354       39213     902        2006-10-03               10           90
#> 10355       38594    1228        2006-11-08               11           54
#> 10356       32358     604        2006-01-16                5          350
#> 10357       35677     884        2006-07-26                7          159
#> 10358        4777     430        2006-12-05                5           27
#> 10359       12045     763        2006-09-01               10          122
#> 10360       30993     694        2006-07-27                8          158
#> 10361       15140     911        2006-07-04               10          181
#> 10362       26276     720        2006-06-12                6          203
#> 10363       37571     672        2005-08-16                5          503
#> 10364        3887     674        2006-04-28                6          248
#> 10365         901     936        2006-11-21               14           41
#> 10366       17842     991        2006-05-02               12          244
#> 10367       26558     703        2006-09-08                9          115
#> 10368        6249    1151        2006-05-30               11          216
#> 10369       35621    1152        2006-09-17               11          106
#> 10370       33675    1064        2006-12-05               10           27
#> 10371       36841     480        2006-12-01                7           31
#> 10372       19638     888        2006-05-02                8          244
#> 10373       25794    1862        2006-10-11               17           82
#> 10374       21695    1019        2006-06-26               10          189
#> 10375       21591     950        2006-08-05               11          149
#> 10376       23902    1635        2006-01-12               13          354
#> 10377       13379    1094        2006-07-25               11          160
#> 10378       29823     625        2006-11-20                8           42
#> 10379       31306    1385        2006-07-12               12          173
#> 10380       38150    1216        2006-03-08               11          299
#> 10381         259     448        2006-05-20                6          226
#> 10382       15201    1170        2006-08-23               12          131
#> 10383        7307    1063        2006-09-17               10          106
#> 10384       39508     522        2005-12-28                7          369
#> 10385       31026    1268        2006-08-24               15          130
#> 10386        6176     988        2006-08-03                9          151
#> 10387       21373     948        2006-10-23               13           70
#> 10388       16657    1032        2006-05-24               14          222
#> 10389       19313    1504        2006-11-30               13           32
#> 10390        6740    1106        2006-07-15               11          170
#> 10391         682     934        2005-08-23                8          496
#> 10392       35415     505        2006-11-16                6           46
#> 10393       28350     883        2006-10-24                9           69
#> 10394       10653     792        2005-12-02                7          395
#> 10395       19870     587        2006-08-22                8          132
#> 10396       35826    1111        2005-08-28               10          491
#> 10397       37637    1024        2006-08-19               13          135
#> 10398       37883     717        2006-06-21                7          194
#> 10399       37191    1269        2006-09-17               12          106
#> 10400       10973    1552        2006-06-03               16          212
#> 10401        2211     412        2006-03-30                5          277
#> 10402       10562     711        2006-12-04               10           28
#> 10403       33929     856        2006-06-12                9          203
#> 10404       36981    1213        2006-08-18               12          136
#> 10405       14500    1428        2006-11-17               17           45
#> 10406       22696      82        2005-10-08                2          450
#> 10407        9867     602        2006-05-25                6          221
#> 10408       35157     532        2006-09-25                6           98
#> 10409       17636    2107        2006-10-06               17           87
#> 10410       35192    1232        2006-04-23               15          253
#> 10411        2991    1320        2006-11-26               14           36
#> 10412        4114    1323        2006-11-28               12           34
#> 10413         566     372        2006-08-18                6          136
#> 10414       38372     818        2005-07-15                8          535
#> 10415        7764     744        2005-08-07               10          512
#> 10416        5261     671        2006-09-30                9           93
#> 10417       12811     559        2006-06-02                4          213
#> 10418       33421     743        2006-09-03                8          120
#> 10419        7048    1168        2006-07-19               12          166
#> 10420        2761     361        2005-11-15                4          412
#> 10421       17482     629        2005-09-18                4          470
#> 10422       28664     805        2006-10-19               11           74
#> 10423       11873     279        2005-03-26                5          646
#> 10424        6063     756        2006-09-20               11          103
#> 10425       32474    1038        2006-09-19               10          104
#> 10426       24782     897        2006-12-11               15           21
#> 10427       36282    1014        2006-11-03                8           59
#> 10428       23807     886        2006-12-27               13            5
#> 10429        6592     643        2006-08-10                5          144
#> 10430       23207    1128        2006-11-21               13           41
#> 10431       33496    1258        2006-09-29               11           94
#> 10432       22966     909        2006-07-20                8          165
#> 10433       18727     931        2006-05-11               11          235
#> 10434       22923     636        2006-06-26                8          189
#> 10435        4239    1030        2006-06-03               13          212
#> 10436       31209    1372        2006-07-21               11          164
#> 10437       23432    1836        2006-11-16               14           46
#> 10438       14443     522        2006-11-20                7           42
#> 10439       16781     853        2006-08-29                8          125
#> 10440       32782     426        2006-09-07                7          116
#> 10441       12961    1381        2006-07-31               14          154
#> 10442       37282     960        2006-10-21                9           72
#> 10443       16725     358        2006-10-13                4           80
#> 10444       30081    1079        2006-04-01               12          275
#> 10445       36259    1380        2006-06-24               13          191
#> 10446       31121     978        2006-09-14               13          109
#> 10447       18326     691        2006-03-21                7          286
#> 10448        9456    1009        2005-08-25                9          494
#> 10449       31770     897        2006-12-30               11            2
#> 10450       25662     983        2006-01-14               10          352
#> 10451       10688    1089        2006-12-03               10           29
#> 10452       32455     893        2006-10-09                9           84
#> 10453       28727     816        2006-08-12                8          142
#> 10454       32225    1112        2006-06-30               11          185
#> 10455       36854    1392        2006-09-17               14          106
#> 10456       28149     760        2006-08-25               10          129
#> 10457       12072     282        2006-11-03                7           59
#> 10458       26396     403        2006-09-08                5          115
#> 10459        5684    1157        2005-11-03               13          424
#> 10460       23540     707        2006-08-16                9          138
#> 10461       28922    1397        2006-08-15               10          139
#> 10462        8426    1227        2006-10-02               12           91
#> 10463       22330     740        2006-04-08               10          268
#> 10464       36476    1017        2005-09-26               12          462
#> 10465       28201     960        2006-08-22                9          132
#> 10466       20669    1363        2006-11-19               14           43
#> 10467        5065    1050        2006-08-10               12          144
#> 10468       18431     990        2005-08-31                7          488
#> 10469       21068     891        2006-09-11               11          112
#> 10470        7403    1125        2006-07-17               11          168
#> 10471       15296     611        2006-09-24                6           99
#> 10472        1798    1361        2006-03-25               13          282
#> 10473       29945    1458        2006-08-08               13          146
#> 10474         417    1454        2006-08-28               18          126
#> 10475       19100    1024        2006-06-27                8          188
#> 10476        3829     918        2006-09-05                7          118
#> 10477       36073     878        2006-05-03                7          243
#> 10478        7105     335        2006-10-08                5           85
#> 10479        7284    1567        2005-12-08               15          389
#> 10480       28573     483        2005-11-01                6          426
#> 10481       31045     445        2005-08-20                5          499
#> 10482       34553    1202        2006-01-12               17          354
#> 10483       25415    1115        2006-07-15               13          170
#> 10484       32918    1588        2006-11-26               19           36
#> 10485       10712     495        2006-05-02                8          244
#> 10486       21697    1376        2006-09-20               11          103
#> 10487       21140     734        2006-11-16                8           46
#> 10488       37216      36        2006-05-03                2          243
#> 10489       36973     755        2006-12-21               11           11
#> 10490       31176     651        2005-11-11                9          416
#> 10491       25612     296        2006-02-16                5          319
#> 10492       29001     859        2006-02-05                8          330
#> 10493         614     866        2006-07-17               11          168
#> 10494       19097     869        2006-08-22                7          132
#> 10495        4813     784        2006-03-31                9          276
#> 10496       14344     651        2006-10-29                8           64
#> 10497       28766     450        2005-09-21                5          467
#> 10498       23005    1047        2006-09-13               10          110
#> 10499       14984     634        2006-11-24               10           38
#> 10500       17513     947        2006-04-04               10          272
#> 10501        1567     843        2006-12-21               10           11
#> 10502       36240     885        2006-05-25               13          221
#> 10503       27834     743        2006-11-20                7           42
#> 10504       23282     945        2006-08-08               12          146
#> 10505       38943    1381        2006-07-18               14          167
#> 10506       37536     628        2006-09-15                8          108
#> 10507        4757    1006        2006-05-30               10          216
#> 10508       19264     729        2006-07-10                7          175
#> 10509       39214    1060        2006-08-24               12          130
#> 10510       26630     907        2006-09-09               11          114
#> 10511       33193     810        2006-04-07                9          269
#> 10512       36616     638        2005-12-08                8          389
#> 10513       39114    1007        2006-03-22                9          285
#> 10514       15476     946        2006-10-26               11           67
#> 10515       37660    1457        2006-05-17               15          229
#> 10516       27321    1371        2006-12-02               11           30
#> 10517       13208     569        2006-07-08               10          177
#> 10518       12510     893        2006-10-02               11           91
#> 10519        9108     732        2006-11-25                9           37
#> 10520       32350     971        2006-03-26               10          281
#> 10521        9039    1185        2006-08-15               14          139
#> 10522       39813     810        2006-07-06               10          179
#> 10523       15188    1483        2006-10-01               14           92
#> 10524       31487     578        2006-06-09                9          206
#> 10525       11128     757        2006-07-26                9          159
#> 10526       32822    1165        2006-10-16               12           77
#> 10527       30808    1153        2006-09-05               11          118
#> 10528       13395     681        2006-11-01                9           61
#> 10529       36202     983        2006-08-29               12          125
#> 10530       32911    1060        2006-05-29               11          217
#> 10531        7351    1208        2006-02-02               14          333
#> 10532       30425     834        2006-07-01               12          184
#> 10533        5018     606        2006-08-23                7          131
#> 10534       22110     574        2006-01-04                7          362
#> 10535       17904     843        2006-08-30                8          124
#> 10536       24990    2064        2006-10-04               16           89
#> 10537       29160    1483        2006-10-17               12           76
#> 10538        9499    1173        2005-12-22               12          375
#> 10539       35808     615        2006-07-01                6          184
#> 10540       39133     508        2006-09-02                9          121
#> 10541       14906     325        2006-07-11                3          174
#> 10542        9580    1342        2006-08-09               14          145
#> 10543        7479    1357        2006-03-31               17          276
#> 10544       14167     907        2006-04-09               10          267
#> 10545       20601    1662        2006-11-05               14           57
#> 10546        5888     304        2006-09-29                5           94
#> 10547        1468     556        2006-08-12                7          142
#> 10548       13282    1161        2006-10-14               11           79
#> 10549       17437     995        2006-04-12                8          264
#> 10550       30704     992        2006-06-14                9          201
#> 10551       26555     770        2006-10-01                8           92
#> 10552       19447    1475        2005-12-08               17          389
#> 10553       31665     546        2006-04-16                6          260
#> 10554       31358    1162        2006-08-09               13          145
#> 10555        7149    1688        2006-09-08               15          115
#> 10556       10218     982        2006-08-01               10          153
#> 10557        3906     901        2005-12-08                8          389
#> 10558       13991     453        2006-08-26                5          128
#> 10559       19887    1314        2006-08-05               13          149
#> 10560       38514    1712        2005-07-26               15          524
#> 10561       29162     705        2006-07-26               10          159
#> 10562       34630     636        2005-10-15                7          443
#> 10563       33073     593        2006-07-14                8          171
#> 10564        2877     871        2006-10-04                9           89
#> 10565        6930     679        2006-08-20                8          134
#> 10566       10652    1466        2006-08-22               15          132
#> 10567       13750    1412        2006-12-15               13           17
#> 10568        2132    1025        2006-06-08               11          207
#> 10569       22041    1288        2005-12-02               13          395
#> 10570       24818     481        2006-03-25                6          282
#> 10571        9490     721        2006-06-25                9          190
#> 10572       11548    1228        2006-10-15                9           78
#> 10573        2490    1289        2006-09-18               11          105
#> 10574       37127     954        2005-11-30                9          397
#> 10575       32194     793        2006-10-05                8           88
#> 10576       13594     879        2006-04-29                9          247
#> 10577       33080     844        2006-10-17                9           76
#> 10578       31510    1912        2006-07-08               20          177
#> 10579       34419     819        2006-09-26               10           97
#> 10580       17738     885        2006-11-17               10           45
#> 10581        6980     719        2006-11-25                9           37
#> 10582       13198    1045        2006-05-25                9          221
#> 10583       33988     522        2006-11-14                7           48
#> 10584       30191    1228        2006-05-18               12          228
#> 10585       38909     709        2006-10-03                8           90
#> 10586       36474    1596        2006-06-29               17          186
#> 10587       25707     939        2006-06-27               10          188
#> 10588        6880     891        2006-09-20                8          103
#> 10589       19910     627        2006-02-08               10          327
#> 10590       34114    1004        2006-09-24                9           99
#> 10591       22180     867        2006-11-05                6           57
#> 10592       13138    1436        2006-10-07               16           86
#> 10593       23409     658        2006-12-13                7           19
#> 10594       11538     829        2005-12-11               12          386
#> 10595       15116     883        2006-10-13                9           80
#> 10596       33967    1317        2006-09-16               14          107
#> 10597       28376    1360        2006-11-03               11           59
#> 10598       12836    1230        2006-09-10               11          113
#> 10599        6794     765        2006-05-04                8          242
#> 10600        7312    1129        2006-10-30               11           63
#> 10601       17726     710        2006-08-10                7          144
#> 10602       30706    1293        2006-12-22               14           10
#> 10603       37178    1289        2006-08-30               12          124
#> 10604       25758     626        2006-09-03                8          120
#> 10605        9761     620        2006-11-05                7           57
#> 10606       18091    1210        2006-06-07               13          208
#> 10607       12012    1101        2006-07-30               12          155
#> 10608       28509     715        2006-12-17                8           15
#> 10609       12422    1208        2006-06-12               11          203
#> 10610        9309    1175        2005-09-02               12          486
#> 10611       19295    1235        2006-08-01               12          153
#> 10612       17561     984        2006-07-11                8          174
#> 10613       20969    1520        2006-07-27               14          158
#> 10614       36486    1531        2006-04-23               16          253
#> 10615       35459    1034        2006-08-03               10          151
#> 10616       34571    1122        2006-06-17               12          198
#> 10617       22192    1624        2006-11-14               14           48
#> 10618        7130     835        2006-01-29               10          337
#> 10619        1810    1101        2006-09-23               10          100
#> 10620        8697     613        2005-06-02                5          578
#> 10621       33370     902        2006-06-20               11          195
#> 10622       35960    1113        2006-05-11               10          235
#> 10623        2011     740        2006-09-15                8          108
#> 10624       28711    1274        2005-11-23               13          404
#> 10625       17987    1338        2006-03-30               12          277
#> 10626        9002     508        2006-03-08                7          299
#> 10627       13765    1553        2006-10-17               15           76
#> 10628       10631    1304        2006-06-02               10          213
#> 10629       27105    1012        2006-09-05               10          118
#> 10630       21617    1155        2006-07-23               14          162
#> 10631       30627     422        2005-12-23                5          374
#> 10632       21639    1104        2006-05-31               10          215
#> 10633       39931    1472        2006-08-08               13          146
#> 10634        4069    1382        2006-11-13               13           49
#> 10635       35726    1073        2006-11-11               11           51
#> 10636       23415     559        2006-09-28                8           95
#> 10637       30309     499        2006-06-01                5          214
#> 10638       19978     487        2006-07-19               10          166
#> 10639       25093    1137        2006-10-09               12           84
#> 10640       28663     482        2006-09-30                5           93
#> 10641       33003     614        2006-06-05                6          210
#> 10642       34116    1226        2006-10-29               12           64
#> 10643        3024    1359        2006-10-04               16           89
#> 10644       34428    1324        2006-06-13               15          202
#> 10645       28589     961        2006-10-10               10           83
#> 10646       23588    1344        2006-10-11               14           82
#> 10647       34979     993        2006-01-28               11          338
#> 10648       19862     915        2006-04-26               10          250
#> 10649       16932    1424        2006-09-11               11          112
#> 10650       20090    1528        2006-10-19               15           74
#> 10651       36195    1458        2006-11-01               14           61
#> 10652       11860     940        2006-07-18               14          167
#> 10653       28386     947        2006-12-07                9           25
#> 10654       27475     700        2005-08-22                8          497
#> 10655       38220    1281        2006-09-24               12           99
#> 10656       26717    1044        2006-08-24               10          130
#> 10657       30165     394        2005-05-24                5          587
#> 10658       35067     617        2006-02-23                5          312
#> 10659        4576    2344        2006-08-27               19          127
#> 10660       28597     438        2005-09-13                4          475
#> 10661       19157     601        2006-10-04                9           89
#> 10662        5946     650        2005-11-29                8          398
#> 10663        3288     473        2006-05-24                5          222
#> 10664       21449     850        2006-10-03                9           90
#> 10665       27957     667        2006-08-27               10          127
#> 10666       16393     727        2005-10-15                8          443
#> 10667       23616     759        2006-06-14               10          201
#> 10668       26701     860        2006-03-29                8          278
#> 10669       11183    1118        2006-11-22               11           40
#> 10670       18941     786        2006-07-27                9          158
#> 10671       24479     723        2006-04-14                7          262
#> 10672       32324     794        2006-04-30               10          246
#> 10673       32703    1233        2006-12-28               11            4
#> 10674       27802     446        2006-08-22                4          132
#> 10675        9245    1207        2006-08-03               11          151
#> 10676       24715    1011        2006-11-05               11           57
#> 10677       24232     918        2006-11-12               10           50
#> 10678       29086    1360        2006-09-28               12           95
#> 10679       24546     742        2006-09-22               11          101
#> 10680       31998     492        2006-06-15                7          200
#> 10681       13137     386        2006-09-26                5           97
#> 10682       10957    1142        2006-06-03               11          212
#> 10683       19726    1322        2006-08-06               12          148
#> 10684       13881    1455        2006-08-25               14          129
#> 10685       28622     487        2006-02-27                6          308
#> 10686       23770     981        2005-09-01               12          487
#> 10687       39107     234        2006-06-12                4          203
#> 10688       19752     993        2006-11-14               10           48
#> 10689       14495     869        2006-03-31                8          276
#> 10690       34787     887        2006-02-27               10          308
#> 10691       22241    1386        2006-04-02               15          274
#> 10692       29760    1244        2006-09-30               20           93
#> 10693        5376     933        2006-12-18                8           14
#> 10694       39325    1227        2006-10-31               15           62
#> 10695       30693    1014        2006-11-12               12           50
#> 10696        3135    1177        2006-05-17               11          229
#> 10697       28901    1557        2006-09-13               13          110
#> 10698       18340     690        2005-12-08                8          389
#> 10699       26392     655        2006-08-08                8          146
#> 10700          65    1278        2006-09-24               12           99
#> 10701       37703     593        2006-05-23               10          223
#> 10702       34599     348        2006-09-03                7          120
#> 10703       27708     324        2005-07-10                4          540
#> 10704       19469    1991        2006-08-07               19          147
#> 10705       10582     204        2006-01-13                4          353
#> 10706        2701    1391        2006-11-04               13           58
#> 10707       20742     918        2006-05-14               11          232
#> 10708       13851     983        2006-10-06               11           87
#> 10709       12820    1126        2005-12-01               10          396
#> 10710       18188     452        2006-05-01                6          245
#> 10711       12535     770        2005-09-15               11          473
#> 10712        7992     612        2006-08-16                7          138
#> 10713       29334     539        2006-04-20                8          256
#> 10714       35818     436        2005-08-01                5          518
#> 10715       26867    1380        2006-07-29               17          156
#> 10716       36146     727        2006-09-18                9          105
#> 10717       35980    1184        2006-08-27               10          127
#> 10718       19089    1055        2006-12-25                9            7
#> 10719        6613     967        2006-08-05                7          149
#> 10720       34028    1355        2006-12-20               14           12
#> 10721        7093     908        2006-02-19               10          316
#> 10722       33427     843        2006-10-22               11           71
#> 10723       16701     535        2006-06-21                7          194
#> 10724       36264    1011        2006-08-22               11          132
#> 10725       18935    1363        2006-07-10               12          175
#> 10726        7431     786        2006-08-27                9          127
#> 10727       14532    1112        2006-03-21               12          286
#> 10728       19853     836        2006-06-28                7          187
#> 10729        9460     632        2006-09-05                9          118
#> 10730         945     549        2006-07-22                9          163
#> 10731       21120    1512        2006-10-23               14           70
#> 10732        7175    1349        2006-08-10               14          144
#> 10733       38355     504        2006-11-11                6           51
#> 10734        7809     819        2006-03-14                6          293
#> 10735       33342     928        2006-04-08                9          268
#> 10736       24242    1125        2006-12-19               15           13
#> 10737       24488    1585        2006-12-15               15           17
#> 10738       27509     418        2006-01-26                6          340
#> 10739        4274    1040        2006-08-22               11          132
#> 10740       14156     673        2006-05-02                7          244
#> 10741         804    1253        2006-10-21               12           72
#> 10742         977    1166        2006-10-22               12           71
#> 10743       20776     694        2006-07-05                7          180
#> 10744       20937    1288        2006-10-09               11           84
#> 10745       25549     670        2006-03-19                7          288
#> 10746       26046    1075        2006-07-27               11          158
#> 10747       14254     749        2006-07-24                8          161
#> 10748       24809    1372        2006-06-20               13          195
#> 10749       18125    1470        2006-07-06               14          179
#> 10750       28458     946        2005-05-02               10          609
#> 10751        7934     898        2006-09-24               12           99
#> 10752        2214     403        2006-02-22                5          313
#> 10753       16466     565        2006-08-28                8          126
#> 10754       29472    1585        2006-01-17               15          349
#> 10755       23204     737        2006-10-15                8           78
#> 10756        8900    1287        2006-01-08               15          358
#> 10757       11104     879        2006-11-13               13           49
#> 10758       13072    1099        2006-07-19               12          166
#> 10759       14161    1906        2006-05-14               16          232
#> 10760       36821    1019        2006-04-23               11          253
#> 10761        2131    1239        2006-09-19                9          104
#> 10762       14162    1180        2006-07-07                9          178
#> 10763       29829     850        2006-03-09                8          298
#> 10764       39893    1217        2006-11-19               10           43
#> 10765       31497    1254        2006-08-02               11          152
#> 10766       19987     362        2005-03-30                4          642
#> 10767       37467     950        2006-08-17                8          137
#> 10768       21222     674        2006-06-15                5          200
#> 10769       28068     806        2006-01-15                8          351
#> 10770       22288     920        2005-11-06                8          421
#> 10771        8890     762        2006-10-09               11           84
#> 10772       17436    1122        2006-07-06               14          179
#> 10773       24408     570        2006-06-11                6          204
#> 10774       34005     373        2006-11-15                4           47
#> 10775       39726     615        2006-08-19               10          135
#> 10776        8969     855        2006-10-11                9           82
#> 10777       35507     856        2006-08-07               12          147
#> 10778       12166    1280        2006-09-22               16          101
#> 10779       32877     192        2005-02-18                4          682
#> 10780       29295     731        2006-12-08               10           24
#> 10781       11973     851        2006-04-07                9          269
#> 10782       17348    1000        2005-09-12                8          476
#> 10783        3030    1228        2006-08-25               12          129
#> 10784        8514     786        2006-06-23                9          192
#> 10785       21944     797        2006-11-20                9           42
#> 10786       29009    1513        2006-07-25               13          160
#> 10787        4337    1118        2006-09-09               14          114
#> 10788       17650    1569        2006-06-03               12          212
#> 10789       39123    1022        2006-08-05               12          149
#> 10790       35325    1375        2006-10-28               16           65
#> 10791       39739    1616        2006-12-20               17           12
#> 10792        1847    1417        2006-11-15               14           47
#> 10793        2365     871        2006-06-15                6          200
#> 10794       24639     755        2006-06-10               10          205
#> 10795        7936     910        2006-11-07               10           55
#> 10796       12417    1202        2006-11-10               12           52
#> 10797       10921    1027        2006-09-17               12          106
#> 10798       11270    1232        2006-07-21               14          164
#> 10799        3074    1111        2006-02-11               12          324
#> 10800       30305     252        2006-04-08                4          268
#> 10801        3099     541        2006-09-08                7          115
#> 10802       13104    1168        2006-03-30               13          277
#> 10803       34655     912        2006-08-27               10          127
#> 10804       12240    1238        2006-04-03               14          273
#> 10805       14335     415        2006-07-25                4          160
#> 10806       34760    1035        2006-08-24               12          130
#> 10807       16180    1434        2006-12-13               13           19
#> 10808        7860     882        2006-03-08               12          299
#> 10809       29005     570        2006-02-27                7          308
#> 10810       21442     827        2006-08-18               11          136
#> 10811       33600     782        2006-09-23                9          100
#> 10812       13061     716        2006-10-19                7           74
#> 10813       19270     217        2006-08-28                4          126
#> 10814       22781     497        2005-09-17                5          471
#> 10815       37029     837        2006-07-13                9          172
#> 10816       17823     864        2006-08-09                9          145
#> 10817       22929    1256        2006-03-10               13          297
#> 10818       10616    1130        2006-09-03               11          120
#> 10819       12303     877        2006-07-26                8          159
#> 10820       26338    1229        2006-08-15               10          139
#> 10821       28497    1293        2006-11-09               11           53
#> 10822       13001    1185        2006-02-15               11          320
#> 10823       39496     702        2006-11-13               11           49
#> 10824        6772     720        2006-11-02                8           60
#> 10825        2908    1438        2006-07-12               10          173
#> 10826       24294    1802        2006-01-09               18          357
#> 10827       37775    1399        2006-07-24               12          161
#> 10828       19228     777        2005-08-29                9          490
#> 10829       30752     711        2006-09-26                6           97
#> 10830        5915     505        2005-11-13                7          414
#> 10831       14170     949        2006-06-17               13          198
#> 10832        8039     792        2006-09-27               10           96
#> 10833       13694     635        2005-11-14               10          413
#> 10834       17516    1397        2006-11-10               10           52
#> 10835       18272    1433        2006-10-31               14           62
#> 10836       32920     394        2006-10-18                8           75
#> 10837       19092     861        2006-12-24               12            8
#> 10838        5794     678        2006-07-06               11          179
#> 10839       35830    1109        2006-06-26               11          189
#> 10840        9040     936        2006-11-08               12           54
#> 10841        6971    1006        2006-06-24               13          191
#> 10842       28613    1274        2006-07-15               13          170
#> 10843         314    1147        2006-12-09               12           23
#> 10844        8193     378        2006-05-17                7          229
#> 10845         291    1444        2006-10-27               14           66
#> 10846       30061     501        2006-10-14                5           79
#> 10847       14363    1505        2006-11-10               15           52
#> 10848        3764     791        2006-09-12                8          111
#> 10849       18870    1276        2006-07-22               16          163
#> 10850       29517     575        2006-09-02                7          121
#> 10851       35918     789        2006-10-22               11           71
#> 10852       16576     845        2006-06-13                8          202
#> 10853       30996    1221        2006-01-08               14          358
#> 10854       23410    1059        2006-05-14               12          232
#> 10855       19170     516        2006-02-11                7          324
#> 10856        3867    1378        2006-09-19               14          104
#> 10857       24226     901        2006-06-22                9          193
#> 10858       38790     547        2006-12-09                5           23
#> 10859       12128    1381        2006-11-11               16           51
#> 10860       21920    1801        2006-12-07               18           25
#> 10861       13211    1229        2006-06-23                9          192
#> 10862        6965     980        2006-09-14               11          109
#> 10863        6278    1085        2006-06-06               12          209
#> 10864       13746     466        2006-09-10                6          113
#> 10865       19182     115        2006-03-13                3          294
#> 10866       12036    1068        2005-05-30                7          581
#> 10867       18880     816        2006-10-30                9           63
#> 10868       12980     938        2006-09-24                9           99
#> 10869       30365     408        2006-03-26                4          281
#> 10870       39529     616        2006-06-12                9          203
#> 10871        6602     770        2006-05-08               11          238
#> 10872       17594     519        2006-04-12                5          264
#> 10873       32939     632        2005-09-22                8          466
#> 10874       10508    1252        2006-09-25               11           98
#> 10875       33684    1171        2006-10-08               17           85
#> 10876       30016     843        2006-05-22                7          224
#> 10877       39102    1211        2006-11-17               11           45
#> 10878       17153     846        2006-07-14               11          171
#> 10879       17475     548        2005-11-18                6          409
#> 10880       14671    1082        2006-11-12                9           50
#> 10881        9759    1532        2006-03-22               14          285
#> 10882       12730    1375        2006-09-28               16           95
#> 10883       32432    1744        2006-11-01               17           61
#> 10884       39010     857        2006-07-01                9          184
#> 10885        8406    1505        2006-12-30               11            2
#> 10886       22287     887        2006-08-23               11          131
#> 10887       27770     935        2006-11-16               12           46
#> 10888        5103     248        2005-09-30                4          458
#> 10889        9677     961        2006-01-04                8          362
#> 10890       20236    1304        2006-08-03               12          151
#> 10891       33819    1185        2006-12-02               11           30
#> 10892       24375     238        2006-08-28                4          126
#> 10893         121     866        2006-08-25                8          129
#> 10894        6046     751        2006-08-20                7          134
#> 10895       10346    1088        2006-09-29               13           94
#> 10896       18511     658        2006-05-14                9          232
#> 10897       34726    2353        2006-11-07               19           55
#> 10898       36526    1384        2006-06-22               17          193
#> 10899       17094    1349        2006-05-23               14          223
#> 10900       29900    1585        2006-09-04               12          119
#> 10901       21176     828        2006-12-02               10           30
#> 10902       14600     719        2006-03-08               11          299
#> 10903        2546    1447        2006-11-10                9           52
#> 10904       22376    1010        2006-07-24               15          161
#> 10905       37682    1871        2006-09-23               15          100
#> 10906        2485    1004        2006-03-26                9          281
#> 10907        5889     525        2005-08-27                6          492
#> 10908        9373     937        2006-11-27                8           35
#> 10909       37301    1166        2005-10-08               11          450
#> 10910       13869    1044        2006-04-18                9          258
#> 10911       17069     625        2006-10-12                9           81
#> 10912        4764    1212        2006-07-02               11          183
#> 10913       21809    1071        2006-03-29                8          278
#> 10914       12486    1042        2006-09-22               12          101
#> 10915       11999    1601        2006-10-06               16           87
#> 10916       12060     744        2006-09-19                6          104
#> 10917       20240    1034        2006-10-12               13           81
#> 10918        2859     894        2006-09-14               10          109
#> 10919       39912     751        2006-08-05                9          149
#> 10920       20841     614        2005-08-24                6          495
#> 10921       16143     940        2006-06-20               10          195
#> 10922       28921     778        2006-09-02                8          121
#> 10923       10046    1167        2006-09-28               11           95
#> 10924       22613     558        2005-12-13                4          384
#> 10925       32608     118        2005-07-15                3          535
#> 10926       24967    1194        2006-11-15               14           47
#> 10927        1846     382        2005-08-14                4          505
#> 10928       22095     429        2006-02-14                7          321
#> 10929       11407     855        2006-05-21               11          225
#> 10930       18597     774        2006-07-25               11          160
#> 10931        2323     511        2006-08-17                7          137
#> 10932       19737     941        2006-10-17                9           76
#> 10933       18814     774        2005-08-11                6          508
#> 10934        4947     551        2006-02-25                8          310
#> 10935       14482    1209        2006-10-22               11           71
#> 10936       26988    1152        2006-09-01               12          122
#> 10937        2299     922        2006-11-13               10           49
#> 10938        3552     882        2006-06-02               11          213
#> 10939       20677     494        2006-08-05                7          149
#> 10940       37711    1454        2005-11-26               13          401
#> 10941       18485     926        2005-08-16               11          503
#> 10942       30073    1500        2006-05-06               16          240
#> 10943       38620     737        2006-10-08               11           85
#> 10944       34510     889        2006-08-09                9          145
#> 10945       37954    1385        2006-09-24               13           99
#> 10946       16664    1803        2006-10-24               14           69
#> 10947       15287     524        2006-05-30                6          216
#> 10948       23702    1625        2006-08-26               17          128
#> 10949       33219     457        2006-11-13                6           49
#> 10950       32820     796        2006-12-16                8           16
#> 10951       30759     962        2006-06-06               11          209
#> 10952        8407     836        2006-11-13               10           49
#> 10953        9261     835        2006-09-06                9          117
#> 10954       29626    1365        2006-07-25               11          160
#> 10955         791     805        2006-08-14                8          140
#> 10956       27538     852        2006-06-11                6          204
#> 10957       10935     754        2006-03-24                6          283
#> 10958       36745     554        2005-06-04                7          576
#> 10959       11785    1060        2006-09-26               11           97
#> 10960       33169     577        2006-11-25                6           37
#> 10961       18187    1378        2006-07-12               13          173
#> 10962       23645     448        2005-10-07                6          451
#> 10963        9604    1468        2006-11-09               15           53
#> 10964        3301     661        2006-07-29                7          156
#> 10965        5926     881        2006-10-20                7           73
#> 10966        3673    1219        2006-11-20               12           42
#> 10967       14471     851        2006-06-26               10          189
#> 10968        8152     809        2006-01-05                9          361
#> 10969        1066     488        2005-10-25                8          433
#> 10970       21751    1347        2006-07-15               13          170
#> 10971       34798    1252        2006-01-01                9          365
#> 10972       35407     982        2006-10-19               11           74
#> 10973       20061    1246        2006-04-24               13          252
#> 10974        2813    1395        2006-10-31               14           62
#> 10975       27449     718        2006-05-07                9          239
#> 10976       29649    1133        2006-09-11               12          112
#> 10977       13828     990        2006-02-08                8          327
#> 10978        8708     573        2006-01-13                6          353
#> 10979       19554     925        2006-11-10               10           52
#> 10980        8067     543        2006-07-19                7          166
#> 10981       21386    1236        2006-07-18               14          167
#> 10982       38442    1365        2006-09-08               15          115
#> 10983        7718    1044        2006-01-16                9          350
#> 10984       15714    1121        2006-07-18                9          167
#> 10985       32080    1472        2006-10-18               15           75
#> 10986       30722     718        2006-11-13                8           49
#> 10987       26342    1398        2006-10-15               14           78
#> 10988       20621     454        2006-09-28                5           95
#> 10989       32534     645        2006-06-05                6          210
#> 10990       23919     843        2006-01-19                8          347
#> 10991       29035    1149        2006-08-13               11          141
#> 10992       25840     971        2006-09-19               13          104
#> 10993       16627     388        2005-09-17                4          471
#> 10994       35404    1010        2006-06-07               10          208
#> 10995       32282     659        2005-10-26                7          432
#> 10996       31381     998        2006-07-06               13          179
#> 10997       17596    1079        2006-09-05               13          118
#> 10998       29950     955        2006-08-28               10          126
#> 10999       28448     826        2006-06-09               10          206
#> 11000       35796     822        2005-05-01                5          610
#> 11001       25019     780        2006-09-23               10          100
#> 11002        1065     965        2005-08-15               10          504
#> 11003        4762    1051        2006-11-29                9           33
#> 11004       36703     708        2006-11-20                8           42
#> 11005       30325     718        2006-11-06                6           56
#> 11006       37973     930        2006-02-10                8          325
#> 11007       28167     741        2006-07-07                6          178
#> 11008       29998     642        2006-11-01                8           61
#> 11009       24748     576        2005-12-16                7          381
#> 11010        2517     971        2006-08-22                9          132
#> 11011         669     896        2006-04-04               10          272
#> 11012       30765    1301        2006-12-06               11           26
#> 11013       28168     774        2005-08-22                8          497
#> 11014         992     951        2006-05-04               12          242
#> 11015       25396     862        2006-05-25               10          221
#> 11016        5326    1039        2006-07-20               10          165
#> 11017       26432     776        2006-09-20               11          103
#> 11018       15681     719        2005-12-05                8          392
#> 11019        7832     434        2006-04-12                8          264
#> 11020        9708     593        2006-12-20                6           12
#> 11021        6603     761        2006-08-10                8          144
#> 11022       17119     704        2006-08-18                8          136
#> 11023       32940    1287        2006-01-16               12          350
#> 11024       36813    1286        2006-10-31               14           62
#> 11025       18398     913        2006-06-13               10          202
#> 11026        2465     767        2006-09-07                8          116
#> 11027       18630     536        2006-09-28                6           95
#> 11028        6036     662        2006-09-26                8           97
#> 11029        6263     966        2006-07-15                6          170
#> 11030       21026     718        2006-07-18                7          167
#> 11031       38430    1256        2006-11-22                9           40
#> 11032       16510     703        2006-10-23                8           70
#> 11033       35268     759        2006-10-18                6           75
#> 11034       37383    1292        2006-12-21               12           11
#> 11035       36302     755        2005-12-21                7          376
#> 11036       22976     510        2006-01-30                7          336
#> 11037       28982    1058        2006-12-23               10            9
#> 11038        3294     535        2005-12-14                8          383
#> 11039       27395     646        2006-06-05                9          210
#> 11040       19324     551        2006-07-09                8          176
#> 11041        5727     965        2006-06-30                8          185
#> 11042        6283    1100        2006-11-03               11           59
#> 11043       35001     627        2005-10-29                7          429
#> 11044       17050     624        2006-09-02                6          121
#> 11045       28478     893        2006-07-20               11          165
#> 11046       18853     778        2006-10-09                8           84
#> 11047       32245     626        2006-07-17                7          168
#> 11048       19434    1006        2005-10-11                9          447
#> 11049        8667    1714        2006-09-22               17          101
#> 11050        9662     570        2006-08-12                7          142
#> 11051       14735     794        2006-06-21                9          194
#> 11052       16786     810        2006-08-28                6          126
#> 11053       16444    1061        2006-09-25               11           98
#> 11054       32436    1030        2006-09-03               10          120
#> 11055       31879     873        2006-07-08               11          177
#> 11056       21104    1142        2006-09-16               10          107
#> 11057       33851     971        2006-08-23                9          131
#> 11058       14445     833        2006-06-14               11          201
#> 11059        9609    1301        2006-09-26               13           97
#> 11060       23002     739        2006-07-01                8          184
#> 11061       20285    1000        2006-04-20               10          256
#> 11062       12682     350        2006-05-19                4          227
#> 11063        9967    1281        2006-12-12               12           20
#> 11064        6732     834        2006-06-17               10          198
#> 11065        2385    2113        2006-05-29               17          217
#> 11066        4307    1181        2006-12-24                9            8
#> 11067       25531    1218        2006-10-10                9           83
#> 11068        3875     685        2006-09-10                8          113
#> 11069       31965     645        2006-08-03                9          151
#> 11070       27995    1216        2006-08-28               11          126
#> 11071        3204     574        2005-10-15                8          443
#> 11072       31568     551        2006-07-10               10          175
#> 11073       25410    1172        2006-08-19                9          135
#> 11074       18955    1169        2006-10-02               11           91
#> 11075       23341     656        2006-09-20                6          103
#> 11076       16469     877        2006-03-20               11          287
#> 11077       10359     333        2005-11-21                3          406
#> 11078       25358     978        2006-10-22               11           71
#> 11079       31236    1154        2006-08-02               13          152
#> 11080       29126    1882        2006-08-02               18          152
#> 11081         819    1129        2006-02-16               11          319
#> 11082       22902     968        2006-05-16                9          230
#> 11083       27975     432        2006-06-14                4          201
#> 11084       11510     204        2005-09-26                3          462
#> 11085       16375    1057        2006-03-29               10          278
#> 11086        3379    1237        2006-06-04               12          211
#> 11087        8718    1372        2006-12-14               12           18
#> 11088       38314    1315        2006-06-28               14          187
#> 11089       11192     814        2006-10-06               10           87
#> 11090         999    1462        2006-08-21               12          133
#> 11091        4809    1240        2006-09-10               15          113
#> 11092        3038    1108        2006-10-27                9           66
#> 11093       36355    1849        2006-06-30               14          185
#> 11094       13643     360        2005-10-28                4          430
#> 11095       28307     970        2006-08-04               10          150
#> 11096         193     885        2006-06-22               10          193
#> 11097       18512     454        2006-12-05                7           27
#> 11098       26649     306        2005-01-23                3          708
#> 11099       36241     232        2006-09-10                5          113
#> 11100        4567    1121        2006-11-06               12           56
#> 11101       20800    1296        2006-08-24               17          130
#> 11102       27721    1224        2005-12-31               12          366
#> 11103       10180     829        2006-08-25               11          129
#> 11104       16215    1545        2006-08-24               15          130
#> 11105       32232     732        2005-11-22                6          405
#> 11106       20463     860        2006-11-05               10           57
#> 11107       18047     884        2006-04-22                8          254
#> 11108       34975    1505        2006-10-25               16           68
#> 11109       38877     369        2006-07-07                4          178
#> 11110       22093     937        2005-09-20                8          468
#> 11111       37195     751        2006-08-29                9          125
#> 11112        8237    1411        2006-05-18               16          228
#> 11113       12649    1587        2006-07-28               14          157
#> 11114       20273    1603        2006-06-27               13          188
#> 11115       11107     947        2006-01-08                9          358
#> 11116       36695     720        2006-07-28               10          157
#> 11117       33937     821        2006-08-18                9          136
#> 11118       18177     440        2006-10-14                7           79
#> 11119       34001    1228        2006-08-18               16          136
#> 11120       14013     799        2006-12-10               10           22
#> 11121       14044    1052        2006-07-19                8          166
#> 11122       39078    1984        2006-11-06               15           56
#> 11123       36799     496        2006-09-28                8           95
#> 11124       36306    1044        2006-11-09               10           53
#> 11125       13021     931        2006-07-09               13          176
#> 11126        8985     781        2005-10-26                8          432
#> 11127        7584    1335        2006-09-11               13          112
#> 11128        1138    1002        2006-08-14               12          140
#> 11129       17795     952        2006-11-22               10           40
#> 11130        9159    1266        2006-08-28               14          126
#> 11131       31902    1061        2006-11-17                9           45
#> 11132        8403     806        2005-08-30                7          489
#> 11133        4407     556        2006-07-10                6          175
#> 11134       32552    1089        2006-12-08               10           24
#> 11135       33772     996        2006-05-04               11          242
#> 11136       30131    1316        2006-12-20               14           12
#> 11137       19356     947        2006-10-11               12           82
#> 11138       34572    1211        2006-01-11               12          355
#> 11139         186     431        2006-10-26                6           67
#> 11140       25293    1670        2006-09-30               15           93
#> 11141       21512     723        2006-08-10                9          144
#> 11142        6038     679        2006-11-04                7           58
#> 11143       15333     601        2006-09-26                8           97
#> 11144       16326     575        2006-08-09                7          145
#> 11145       38807    1189        2006-10-02               12           91
#> 11146         620     670        2006-07-15                6          170
#> 11147       36957     800        2006-04-11                8          265
#> 11148       30308     794        2006-12-26                7            6
#> 11149       38584    1328        2006-08-05               14          149
#> 11150       19509    1798        2006-08-02               15          152
#> 11151       19739    1054        2005-12-12               12          385
#> 11152       30216    1592        2006-02-19               13          316
#> 11153       34010     623        2006-08-18                6          136
#> 11154       15631    1252        2006-07-18               16          167
#> 11155        4457     730        2006-07-06                9          179
#> 11156        6871     667        2006-08-28               10          126
#> 11157       34647    1157        2005-10-07               12          451
#> 11158       31751     947        2006-12-21                9           11
#> 11159       10504     767        2006-09-18                9          105
#> 11160       35291     614        2005-12-08               10          389
#> 11161       24011     737        2006-04-14               10          262
#> 11162        7461     723        2006-11-26               10           36
#> 11163        5931    1373        2006-02-25               14          310
#> 11164       14225     888        2006-08-03               10          151
#> 11165        3784    1406        2006-07-04               11          181
#> 11166       23292    1280        2006-08-25               11          129
#> 11167       29383     561        2006-07-21                6          164
#> 11168       10904    1274        2006-10-02               13           91
#> 11169       19836     856        2006-05-20                8          226
#> 11170       29027     648        2006-08-30                7          124
#> 11171       37360     861        2006-07-09               10          176
#> 11172        4732     739        2006-08-26                8          128
#> 11173       33775     866        2006-12-30                8            2
#> 11174        8390    1409        2006-11-12               14           50
#> 11175       30080    1054        2006-03-29               10          278
#> 11176       27390     968        2006-06-29                8          186
#> 11177        1606     470        2004-07-22                4          893
#> 11178       22782     569        2006-09-10                7          113
#> 11179       34047     949        2006-02-21                9          314
#> 11180       16000    1179        2006-02-19               11          316
#> 11181       39718    1494        2006-11-21               12           41
#> 11182       24105    1055        2006-09-18                8          105
#> 11183       16471    1136        2005-09-13               11          475
#> 11184        7045     483        2005-07-15                6          535
#> 11185       38991    1034        2005-07-16               10          534
#> 11186       10115     736        2006-05-14                9          232
#> 11187       17870    1099        2006-05-24               11          222
#> 11188       35348     680        2006-08-24                7          130
#> 11189       19056     591        2006-08-25                6          129
#> 11190       17856     950        2006-01-14               10          352
#> 11191        3762    1236        2006-11-10               11           52
#> 11192        4022    1106        2006-09-29               13           94
#> 11193       22927     661        2006-10-04                6           89
#> 11194       32486    1214        2006-11-22               11           40
#> 11195        6797     334        2006-02-18                5          317
#> 11196        9953     388        2006-08-14                5          140
#> 11197       26513     669        2006-09-28                5           95
#> 11198       18818    1348        2006-10-14               13           79
#> 11199       12541    1048        2006-07-14               11          171
#> 11200       19728    1698        2006-10-03               15           90
#> 11201        9169    1152        2006-11-30               12           32
#> 11202        1839    1096        2006-08-11               13          143
#> 11203       27555     691        2006-07-01               10          184
#> 11204        1205     754        2006-11-13                8           49
#> 11205        5023    1066        2006-10-27               11           66
#> 11206        3640    1177        2006-10-10                8           83
#> 11207       13880    1174        2006-04-27                9          249
#> 11208       29800    1145        2006-09-22               13          101
#> 11209       13588    1068        2006-02-01               12          334
#> 11210       29762     775        2006-08-08               11          146
#> 11211        4831     911        2006-08-11                8          143
#> 11212       10039     104        2006-02-13                2          322
#> 11213       14197     861        2006-06-05                8          210
#> 11214       22738     699        2006-07-17               10          168
#> 11215       36524     892        2006-03-22                9          285
#> 11216        5307    1842        2005-10-22               16          436
#> 11217        6399     836        2006-07-15                6          170
#> 11218       10543     858        2006-07-15                9          170
#> 11219       27156    1176        2006-10-26               14           67
#> 11220       35669     347        2006-06-02                5          213
#> 11221       11021    1675        2006-10-06               11           87
#> 11222       14487     587        2005-10-11                6          447
#> 11223       16187     517        2006-07-01                8          184
#> 11224       22563    1275        2005-08-28               15          491
#> 11225       19970     742        2006-08-28               11          126
#> 11226       26971    1079        2006-02-28               10          307
#> 11227        7589     846        2006-08-20                8          134
#> 11228       39692     770        2006-06-02               12          213
#> 11229       29542     624        2006-09-06               10          117
#> 11230        6442    1104        2006-07-25               12          160
#> 11231       39395     991        2006-06-24               10          191
#> 11232       22001     822        2006-11-30               10           32
#> 11233       17687    1576        2006-12-01               18           31
#> 11234       36598    1101        2006-12-09               13           23
#> 11235       28151     843        2006-08-17                8          137
#> 11236       27767     714        2006-06-14               12          201
#> 11237        9752     937        2006-11-29               10           33
#> 11238       32993     724        2006-07-02               12          183
#> 11239        8954     810        2006-06-28                9          187
#> 11240       17597     837        2006-05-25               10          221
#> 11241        3239     700        2006-07-27               10          158
#> 11242       18502    1457        2006-03-11               14          296
#> 11243       18934    1141        2006-12-22               11           10
#> 11244       31794    1274        2005-09-29               14          459
#> 11245       17196     853        2006-05-25                7          221
#> 11246       36402    1368        2006-07-12               14          173
#> 11247       24070     706        2006-10-24               11           69
#> 11248       21102     649        2006-01-01                7          365
#> 11249       11173     817        2006-10-31                9           62
#> 11250       31364    1109        2006-05-06                9          240
#> 11251       28843     716        2006-12-12                8           20
#> 11252       12432    1798        2006-10-13               15           80
#> 11253       13938    1423        2006-10-19               13           74
#> 11254       39796    1205        2006-11-25               12           37
#> 11255        8536     610        2006-07-09                7          176
#> 11256        7059     965        2006-10-24               10           69
#> 11257       24869     369        2006-11-13                4           49
#> 11258       35827     657        2005-08-05               11          514
#> 11259         742     853        2006-07-12                8          173
#> 11260       33539     701        2006-12-22                5           10
#> 11261       30862     690        2006-10-20                8           73
#> 11262       31581     825        2006-07-22               11          163
#> 11263       21042    1040        2006-08-04               12          150
#> 11264       29352     680        2006-11-17                8           45
#> 11265       23418     188        2005-10-14                3          444
#> 11266       39891     906        2006-09-18                8          105
#> 11267        6598     797        2006-12-10                7           22
#> 11268       25644    1014        2005-12-01               10          396
#> 11269        5720     390        2006-03-14                6          293
#> 11270        1863     619        2006-09-11                6          112
#> 11271       27207     865        2006-07-16               10          169
#> 11272       18607    1607        2006-10-14               18           79
#> 11273       15320    1474        2006-09-03               11          120
#> 11274       12253     645        2006-03-07                4          300
#> 11275       38042     319        2006-11-09                4           53
#> 11276       21052     529        2006-07-27                8          158
#> 11277       28301     666        2006-10-25                9           68
#> 11278       15913    1163        2006-07-16               11          169
#> 11279       24110     613        2006-03-14                6          293
#> 11280       20175     804        2006-02-13                7          322
#> 11281        2041    1583        2006-08-19               16          135
#> 11282       12224     657        2006-10-19                8           74
#> 11283        3198    1319        2005-11-17               12          410
#> 11284        6018     258        2006-08-27                3          127
#> 11285       24235    1143        2006-08-23               11          131
#> 11286        1587     860        2006-11-26               11           36
#> 11287        5829     726        2006-09-17                9          106
#> 11288       30609     954        2006-08-13               11          141
#> 11289       30504     569        2006-09-27                7           96
#> 11290       36336     875        2006-06-18                9          197
#> 11291       18440     713        2006-10-06                8           87
#> 11292       29872     695        2006-08-16                8          138
#> 11293       39319     938        2006-07-19               12          166
#> 11294       35746     698        2005-10-01                9          457
#> 11295       28086     297        2006-08-25                5          129
#> 11296       15666    1212        2006-10-14               13           79
#> 11297       22182     739        2005-12-13                9          384
#> 11298       31680     722        2006-08-12               10          142
#> 11299        3320     616        2005-10-11                7          447
#> 11300       39245     826        2006-07-18               11          167
#> 11301       26249    1560        2006-06-06               16          209
#> 11302        4403     208        2006-08-08                4          146
#> 11303       17459     783        2006-08-15                9          139
#> 11304       18729     732        2006-12-04                9           28
#> 11305       21987    1311        2006-09-01               11          122
#> 11306       27258    1228        2006-06-13               13          202
#> 11307       34776     960        2006-07-26               10          159
#> 11308       33681     929        2005-10-16               10          442
#> 11309       35748    1690        2006-07-16               15          169
#> 11310       39024    1277        2006-11-19               14           43
#> 11311       39215    1258        2006-12-07               14           25
#> 11312        9641     665        2006-06-16                8          199
#> 11313       36937     615        2005-11-15                6          412
#> 11314       30447    1053        2006-12-03               11           29
#> 11315       19166     912        2006-10-10                8           83
#> 11316       18113     748        2006-08-22                8          132
#> 11317       21979    1778        2006-11-07               15           55
#> 11318       16292     644        2006-07-29                8          156
#> 11319        5513     294        2006-05-22                4          224
#> 11320       17311    1460        2006-05-26               15          220
#> 11321       37234    1203        2006-06-05               13          210
#> 11322       25784     958        2006-10-30               10           63
#> 11323       22612     723        2006-06-23                9          192
#> 11324       25973    1045        2006-09-16               15          107
#> 11325       11299     590        2006-12-03                6           29
#> 11326       26446    1141        2006-06-27               11          188
#> 11327       39464    1388        2006-10-21               13           72
#> 11328         918     961        2006-09-06               11          117
#> 11329       13580    1024        2006-09-20               11          103
#> 11330       36372    1459        2006-10-29               13           64
#> 11331        3646    1031        2006-08-27               13          127
#> 11332       14613     583        2006-09-16                9          107
#> 11333        9074    1399        2006-10-12               13           81
#> 11334       24111     724        2006-02-14               11          321
#> 11335        2382     600        2006-11-20                8           42
#> 11336       39806     434        2006-07-13                5          172
#> 11337        6767     665        2006-01-26                7          340
#> 11338        8335     610        2006-03-17                8          290
#> 11339        8500     658        2006-05-08                7          238
#> 11340       32966    1015        2005-11-11               10          416
#> 11341       26969     681        2006-09-13                8          110
#> 11342         450     846        2006-03-19                9          288
#> 11343       24341     512        2005-07-26                4          524
#> 11344       38461    1003        2005-10-10                8          448
#> 11345       24067     462        2006-05-31                6          215
#> 11346        6414     470        2006-01-02                5          364
#> 11347       17944    1132        2006-11-14               11           48
#> 11348       22542     638        2005-05-19                5          592
#> 11349        5276    1202        2006-06-21               12          194
#> 11350       31660    1166        2006-06-20               12          195
#> 11351       13453     368        2006-08-22                5          132
#> 11352       39706    1559        2006-03-24               15          283
#> 11353       30677     778        2006-07-18                9          167
#> 11354       32637     912        2005-12-14               10          383
#> 11355       10535    1092        2006-04-23                9          253
#> 11356       31011     482        2006-09-19                9          104
#> 11357       39194     703        2006-05-27                7          219
#> 11358         599    1180        2006-08-07               11          147
#> 11359       27737     439        2006-05-29                6          217
#> 11360       32736     867        2006-08-24               11          130
#> 11361       24499     885        2006-08-26               11          128
#> 11362       11297     519        2006-06-16                8          199
#> 11363       23716     959        2006-11-13               10           49
#> 11364       39944     484        2006-12-02                4           30
#> 11365       26455     900        2006-10-20               11           73
#> 11366       17268    1125        2006-07-07               10          178
#> 11367       20522    1652        2006-09-20               15          103
#> 11368         595    1443        2006-06-27               13          188
#> 11369       16267     404        2006-08-31                4          123
#> 11370       27683     824        2006-07-01                9          184
#> 11371       20430     736        2006-07-15               11          170
#> 11372       33738     771        2006-05-26                9          220
#> 11373       12662     655        2006-11-10                8           52
#> 11374       18151     541        2006-11-13               11           49
#> 11375        5473    1544        2006-04-06               15          270
#> 11376       15937     880        2006-07-05                9          180
#> 11377        1634     848        2006-12-13               10           19
#> 11378       13023    1044        2006-06-02               12          213
#> 11379       31632     748        2006-05-30               11          216
#> 11380       34637    1219        2006-09-18               15          105
#> 11381       31930     917        2006-08-10                9          144
#> 11382       34780     733        2006-10-25                6           68
#> 11383       18354    1005        2006-06-02               11          213
#> 11384        9340     808        2006-07-06                8          179
#> 11385       16986    1020        2006-07-13                9          172
#> 11386       29448     627        2006-08-30                8          124
#> 11387       23084     444        2006-07-29                7          156
#> 11388        7717     734        2006-07-31               10          154
#> 11389       11739    1231        2006-05-25               12          221
#> 11390        8014     803        2006-09-12                6          111
#> 11391       21928    1078        2006-07-29               10          156
#> 11392       25585     841        2006-11-13                9           49
#> 11393        2301     561        2006-07-09                8          176
#> 11394       28858    1420        2006-11-17               13           45
#> 11395       21341    1110        2006-11-24               11           38
#> 11396        1873     754        2006-10-05                8           88
#> 11397       23044    1113        2006-09-17               10          106
#> 11398       21892    1078        2006-08-07                9          147
#> 11399        5115    1120        2006-06-29               13          186
#> 11400       10694     758        2006-06-22                9          193
#> 11401       37017     946        2006-05-31                8          215
#> 11402        6671    1217        2006-07-10               10          175
#> 11403       22419     938        2006-04-13                7          263
#> 11404       25237    1545        2006-07-11               13          174
#> 11405       29016    1407        2006-11-16               14           46
#> 11406       39740     903        2006-10-03                7           90
#> 11407       34788    1396        2006-10-14               15           79
#> 11408       33325     771        2005-12-15                7          382
#> 11409       24342    1119        2006-03-25               12          282
#> 11410       10997     481        2006-09-14                7          109
#> 11411        3202     761        2006-10-18               10           75
#> 11412       27209     831        2005-09-25                6          463
#> 11413        4264     681        2006-01-14                8          352
#> 11414       27146     815        2006-09-12                8          111
#> 11415       33519     464        2006-07-20                8          165
#> 11416       20988     623        2006-05-25                7          221
#> 11417       39064     668        2005-07-19                6          531
#> 11418       10391     633        2006-05-28                6          218
#> 11419       21380     617        2006-05-18                9          228
#> 11420       25411     841        2006-09-18               13          105
#> 11421       35275    1459        2006-06-12               16          203
#> 11422        2617     809        2006-07-12                7          173
#> 11423       33415     369        2006-12-25                7            7
#> 11424       39353    1109        2006-12-08               12           24
#> 11425       15497     704        2005-10-16                9          442
#> 11426       19585    1082        2006-06-27               10          188
#> 11427        1389     764        2006-07-04                8          181
#> 11428       20493     942        2006-11-10               14           52
#> 11429        2118    1436        2006-12-07               10           25
#> 11430       22352    1140        2006-08-11               10          143
#> 11431       35556    1008        2006-01-05               11          361
#> 11432       26480     769        2005-07-04                7          546
#> 11433       13939    1027        2006-07-17               12          168
#> 11434       22665    1108        2006-07-03               12          182
#> 11435       25484     741        2006-09-18                7          105
#> 11436       11544    1329        2006-10-28               10           65
#> 11437        1405    1069        2006-06-02                9          213
#> 11438       28679     824        2006-05-30                9          216
#> 11439       18473     716        2006-04-15                8          261
#> 11440        5626     831        2006-09-04                6          119
#> 11441        9472    1227        2006-11-05               13           57
#> 11442       30245     830        2006-10-11                9           82
#> 11443       32104     968        2006-05-23               10          223
#> 11444        8812    1437        2006-09-14               16          109
#> 11445         102    1422        2006-07-30               11          155
#> 11446       34451     708        2005-10-12                7          446
#> 11447        4328     640        2006-12-05                6           27
#> 11448       30059     841        2006-06-28               10          187
#> 11449       36128    1264        2006-05-17               12          229
#> 11450        3687     443        2006-11-03                5           59
#> 11451       13090     885        2006-12-14                9           18
#> 11452        7418     562        2006-05-30                7          216
#> 11453       27002     884        2006-11-06                7           56
#> 11454        2885     899        2005-09-09               12          479
#> 11455       28359    1540        2006-09-19               14          104
#> 11456        4206     537        2005-10-08                8          450
#> 11457       11485     343        2006-12-29                5            3
#> 11458       27633     620        2006-08-03                7          151
#> 11459       16114     343        2006-08-24                5          130
#> 11460       20230     790        2006-09-06                8          117
#> 11461       16687    1299        2006-06-21               12          194
#> 11462       12125    1047        2006-10-19               13           74
#> 11463       28135    1601        2005-11-13               14          414
#> 11464       32674     324        2005-10-11                7          447
#> 11465       17253     713        2006-09-25                8           98
#> 11466       37851     947        2005-09-01               11          487
#> 11467       31817     581        2006-07-27                6          158
#> 11468        7510    1706        2006-08-06               15          148
#> 11469       15247    1162        2006-12-08               14           24
#> 11470       39628    1018        2006-06-24                9          191
#> 11471        5505     631        2006-03-28                7          279
#> 11472       29350    1032        2006-09-12               12          111
#> 11473        3436     745        2006-10-19               10           74
#> 11474       39479    1261        2006-12-03               12           29
#> 11475        3417     731        2006-09-27                6           96
#> 11476        1820    1579        2006-10-16               15           77
#> 11477        7466     952        2006-10-02                9           91
#> 11478       32866     359        2005-10-04                5          454
#> 11479       25681    1222        2006-08-13               13          141
#> 11480       13158     696        2006-11-02                9           60
#> 11481       13764     491        2005-05-18                5          593
#> 11482       27788     675        2006-08-11               10          143
#> 11483       23604     971        2006-12-09               10           23
#> 11484        2798    1432        2006-04-07               12          269
#> 11485        8203     498        2005-08-25                8          494
#> 11486         697    2002        2006-07-10               15          175
#> 11487        3072    1183        2006-11-23               10           39
#> 11488       14955     668        2006-08-25                7          129
#> 11489       34842     582        2005-10-03                8          455
#> 11490       35974     861        2006-10-12               13           81
#> 11491        8119     345        2006-03-22                5          285
#> 11492        9372    1625        2006-07-06               17          179
#> 11493       14337     756        2006-07-15                7          170
#> 11494         638    1208        2006-09-06                9          117
#> 11495        3857     976        2006-10-03               11           90
#> 11496       21458     440        2006-10-25               10           68
#> 11497       14249    1151        2006-12-09               14           23
#> 11498       11919     520        2005-10-24                6          434
#> 11499       25154     988        2006-12-23                8            9
#> 11500       31725     652        2005-08-19                8          500
#> 11501       22409     484        2005-05-19                5          592
#> 11502        6208     379        2006-06-18                5          197
#> 11503       28362     837        2006-08-17               10          137
#> 11504       26499    1351        2006-11-14               11           48
#> 11505       37268    1033        2006-12-29               11            3
#> 11506       23062    1276        2005-12-30               12          367
#> 11507       17281    1181        2005-11-11               14          416
#> 11508        5401    1216        2006-06-05               10          210
#> 11509       28427     865        2006-09-06               11          117
#> 11510       34012    1167        2006-07-14               13          171
#> 11511       12017     599        2006-11-07                6           55
#> 11512       19343    1400        2006-07-31               12          154
#> 11513       13078     671        2006-08-31                9          123
#> 11514       36495     909        2005-10-11               10          447
#> 11515       37581    1207        2006-09-19               11          104
#> 11516       19781    1196        2006-10-07               12           86
#> 11517        5429     992        2006-07-10                9          175
#> 11518       38551     934        2005-09-08               10          480
#> 11519        1493    1067        2006-10-08               12           85
#> 11520       12251    1096        2006-08-08               12          146
#> 11521        8594     394        2006-11-19                5           43
#> 11522       32743     668        2006-10-24                8           69
#> 11523       27247     857        2006-12-12               13           20
#> 11524       12248    1088        2006-04-30               10          246
#> 11525       17753     222        2006-08-19                6          135
#> 11526       34889     732        2006-09-11               11          112
#> 11527       17838    1086        2006-09-09               13          114
#> 11528          30    1337        2006-09-22               13          101
#> 11529       25808     964        2006-08-14                9          140
#> 11530        7606    1214        2006-12-20               13           12
#> 11531       37267     918        2006-06-30               10          185
#> 11532       15679     641        2006-11-19                8           43
#> 11533        3321     790        2006-04-07                9          269
#> 11534       18672     449        2006-10-26                5           67
#> 11535        7545     662        2005-09-14                8          474
#> 11536        1796    1005        2006-10-13               12           80
#> 11537       29851    1629        2006-09-26               12           97
#> 11538       21853    1058        2006-09-24                9           99
#> 11539       36687     456        2006-08-17                9          137
#> 11540       19148     906        2006-11-27               11           35
#> 11541       29742     675        2006-11-29                9           33
#> 11542       14209    1004        2006-08-30                8          124
#> 11543       20842    1606        2006-11-08               13           54
#> 11544       16189     645        2006-10-14                6           79
#> 11545       34908    1764        2006-08-12               18          142
#> 11546        7561     505        2006-04-18                6          258
#> 11547       36127     661        2006-11-08                7           54
#> 11548       19595     908        2006-11-15                9           47
#> 11549        8199     931        2005-09-08               10          480
#> 11550       13974     403        2006-09-13                6          110
#> 11551       16790     920        2006-12-04               14           28
#> 11552       22943    1192        2006-07-23               12          162
#> 11553        2676     979        2006-07-01               12          184
#> 11554       36361     815        2006-10-21               10           72
#> 11555       29988     805        2006-10-17               11           76
#> 11556       23136    1013        2005-09-10                9          478
#> 11557       24072     622        2006-05-25                8          221
#> 11558       24088    1341        2006-07-06               11          179
#> 11559       29149     596        2005-10-05                6          453
#> 11560        4281    1594        2006-10-10               14           83
#> 11561       22105    1498        2006-07-05               15          180
#> 11562       31827     201        2006-10-04                2           89
#> 11563        1914     708        2006-08-27                8          127
#> 11564       27006     969        2006-11-15               12           47
#> 11565       38505    1052        2005-10-26               11          432
#> 11566        7308    1359        2006-07-03               11          182
#> 11567       39242     649        2006-06-22                7          193
#> 11568       12619    1567        2006-11-01               15           61
#> 11569       25239     979        2006-11-20                9           42
#> 11570        3429     487        2006-01-25                5          341
#> 11571       36782     669        2006-12-29               10            3
#> 11572       27682     371        2006-07-22                4          163
#> 11573        7991    1077        2006-11-05               11           57
#> 11574       15033     633        2006-10-24                8           69
#> 11575       19411     786        2006-06-12               11          203
#> 11576       13638     792        2006-08-05                8          149
#> 11577       32458    1612        2006-12-04               12           28
#> 11578        6351    1304        2006-09-09               11          114
#> 11579       11409    1283        2006-11-04               12           58
#> 11580       15999    1173        2006-08-22               14          132
#> 11581       36367     706        2006-08-24               11          130
#> 11582       21220     686        2006-12-20                7           12
#> 11583         586     606        2006-10-04                8           89
#> 11584       23142     936        2006-10-26               13           67
#> 11585        9048    1015        2006-04-09               10          267
#> 11586       17330     402        2006-03-07                5          300
#> 11587       25225     865        2006-05-30               11          216
#> 11588       17100     820        2006-08-19               10          135
#> 11589       20495     812        2006-06-22               12          193
#> 11590       12593    1061        2006-11-10                8           52
#> 11591       16803    1621        2006-07-02               17          183
#> 11592        7309    1450        2006-09-15               13          108
#> 11593       36503     344        2006-04-24                5          252
#> 11594       15405    1062        2005-09-11                8          477
#> 11595        7379    1076        2006-09-12               11          111
#> 11596       20472    1184        2006-10-28               12           65
#> 11597       18138     773        2006-09-13                8          110
#> 11598       39587     548        2005-10-20                9          438
#> 11599        5637    1042        2005-11-09                9          418
#> 11600        1235     419        2006-08-03                7          151
#> 11601       18196     858        2006-07-10                9          175
#> 11602       11350     538        2005-11-17                6          410
#> 11603       22791     528        2006-09-07                5          116
#> 11604       35030    1486        2006-08-17               13          137
#> 11605       36050     912        2006-10-04               13           89
#> 11606       18811     878        2006-06-17                8          198
#> 11607       13731    1241        2006-10-20               10           73
#> 11608       25818     340        2006-08-19                5          135
#> 11609       23602     370        2005-12-28                6          369
#> 11610       37752     721        2006-09-09               10          114
#> 11611        8785    1306        2006-11-28               10           34
#> 11612       16644     420        2006-07-25                6          160
#> 11613       20400    1006        2006-08-08               11          146
#> 11614       23149     806        2006-09-04               10          119
#> 11615       28563    1536        2006-10-31               12           62
#> 11616        9683     973        2006-08-19                9          135
#> 11617       37009     975        2006-07-26                9          159
#> 11618       31821    1201        2006-08-31               12          123
#> 11619       29049     535        2005-12-13                6          384
#> 11620        2637    1240        2006-11-07               12           55
#> 11621       31301    1285        2006-07-15               12          170
#> 11622       34512     280        2005-11-08                5          419
#> 11623       13275    1108        2006-10-01               11           92
#> 11624       27481    1536        2006-10-01               13           92
#> 11625       15108     809        2006-09-01               10          122
#> 11626       17255     718        2006-01-30               12          336
#> 11627       34936    1631        2006-09-18               12          105
#> 11628       31983    1156        2006-07-29               12          156
#> 11629       18768    1044        2006-09-09               11          114
#> 11630       11928    1602        2006-09-16               16          107
#> 11631        6618     897        2006-09-20                9          103
#> 11632       17839    1099        2006-12-17               11           15
#> 11633       26343    1003        2006-12-11                9           21
#> 11634        2136     579        2006-10-30                7           63
#> 11635       17172     677        2006-08-15                8          139
#> 11636       27814     822        2006-10-30               10           63
#> 11637       36281    1253        2006-10-09               13           84
#> 11638       35210     968        2006-09-10               10          113
#> 11639       35965    1057        2006-10-22               11           71
#> 11640       34724    1179        2006-06-25               11          190
#> 11641       35202     448        2006-07-08                8          177
#> 11642       20480     641        2005-09-30                8          458
#> 11643       39052    1115        2006-09-21               11          102
#> 11644         288    1141        2006-10-11                9           82
#> 11645       26323    1163        2005-10-03               13          455
#> 11646       15383     873        2006-05-09                8          237
#> 11647       15143     872        2006-09-17               10          106
#> 11648        3088     381        2005-09-01                3          487
#> 11649       35104     355        2006-05-27                4          219
#> 11650        6564    1314        2006-11-25               12           37
#> 11651       20854     886        2006-08-12               10          142
#> 11652        8798    1020        2006-08-13               12          141
#> 11653       14762     805        2006-06-30               10          185
#> 11654        8998     516        2006-01-20                6          346
#> 11655       39543     792        2006-02-15                8          320
#> 11656        4257     834        2006-05-11                8          235
#> 11657       32591     735        2006-04-17                9          259
#> 11658       11148    1372        2006-09-18               16          105
#> 11659       18619    1109        2006-07-25               11          160
#> 11660       10609     812        2006-05-15                8          231
#> 11661         854     612        2006-10-17                8           76
#> 11662        3011     487        2006-08-26                8          128
#> 11663       17788     685        2006-01-05               10          361
#> 11664       31421    1548        2006-09-07               14          116
#> 11665       21665    1375        2006-08-26               10          128
#> 11666       16362     871        2006-06-29                9          186
#> 11667         708     773        2006-09-16               10          107
#> 11668        9445    1497        2006-08-25               15          129
#> 11669       28001    1232        2006-11-23               12           39
#> 11670       10005     800        2006-04-02                8          274
#> 11671       39147     657        2005-12-07                5          390
#> 11672       25584     564        2006-07-21                9          164
#> 11673        6280     635        2006-08-18                6          136
#> 11674       23076     749        2006-02-26                6          309
#> 11675       20431     750        2006-06-01               11          214
#> 11676        9688     615        2006-08-13                7          141
#> 11677       26305     605        2006-04-26                7          250
#> 11678        6087     524        2005-08-16                6          503
#> 11679       12326    1259        2006-12-06               14           26
#> 11680       19221    1116        2005-08-24               11          495
#> 11681       21581    1187        2006-09-12                9          111
#> 11682         623     835        2006-08-04                9          150
#> 11683       14636     937        2006-08-24               12          130
#> 11684        2811    1202        2006-12-25               12            7
#> 11685        8075     786        2006-07-25                8          160
#> 11686       10255    1065        2006-01-16                9          350
#> 11687         100     471        2006-07-02                7          183
#> 11688        8234     794        2006-10-21               10           72
#> 11689        4911     818        2006-09-09               11          114
#> 11690        6021     913        2006-06-12               10          203
#> 11691       17104     594        2006-03-10                6          297
#> 11692       20068     519        2005-09-23                5          465
#> 11693        9167     477        2006-05-26                8          220
#> 11694        7363     685        2005-12-22                8          375
#> 11695        6763     549        2006-10-02                7           91
#> 11696       14925     449        2006-01-02                5          364
#> 11697       20404     917        2006-05-21                9          225
#> 11698       27796    1778        2006-09-17               15          106
#> 11699       36884    1750        2006-09-23               12          100
#> 11700       12779     765        2006-11-23                7           39
#> 11701       23685     655        2006-02-15               10          320
#> 11702       17515     389        2006-02-05                5          330
#> 11703        3065    1280        2005-09-08               13          480
#> 11704       30557     428        2006-07-18                4          167
#> 11705        7565     697        2005-09-16                7          472
#> 11706       27973    1445        2006-09-15               15          108
#> 11707       34743     553        2006-08-08                6          146
#> 11708       17191    1105        2006-10-26                9           67
#> 11709       28579    1009        2006-08-31               10          123
#> 11710       35501    1268        2006-07-06               17          179
#> 11711       30977    1702        2006-10-01               14           92
#> 11712       33486     656        2006-11-13                8           49
#> 11713       12999     619        2006-12-01                7           31
#> 11714       32825     697        2006-10-12               10           81
#> 11715       23787     685        2006-09-16                6          107
#> 11716        8952     567        2006-08-24               10          130
#> 11717       31699     573        2005-09-25                7          463
#> 11718        9362    1095        2005-09-17               11          471
#> 11719       27614     543        2006-07-13                7          172
#> 11720       16333    1248        2006-07-01                9          184
#> 11721       35696     526        2005-11-05                5          422
#> 11722       10449    1268        2006-01-12               12          354
#> 11723       33904    1177        2006-10-08               10           85
#> 11724       22571     735        2006-05-17               10          229
#> 11725       19824    1133        2006-08-02               11          152
#> 11726       38407    1658        2006-09-06               19          117
#> 11727       17197    1212        2006-03-26               13          281
#> 11728       37180     917        2006-10-07               14           86
#> 11729        1351     621        2006-07-03                8          182
#> 11730        7926    1077        2006-07-04               11          181
#> 11731        8097     656        2006-08-09                8          145
#> 11732       19555    1980        2006-10-28               17           65
#> 11733        9618    1626        2006-07-16               15          169
#> 11734       31494    1152        2006-12-17               13           15
#> 11735       28333     561        2006-05-29                8          217
#> 11736        6430    1401        2006-10-13               17           80
#> 11737       25126     532        2006-09-15                6          108
#> 11738       30970     898        2006-08-04               10          150
#> 11739       38740    1014        2006-10-08                8           85
#> 11740       15590    1010        2006-11-16                7           46
#> 11741       27844    1141        2006-10-31               13           62
#> 11742       10797     509        2006-07-31                6          154
#> 11743       36780     442        2006-10-20                7           73
#> 11744       10144     665        2006-11-08               11           54
#> 11745       26130     887        2006-05-18               10          228
#> 11746       25240     938        2006-11-23               12           39
#> 11747        9663     604        2006-09-21                7          102
#> 11748         680     614        2006-08-08                7          146
#> 11749         425    1062        2006-11-06               11           56
#> 11750       21078     776        2006-08-16               10          138
#> 11751       32880     259        2006-01-15                6          351
#> 11752       33609    1341        2006-06-15               11          200
#> 11753        7828    1251        2006-11-01               14           61
#> 11754       27955     678        2005-06-03                5          577
#> 11755        6316    1567        2006-08-31               15          123
#> 11756       14298    1142        2006-06-21               11          194
#> 11757       25747     875        2006-07-21               11          164
#> 11758       29232    1352        2006-06-10               12          205
#> 11759       11998    1230        2006-10-24               10           69
#> 11760       36902    1134        2006-01-25               11          341
#> 11761       10987     876        2006-01-02               10          364
#> 11762       18530    1094        2005-12-20               11          377
#> 11763       35378     638        2006-09-10                7          113
#> 11764       38635    1276        2006-01-24               11          342
#> 11765        9968    1621        2006-07-14               11          171
#> 11766       36960    1209        2006-10-23               13           70
#> 11767         568     355        2006-10-29                7           64
#> 11768       26527    1179        2006-09-28               10           95
#> 11769       36326    1035        2006-10-02                7           91
#> 11770       12013     889        2006-08-12               11          142
#> 11771        5469    1130        2006-09-29                9           94
#> 11772       36728     412        2005-08-21                8          498
#> 11773       32024     653        2006-06-22                8          193
#> 11774       16545     865        2006-03-15                7          292
#> 11775       12886    1244        2006-10-08               13           85
#> 11776       19646     824        2006-06-09               10          206
#> 11777        5048     549        2006-06-21                5          194
#> 11778       30258     642        2006-10-23                9           70
#> 11779        2264    1166        2006-09-29               10           94
#> 11780        9136     839        2006-11-02               11           60
#> 11781        4425    1131        2006-08-12               13          142
#> 11782        4461    1299        2006-02-20               15          315
#> 11783        3215    1277        2006-07-11               14          174
#> 11784       19475     750        2006-12-13               10           19
#> 11785       26850    1590        2006-08-13               16          141
#> 11786        5205     871        2006-08-24               10          130
#> 11787        6250    1112        2006-01-10               11          356
#> 11788       37239    1121        2006-12-04               10           28
#> 11789       26071    1784        2006-08-14               17          140
#> 11790       16660    1351        2006-08-28               11          126
#> 11791        8772    1282        2006-03-19               11          288
#> 11792        2285     667        2006-07-12                7          173
#> 11793        9624     400        2006-07-11                4          174
#> 11794       11201    1453        2006-09-10               11          113
#> 11795       21849     636        2006-04-10                6          266
#> 11796       30472    1160        2006-06-21               12          194
#> 11797       10451    1460        2006-10-14               13           79
#> 11798       37407     903        2006-06-21               12          194
#> 11799        8578    1040        2006-07-18               12          167
#> 11800       39477    1271        2006-06-17               11          198
#> 11801       30973    1020        2006-06-06               11          209
#> 11802       14328     410        2006-07-07                6          178
#> 11803       25962     864        2006-03-25               10          282
#> 11804       34617     800        2006-09-22               10          101
#> 11805        9819     474        2006-09-03                6          120
#> 11806       10459     918        2006-09-03                9          120
#> 11807       32303    1338        2006-08-08               12          146
#> 11808       13995     661        2006-03-19                8          288
#> 11809       34255     832        2006-09-08               11          115
#> 11810        7269    1071        2006-12-11               10           21
#> 11811       15542    1216        2006-12-27               14            5
#> 11812       17680     582        2006-07-07                8          178
#> 11813       15141     781        2006-07-24               10          161
#> 11814        8093     824        2006-10-13                8           80
#> 11815       26762    1129        2006-11-30               10           32
#> 11816       21673     719        2005-12-21                8          376
#> 11817        7558    1240        2006-10-13               11           80
#> 11818       31697     901        2006-10-21                8           72
#> 11819       18702     739        2006-05-24                9          222
#> 11820       28041     717        2006-09-16                9          107
#> 11821       18552     435        2006-09-18                6          105
#> 11822       35167     890        2006-07-16                9          169
#> 11823       38383     710        2006-03-31                8          276
#> 11824       28218    1157        2006-08-27               10          127
#> 11825       26449    1077        2006-05-18               11          228
#> 11826        5040     391        2006-06-08                6          207
#> 11827       11597    1412        2006-06-09               10          206
#> 11828        7874     688        2006-12-20                7           12
#> 11829       17248     697        2006-05-23                7          223
#> 11830        8692    1185        2006-07-28               11          157
#> 11831       19825     582        2006-10-24                7           69
#> 11832        2609     815        2006-10-23               13           70
#> 11833       31248     965        2006-12-11               13           21
#> 11834       21162     888        2006-06-29                9          186
#> 11835       14766    1192        2006-09-03               12          120
#> 11836       14598    1162        2006-10-05               17           88
#> 11837        2892     498        2005-12-21                6          376
#> 11838       11298     573        2005-09-11                4          477
#> 11839       22209     962        2006-10-12               11           81
#> 11840        8005    1230        2006-08-03               10          151
#> 11841        3291     668        2005-12-24                9          373
#> 11842       36659     685        2006-10-22                8           71
#> 11843       26175     691        2006-10-24                8           69
#> 11844       19428    1059        2006-09-14                8          109
#> 11845       39701     836        2006-06-19               13          196
#> 11846       11372     714        2005-09-14                8          474
#> 11847       25768     893        2006-10-26                8           67
#> 11848       17265     691        2006-07-07                7          178
#> 11849       26669     813        2006-09-24               10           99
#> 11850       28029     937        2005-08-20                9          499
#> 11851       26602     563        2005-08-16                5          503
#> 11852       39095    1129        2006-09-24               11           99
#> 11853       34226    1398        2006-10-08               14           85
#> 11854       26469     848        2006-10-06                9           87
#> 11855       12571     930        2006-04-07                7          269
#> 11856       21593    1379        2006-06-01               14          214
#> 11857       23780     285        2006-12-07                4           25
#> 11858       13561    1086        2006-09-16               11          107
#> 11859       39602    1028        2006-09-03               12          120
#> 11860        8188    1479        2006-09-26               12           97
#> 11861       33917     756        2006-10-01               13           92
#> 11862        8040    1122        2006-09-06               10          117
#> 11863       24495     856        2006-08-21               10          133
#> 11864       22430    1511        2006-07-17               13          168
#> 11865       37575    1064        2006-11-11               10           51
#> 11866        5538     488        2006-08-18                7          136
#> 11867       17826    1011        2005-10-31                9          427
#> 11868        5589    1401        2006-06-17               15          198
#> 11869        6269    1511        2006-09-10               13          113
#> 11870        6268     889        2006-07-04                8          181
#> 11871       36673    1092        2006-09-29                9           94
#> 11872       25097     526        2006-11-05                6           57
#> 11873       11678    1013        2006-11-29                8           33
#> 11874       21314    1132        2006-12-12                9           20
#> 11875       25431    1422        2006-09-14               14          109
#> 11876       29896     400        2006-07-22                4          163
#> 11877       14174     846        2006-12-09               12           23
#> 11878       25281     726        2006-10-23               10           70
#> 11879       16637    1038        2006-07-20               12          165
#> 11880       19414    1484        2006-09-07               12          116
#> 11881       24545    1185        2006-09-29               10           94
#> 11882       37366     485        2006-03-14                6          293
#> 11883       37663     697        2005-09-06                8          482
#> 11884       13877    1075        2006-09-13               10          110
#> 11885       38815     660        2006-09-03                6          120
#> 11886       30854    1008        2006-10-31               10           62
#> 11887       34442     792        2006-08-30               10          124
#> 11888       11304    1839        2006-09-08               16          115
#> 11889        9568     908        2006-12-08               12           24
#> 11890        5368    1148        2006-07-13               12          172
#> 11891       36915     723        2006-10-31                8           62
#> 11892       10523     854        2006-08-30               11          124
#> 11893       38163    1006        2006-03-31               11          276
#> 11894        4323    1960        2006-11-11               15           51
#> 11895       10492    1421        2006-07-10               13          175
#> 11896       29807    1209        2006-10-29               14           64
#> 11897       24503    1005        2006-10-26               11           67
#> 11898        7719    1654        2006-10-13               20           80
#> 11899        4547    1014        2005-09-18               11          470
#> 11900       10782     226        2005-05-23                4          588
#> 11901       17555     984        2005-08-18               10          501
#> 11902       35790     663        2006-10-26                9           67
#> 11903       31380     716        2006-07-22                7          163
#> 11904       25554    1426        2006-08-15               14          139
#> 11905        8202     940        2006-07-30                9          155
#> 11906       34597     657        2005-04-16                9          625
#> 11907         556    1443        2006-08-13               14          141
#> 11908       26275     527        2006-06-20                5          195
#> 11909       34801    1263        2006-12-23               10            9
#> 11910       36450     639        2006-06-28                6          187
#> 11911       36991    1253        2006-10-05               11           88
#> 11912       24404    1824        2006-10-25               17           68
#> 11913       31792     773        2005-11-18                8          409
#> 11914         981     371        2005-11-05                4          422
#> 11915       35613    1244        2006-11-01               10           61
#> 11916       22169     622        2006-08-20                8          134
#> 11917       34263    1099        2006-06-12               11          203
#> 11918        9793    1381        2006-10-11               13           82
#> 11919       32050     688        2006-07-15                9          170
#> 11920       17294    1024        2006-03-21                7          286
#> 11921       24960    1165        2006-04-07               10          269
#> 11922       15950     559        2006-03-09                7          298
#> 11923       25305    1219        2006-04-06               13          270
#> 11924       19790     540        2006-09-05                6          118
#> 11925       20507    1329        2006-09-13               15          110
#> 11926       21333     770        2006-02-15                7          320
#> 11927       10093    1037        2006-01-11               12          355
#> 11928       37731    1138        2006-10-11               14           82
#> 11929        3367    1120        2006-06-21               11          194
#> 11930       32356    1030        2006-08-11               12          143
#> 11931       23077     581        2006-06-29                7          186
#> 11932       20806     831        2006-08-01                9          153
#> 11933       35643    1044        2006-10-23               13           70
#> 11934       36036    1258        2006-09-03               10          120
#> 11935       11620     548        2006-04-21                7          255
#> 11936       16528     499        2005-11-30                8          397
#> 11937       26570     755        2006-09-29                7           94
#> 11938        9977    1054        2005-11-12               10          415
#> 11939       16595    1073        2006-10-07               12           86
#> 11940       13740     678        2006-01-18               10          348
#> 11941       38949     460        2006-08-28                6          126
#> 11942       29307    1397        2006-09-26               13           97
#> 11943       13556     671        2006-10-07                7           86
#> 11944       32843     814        2006-05-01                9          245
#> 11945       17434     955        2006-10-08               10           85
#> 11946       28830     763        2006-05-21                7          225
#> 11947       21623    1545        2006-07-29               14          156
#> 11948       15878     400        2005-08-25                4          494
#> 11949       27180     622        2006-10-22                9           71
#> 11950       34157     842        2005-11-09               11          418
#> 11951       24514     658        2006-12-01                6           31
#> 11952       36155     528        2006-05-31                6          215
#> 11953        5247     585        2006-08-26                7          128
#> 11954       13903     627        2006-09-11                8          112
#> 11955       11165    1326        2006-10-10               11           83
#> 11956       22319    1606        2006-09-12               16          111
#> 11957       14006     973        2006-09-23               10          100
#> 11958       22035    1905        2006-06-07               17          208
#> 11959       31655     640        2006-12-15                9           17
#> 11960       35986     202        2005-12-21                4          376
#> 11961       39060     427        2006-08-16                9          138
#> 11962        1495    1252        2006-11-17               12           45
#> 11963       15208     480        2005-07-29                6          521
#> 11964       35930     575        2006-09-24                9           99
#> 11965       15611     454        2005-11-05                6          422
#> 11966       23882    1270        2005-09-18               11          470
#> 11967        7281     849        2006-12-13                9           19
#> 11968       37327     730        2005-09-25                6          463
#> 11969       23394     573        2006-09-03                7          120
#> 11970       21155    1217        2006-09-30               13           93
#> 11971       20654     697        2006-07-13                9          172
#> 11972       28274     970        2006-10-01               12           92
#> 11973       11590    1578        2006-07-15               15          170
#> 11974       16697     512        2005-11-22                9          405
#> 11975       29989    1266        2006-09-19               12          104
#> 11976       18055     740        2006-05-17                9          229
#> 11977        3864    1730        2006-09-08               16          115
#> 11978       15328    1209        2006-09-30               12           93
#> 11979       10060    1466        2006-06-28               13          187
#> 11980       17038    1119        2006-10-13               11           80
#> 11981        7747    1148        2006-11-13               15           49
#> 11982       13663    1076        2006-05-21               11          225
#> 11983         117     275        2005-07-08                3          542
#> 11984       15753    1156        2006-09-01               10          122
#> 11985       32051    1433        2006-07-13               12          172
#> 11986        8238    1212        2006-10-13               13           80
#> 11987       23009    1248        2006-06-17               14          198
#> 11988       25700     538        2006-03-13                9          294
#> 11989        3753     710        2005-12-13               10          384
#> 11990        1675     947        2006-04-04               11          272
#> 11991        9861    1181        2006-07-05               12          180
#> 11992       38395     513        2006-12-25                5            7
#> 11993       16258    1089        2006-10-19               12           74
#> 11994       29836    1103        2006-04-05               13          271
#> 11995       31019     780        2006-11-16               10           46
#> 11996       24275    1414        2006-09-30               14           93
#> 11997       22065     707        2006-05-18                9          228
#> 11998       14509    2231        2006-06-23               20          192
#> 11999       12084     923        2006-08-06                9          148
#> 12000       19875    1766        2006-12-05               16           27
#> 12001       30575     840        2006-08-06               10          148
#> 12002        4878     698        2006-03-22                8          285
#> 12003        4838     659        2006-10-18                6           75
#> 12004       19876    1384        2006-11-14               16           48
#> 12005        6149     647        2005-08-02                6          517
#> 12006       17928    1237        2006-05-14               13          232
#> 12007        8442     636        2005-08-08                5          511
#> 12008       32060     727        2006-11-24               12           38
#> 12009       14120    1056        2006-07-11               10          174
#> 12010       36757    1079        2006-07-26                9          159
#> 12011       26408    1431        2006-06-30               14          185
#> 12012       27244     805        2006-08-13               11          141
#> 12013        8160     728        2006-05-28                7          218
#> 12014       15147     898        2006-10-10                7           83
#> 12015        1265    1132        2006-10-21               14           72
#> 12016       28002    1374        2006-11-21               14           41
#> 12017       34247    1421        2005-11-29               12          398
#> 12018        8972     676        2005-10-27                9          431
#> 12019       27935    1815        2006-10-05               15           88
#> 12020        3326    1718        2006-10-04               18           89
#> 12021        5479     745        2006-10-21               11           72
#> 12022       26221    1148        2006-07-09                9          176
#> 12023       20829     555        2006-10-17                7           76
#> 12024       20524    1293        2006-03-14                9          293
#> 12025       38687     551        2005-12-23                6          374
#> 12026       32852     841        2006-05-23               10          223
#> 12027       38178    1088        2006-08-23               10          131
#> 12028       35433    1109        2006-08-22               11          132
#> 12029        8788     618        2006-07-24                6          161
#> 12030       15740     774        2006-07-01                8          184
#> 12031       35511    1096        2006-11-23               10           39
#> 12032        5256     843        2006-12-26               12            6
#> 12033       14830    1111        2006-08-06               13          148
#> 12034       14510     818        2006-06-14                9          201
#> 12035       20821     424        2006-08-24                6          130
#> 12036        8214     715        2006-09-05               11          118
#> 12037        3159     440        2005-08-31                6          488
#> 12038        4256    1660        2006-04-11               13          265
#> 12039       24521     719        2006-09-02                8          121
#> 12040        3386    1336        2006-09-21               15          102
#> 12041       15796    1359        2006-12-13               15           19
#> 12042        4397    1008        2006-11-01               15           61
#> 12043        1936    1497        2006-12-18               14           14
#> 12044        5302     772        2005-08-08                8          511
#> 12045       38665     900        2006-06-13                9          202
#> 12046       29573     431        2006-10-03                9           90
#> 12047        1556    1055        2006-08-20               13          134
#> 12048       17225     187        2006-03-11                4          296
#> 12049        9163     581        2006-09-25                4           98
#> 12050       31718    1569        2006-11-26               14           36
#> 12051        3269    1418        2006-08-16               18          138
#> 12052       17447     927        2006-08-27                7          127
#> 12053        4599     708        2006-08-14                5          140
#> 12054       28363     920        2005-11-07                9          420
#> 12055       25901     948        2006-12-18               12           14
#> 12056        3650    1065        2006-09-25               11           98
#> 12057       14777     632        2006-05-25                7          221
#> 12058       30707     626        2005-11-27                6          400
#> 12059       13896     849        2006-08-10                9          144
#> 12060        3106     492        2006-09-06                7          117
#> 12061       12242    1397        2006-08-07               15          147
#> 12062        9177     535        2006-11-10                7           52
#> 12063       29360     669        2006-05-20                7          226
#> 12064       23353     927        2006-01-26               11          340
#> 12065       38557     399        2006-12-24                6            8
#> 12066       17455     607        2006-06-03                7          212
#> 12067       23622     997        2006-09-23               10          100
#> 12068       36663    1144        2006-12-18               16           14
#> 12069        6462    1024        2006-06-27                9          188
#> 12070        7960    1019        2006-10-24               11           69
#> 12071       17724    1098        2005-12-02               10          395
#> 12072       29924    1025        2006-10-31               10           62
#> 12073       34476     390        2006-04-29                4          247
#> 12074       36461    1809        2006-05-18               18          228
#> 12075       35332     455        2006-07-29                6          156
#> 12076        4711     652        2006-06-07                7          208
#> 12077       32885    1228        2006-01-12               10          354
#> 12078       33599    2428        2006-12-11               20           21
#> 12079       35078    1374        2006-10-13               12           80
#> 12080       31958     458        2005-11-11                5          416
#> 12081         557     757        2006-03-13                9          294
#> 12082       28430    1231        2006-10-18               11           75
#> 12083       20291     362        2005-12-18                4          379
#> 12084       21552     833        2006-06-11                9          204
#> 12085        4760    1713        2006-10-21               17           72
#> 12086       15694     280        2006-06-23                4          192
#> 12087       18013     618        2006-09-25                7           98
#> 12088        4801    1207        2006-07-26               12          159
#> 12089       10798    1403        2006-11-01               15           61
#> 12090        2769    1024        2006-06-02               13          213
#> 12091       23920    1185        2006-02-02               12          333
#> 12092       36465    1086        2006-10-06               11           87
#> 12093       17035    1307        2006-10-21               10           72
#> 12094       23024    1023        2006-08-05               10          149
#> 12095       33173     588        2006-09-11                7          112
#> 12096       33987    1577        2006-10-10               17           83
#> 12097       36389     683        2006-09-13                9          110
#> 12098         877     303        2006-12-17                5           15
#> 12099       37696    1078        2006-10-04               13           89
#> 12100        7948     476        2006-05-26                6          220
#> 12101       26108     567        2006-01-04                6          362
#> 12102       16397    1422        2006-06-10               15          205
#> 12103       31184     238        2006-10-21                6           72
#> 12104       27585     576        2006-03-28                8          279
#> 12105       27327    1163        2006-04-15               11          261
#> 12106         303     570        2006-09-26                8           97
#> 12107       12626    1134        2006-09-21               11          102
#> 12108       25429    1074        2006-10-13               11           80
#> 12109       12431     973        2006-11-26               12           36
#> 12110       21907     838        2006-07-18               10          167
#> 12111       24517     625        2005-09-09                6          479
#> 12112       23290    1885        2006-10-05               19           88
#> 12113       19310    1211        2006-11-18               11           44
#> 12114       12839     872        2006-11-17                7           45
#> 12115       13236     553        2005-10-25                7          433
#> 12116       19139    1224        2006-06-20               11          195
#> 12117        1827     952        2006-09-15               11          108
#> 12118       27582     485        2006-12-20                7           12
#> 12119        1038     667        2006-10-11                9           82
#> 12120        4229     398        2005-09-28                5          460
#> 12121        9790    1001        2006-08-18               10          136
#> 12122       29637     624        2006-02-14                8          321
#> 12123       29964     717        2006-12-19                8           13
#> 12124       26678    1005        2006-06-01               14          214
#> 12125       28384    1006        2006-10-02               11           91
#> 12126       28370     516        2006-11-04                8           58
#> 12127       35736    1121        2006-09-28               12           95
#> 12128       32158    1940        2006-10-17               23           76
#> 12129       32393     867        2006-12-24                9            8
#> 12130       29153     971        2006-09-29               12           94
#> 12131        1582     955        2006-06-19               10          196
#> 12132       19034    1191        2006-09-28               11           95
#> 12133       23109     689        2006-09-23                8          100
#> 12134        7457    1064        2006-09-29                9           94
#> 12135       29797    1016        2006-09-21               10          102
#> 12136       21274     648        2006-12-24                8            8
#> 12137       34580     762        2006-06-01                8          214
#> 12138       38437     662        2006-11-26                7           36
#> 12139       35687     583        2006-07-18               10          167
#> 12140       22521     786        2006-07-13                9          172
#> 12141       38494     656        2006-05-15                9          231
#> 12142        4967     940        2006-06-14                8          201
#> 12143        1386     657        2006-08-25                7          129
#> 12144        7128     870        2005-11-01               11          426
#> 12145       34507    1711        2006-04-20               12          256
#> 12146       28473     967        2006-10-31               13           62
#> 12147       22216    1171        2006-06-21               13          194
#> 12148       38303    1273        2006-07-10               10          175
#> 12149       34958    1169        2006-09-30               11           93
#> 12150         721     919        2006-09-18                9          105
#> 12151       38346    1140        2006-05-02               12          244
#> 12152        7298    1690        2006-12-24               16            8
#> 12153        2577    1050        2006-09-17                9          106
#> 12154       22439     763        2006-07-10                8          175
#> 12155       33098    1745        2006-08-13               15          141
#> 12156       35217    1063        2006-10-02               10           91
#> 12157       22254    1097        2006-10-27               10           66
#> 12158       23568    1297        2006-10-08               13           85
#> 12159       31728     594        2006-08-25                6          129
#> 12160       39638     519        2006-06-07                9          208
#> 12161       12213    1099        2006-05-20               10          226
#> 12162       25333    1109        2006-09-19               11          104
#> 12163       32775    1015        2006-09-21               13          102
#> 12164        1352    1274        2006-07-23               12          162
#> 12165        1299    1515        2006-09-15               16          108
#> 12166       15190     858        2006-10-05               11           88
#> 12167       13937     471        2006-05-17                5          229
#> 12168       11673     592        2006-07-01                8          184
#> 12169       28660     632        2006-12-22                7           10
#> 12170        7271    1647        2006-08-19               14          135
#> 12171       16804     791        2006-04-27               10          249
#> 12172       13865    1166        2006-10-01               12           92
#> 12173       37474     489        2006-08-04                7          150
#> 12174       21756    1558        2006-07-22               14          163
#> 12175        5323    1117        2006-09-15               11          108
#> 12176       16434     269        2006-12-05                4           27
#> 12177       15966    1034        2006-12-17               12           15
#> 12178       29080    1419        2006-12-04               12           28
#> 12179       20425     369        2005-07-23                3          527
#> 12180        3339    1133        2006-05-20               12          226
#> 12181       33780    1423        2006-10-31               14           62
#> 12182       31133    1154        2006-11-21               13           41
#> 12183       27001     562        2006-09-12                7          111
#> 12184       15987    1530        2006-07-06               15          179
#> 12185       22442     686        2006-08-06                9          148
#> 12186       15452    1099        2006-10-07               12           86
#> 12187        4519     775        2006-04-14               10          262
#> 12188        8073    1282        2006-10-01               11           92
#> 12189       26553    1005        2006-09-26               10           97
#> 12190       31564    1036        2006-08-21               10          133
#> 12191        6088     192        2006-06-22                3          193
#> 12192       36690     942        2006-06-08                9          207
#> 12193       27893    1166        2006-06-08               12          207
#> 12194        9131     987        2006-11-18               10           44
#> 12195       32009     851        2006-09-07                9          116
#> 12196       18885     586        2006-08-22                6          132
#> 12197        7641    1033        2005-12-27               10          370
#> 12198       24512     603        2006-02-21                6          314
#> 12199        9481    1252        2006-05-31               12          215
#> 12200       38354     955        2006-10-04               12           89
#> 12201       26691    1384        2006-06-30               15          185
#> 12202        3385     988        2006-09-19               10          104
#> 12203       31201    1231        2006-11-15               10           47
#> 12204       21233     725        2006-05-19                7          227
#> 12205       15609     454        2006-08-15                5          139
#> 12206       35512     625        2006-08-31                8          123
#> 12207       36219    1256        2006-07-27               10          158
#> 12208         829     825        2005-11-24                9          403
#> 12209       33399    1183        2006-07-06               15          179
#> 12210       24196     937        2006-09-29               10           94
#> 12211       29503     541        2006-06-02                6          213
#> 12212        1599    1231        2006-04-14               14          262
#> 12213       15340     762        2006-10-22                7           71
#> 12214        5854    1497        2006-11-02               14           60
#> 12215       10262     467        2005-07-04                7          546
#> 12216       27034     927        2006-11-03               10           59
#> 12217       35340     825        2006-05-12               11          234
#> 12218        6836     970        2006-09-30               13           93
#> 12219        4326     977        2006-11-21               12           41
#> 12220       31319     683        2006-06-24                8          191
#> 12221       35778     631        2006-07-26                6          159
#> 12222       29220     218        2005-07-31                4          519
#> 12223       16897     643        2006-10-27                7           66
#> 12224        2377    1262        2006-09-12               12          111
#> 12225       31506     795        2006-05-25               10          221
#> 12226       24017    1269        2005-11-20               11          407
#> 12227       34877    1426        2006-12-22               13           10
#> 12228        6532     778        2006-06-02                9          213
#> 12229        2918     999        2006-09-07               10          116
#> 12230        1947    1292        2006-08-11               10          143
#> 12231       21092    1579        2006-08-25               15          129
#> 12232       12319    1258        2006-09-14               14          109
#> 12233       22773     540        2006-01-01                7          365
#> 12234        2597    1011        2006-10-24                9           69
#> 12235       12911    1175        2006-06-11               11          204
#> 12236        3225     522        2006-08-04               10          150
#> 12237       34894    1164        2006-12-19               11           13
#> 12238       24310     835        2006-03-06                9          301
#> 12239       15926    1360        2006-10-17               17           76
#> 12240       37950    1092        2006-07-29               15          156
#> 12241       30459    1120        2006-08-14               12          140
#> 12242       19444     832        2005-10-20                7          438
#> 12243        9452    1309        2006-07-07               12          178
#> 12244       20093     436        2006-05-20                7          226
#> 12245       37863    1171        2006-07-31               14          154
#> 12246       31153     683        2005-11-21                7          406
#> 12247        9907     836        2005-05-30                8          581
#> 12248         263    1079        2006-12-20               12           12
#> 12249        6845    1663        2006-05-31               14          215
#> 12250        9237     510        2005-11-16                6          411
#> 12251       29173    1141        2006-10-24                9           69
#> 12252       30429    1102        2006-05-15               11          231
#> 12253       22963     721        2006-03-03                5          304
#> 12254       22889    1055        2006-03-01               12          306
#> 12255         905     875        2006-08-27                9          127
#> 12256       17947     685        2006-09-08                9          115
#> 12257       25037     468        2006-06-30                7          185
#> 12258       24813     804        2006-07-11                8          174
#> 12259       25992     575        2006-06-16                8          199
#> 12260        5174    1641        2006-11-25               16           37
#> 12261       10452     822        2006-07-07               10          178
#> 12262       39251     767        2006-02-08                8          327
#> 12263       32091    1011        2006-08-23               12          131
#> 12264       20001     433        2006-04-27                6          249
#> 12265        3402    1185        2006-07-23               12          162
#> 12266       36382     810        2006-03-11                7          296
#> 12267        3674     696        2006-11-01                6           61
#> 12268       21311     448        2006-09-11                7          112
#> 12269        8541     719        2006-09-13                8          110
#> 12270        2080     636        2006-06-30                9          185
#> 12271        1825     922        2006-12-06               10           26
#> 12272       30700    1099        2006-07-03                9          182
#> 12273        9757    1192        2005-09-20               11          468
#> 12274       10788     596        2005-10-23                6          435
#> 12275       39963    1898        2006-10-10               17           83
#> 12276       29958    1283        2006-07-13               16          172
#> 12277       11327     634        2006-11-17                7           45
#> 12278       18682     506        2005-10-06                5          452
#> 12279       24178    1473        2006-09-05               15          118
#> 12280       38758     343        2005-11-11                4          416
#> 12281       35629     670        2005-12-08               10          389
#> 12282       34395     963        2006-08-01               10          153
#> 12283       18915     630        2006-08-31                8          123
#> 12284       13343    1243        2006-07-09               13          176
#> 12285       24339    1215        2006-08-17               12          137
#> 12286       28133     698        2005-10-21                8          437
#> 12287       28229    1001        2006-11-07                7           55
#> 12288        4420     577        2006-01-07                7          359
#> 12289       13651     583        2006-07-13               10          172
#> 12290       12722     761        2006-06-23               10          192
#> 12291       35181     540        2006-07-22                7          163
#> 12292       32951     929        2006-08-14                9          140
#> 12293       26391    1064        2006-07-04               11          181
#> 12294       38543     967        2006-06-01                9          214
#> 12295       39843     668        2006-12-04                6           28
#> 12296       36235    1069        2006-03-20               10          287
#> 12297       13683    1137        2006-10-23               12           70
#> 12298        5525     699        2006-10-13                8           80
#> 12299       21429     378        2006-09-10                4          113
#> 12300       38051    1536        2006-08-26               15          128
#> 12301       39538     862        2006-05-29               11          217
#> 12302       36941     986        2006-06-05               12          210
#> 12303       34783     944        2006-08-07                9          147
#> 12304       38603    1360        2006-10-25               14           68
#> 12305       25229    1232        2006-04-04               12          272
#> 12306        3263    1111        2006-11-28               12           34
#> 12307       15899     683        2006-09-25                9           98
#> 12308       13303    1826        2006-10-18               18           75
#> 12309       21627    1524        2006-10-08               12           85
#> 12310       16623     725        2006-03-16                8          291
#> 12311       31135    1038        2006-03-31               10          276
#> 12312       16890    1456        2006-06-20               14          195
#> 12313       12977     882        2006-05-21                9          225
#> 12314        2483     558        2006-08-21                8          133
#> 12315        7152     610        2005-12-14                8          383
#> 12316       27990     474        2006-07-06               10          179
#> 12317       34840     512        2006-08-17                6          137
#> 12318       22009    1402        2006-07-21               14          164
#> 12319        5640     499        2006-07-12                6          173
#> 12320       22755    1291        2006-02-25               16          310
#> 12321       27521    1960        2006-07-12               18          173
#> 12322        4321     673        2006-10-20                8           73
#> 12323       29901     954        2006-07-13               13          172
#> 12324       11305     636        2006-09-11               10          112
#> 12325        8872    1069        2006-09-19               11          104
#> 12326       23795     929        2006-07-01               10          184
#> 12327       28961     370        2006-06-02                5          213
#> 12328       18732     774        2006-09-13               12          110
#> 12329        8250     609        2006-06-10                8          205
#> 12330       26663     816        2006-07-29               11          156
#> 12331       27328     380        2006-07-16                4          169
#> 12332       25600    1085        2006-11-03               11           59
#> 12333       26098     795        2006-05-07                9          239
#> 12334       17020     970        2006-11-27               10           35
#> 12335       38243     681        2006-04-21                6          255
#> 12336       20538     711        2005-11-12                6          415
#> 12337       38541     423        2006-11-02                7           60
#> 12338       19803    1169        2006-06-18               13          197
#> 12339       38716    1167        2005-12-21               11          376
#> 12340       39637     777        2006-11-20                9           42
#> 12341        5865    1055        2006-11-18               10           44
#> 12342       17347    1349        2006-12-20               12           12
#> 12343       26655     400        2005-11-10                5          417
#> 12344       23172    1434        2006-10-07               16           86
#> 12345        3364     887        2006-08-07               10          147
#> 12346       30640    1712        2006-10-03               17           90
#> 12347       19611     695        2006-06-20                9          195
#> 12348       27107     990        2006-05-01               10          245
#> 12349       25635     722        2005-10-19                8          439
#> 12350       35172     414        2005-09-03                5          485
#> 12351       18465     551        2005-03-18                7          654
#> 12352       27494    1213        2006-09-09               12          114
#> 12353       31676     720        2006-07-03               10          182
#> 12354        2249    1160        2005-10-16               10          442
#> 12355       12038    1276        2006-09-18               15          105
#> 12356       17438     978        2006-08-21               13          133
#> 12357        9632     877        2006-05-29               13          217
#> 12358       12771     540        2006-06-27                8          188
#> 12359       21388    1022        2006-10-11               10           82
#> 12360       15167     728        2006-07-03                7          182
#> 12361       18204     995        2006-11-06               12           56
#> 12362       15218    1489        2006-07-10               18          175
#> 12363       29475     614        2005-11-01                7          426
#> 12364       36161    1012        2006-02-04                7          331
#> 12365       31341    1382        2006-11-14               13           48
#> 12366       12071     936        2005-11-10               10          417
#> 12367       35741     469        2006-04-02                8          274
#> 12368        7096    1271        2006-02-26               10          309
#> 12369       29886     963        2005-09-28               11          460
#> 12370       16198     474        2006-04-24               10          252
#> 12371        4717    1471        2006-10-17               15           76
#> 12372       14390     881        2006-12-13                9           19
#> 12373       33994     968        2006-09-10               10          113
#> 12374       36208     719        2006-08-07               11          147
#> 12375       25772     938        2006-07-03               10          182
#> 12376       21194     751        2005-12-08                7          389
#> 12377       30347     785        2006-05-14               10          232
#> 12378       24612    1370        2006-09-21               15          102
#> 12379       13985     811        2006-09-02               10          121
#> 12380        7856    1358        2006-06-29               12          186
#> 12381       25457     488        2005-08-25                5          494
#> 12382       27881    1114        2006-08-19               11          135
#> 12383        5143     765        2005-08-23                8          496
#> 12384       13542     998        2006-05-21               13          225
#> 12385       35015     665        2006-10-19                7           74
#> 12386       16690     451        2006-08-30                6          124
#> 12387        4237     938        2006-07-24               11          161
#> 12388       24699     842        2006-02-19                8          316
#> 12389       35367     904        2006-06-23               10          192
#> 12390       34988     825        2006-06-21                9          194
#> 12391       13253     650        2006-12-11                6           21
#> 12392       20589     580        2006-08-09                8          145
#> 12393       20673     261        2006-07-15                7          170
#> 12394       38798    1025        2006-09-23               11          100
#> 12395       21415    1460        2006-08-21               15          133
#> 12396       20467    2023        2006-08-07               16          147
#> 12397       31398    1389        2006-10-01                9           92
#> 12398       28488     503        2006-10-29                7           64
#> 12399       23618     960        2006-06-15               10          200
#> 12400       28773     860        2006-12-27               10            5
#> 12401       24106    1107        2005-11-30               12          397
#> 12402       37129     872        2006-05-06                8          240
#> 12403       15393     670        2006-12-27                7            5
#> 12404       17655     938        2006-04-26                9          250
#> 12405       37982     849        2006-10-05                8           88
#> 12406        1041    1797        2006-02-08               13          327
#> 12407       38499     784        2006-11-01                9           61
#> 12408        7192    1123        2006-11-07               10           55
#> 12409       38177    1200        2006-08-24               10          130
#> 12410        9470     932        2006-08-09                9          145
#> 12411       27646    1600        2006-09-20               15          103
#> 12412        2263     998        2006-11-20               11           42
#> 12413        8064     795        2006-08-20                9          134
#> 12414        5654     541        2006-10-04                7           89
#> 12415        2553     749        2006-03-06                9          301
#> 12416       39997    1368        2006-08-31               12          123
#> 12417       10619     465        2006-05-01                5          245
#> 12418       39993     831        2005-11-01                9          426
#> 12419       28489     640        2006-07-07                7          178
#> 12420        4966    2568        2006-12-03               23           29
#> 12421       27664     278        2005-12-03                3          394
#> 12422       34603    1042        2006-06-15                8          200
#> 12423       16012     721        2006-05-31                8          215
#> 12424        5683    1040        2006-06-29               11          186
#> 12425       11413     569        2006-11-12                7           50
#> 12426       29687    1619        2006-12-29               14            3
#> 12427       35256     979        2006-06-20                9          195
#> 12428       30772    1062        2006-07-02               10          183
#> 12429        2093    1147        2006-09-03               11          120
#> 12430       23141     614        2006-10-21                9           72
#> 12431       13883    1027        2006-05-25                9          221
#> 12432        5236    1272        2006-04-26               14          250
#> 12433        4038     609        2005-11-11                5          416
#> 12434        5567    1306        2006-05-30               11          216
#> 12435       24986     999        2006-05-28               12          218
#> 12436       32761    1068        2006-11-13               12           49
#> 12437       32963    1254        2006-09-20               14          103
#> 12438       39889    1031        2006-06-25                9          190
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#> 12273         Monroe     Kolodziejski              mkolodziejski7k@narod.ru
#> 12274         Gustaf       Littledike          glittledike7l@altervista.org
#> 12275           Fern         Churcher               fchurcher7m@example.com
#> 12276          Rolfe         Stolting               rstolting7n@yahoo.co.jp
#> 12277     Hieronymus            Papis                  hpapis7o@shop-pro.jp
#> 12278           Desi           Lowdes          dlowdes7p@barnesandnoble.com
#> 12279           Erny           Trouel         etrouel7q@merriam-webster.com
#> 12280        Garrard            Wales            gwales7r@cocolog-nifty.com
#> 12281         Cheryl          Gofford     cgofford7s@nationalgeographic.com
#> 12282        Valaree          Isakson                  visakson7t@tmall.com
#> 12283         Wandie         Houselee           whouselee7u@dailymail.co.uk
#> 12284         Nickie          Isacoff                     nisacoff7v@vk.com
#> 12285         Kayley       Matyushkin               kmatyushkin7w@zdnet.com
#> 12286           Cort         Conville               cconville7x@plala.or.jp
#> 12287           Erie     Van den Dael           evandendael7y@amazonaws.com
#> 12288  Sheilakathryn          Mayoral              smayoral7z@mediafire.com
#> 12289           Waly           Keable              wkeable80@shutterfly.com
#> 12290          Arvie       Matthensen        amatthensen81@sciencedaily.com
#> 12291        Mathias           Haster                      mhaster82@qq.com
#> 12292          Storm           Huckel                   shuckel83@google.ru
#> 12293         Evered          Olifard              eolifard84@wordpress.com
#> 12294      Demetrius           Brumby                dbrumby85@amazon.co.jp
#> 12295    Guillemette           Loxton                     gloxton86@dot.gov
#> 12296         Garold            Ladon                      gladon87@163.com
#> 12297     Wilhelmine        Blakemore                wblakemore88@github.io
#> 12298       Augustin          Pinches                   apinches89@ucsd.edu
#> 12299         Evonne         Arnaudot                   earnaudot8a@mapy.cz
#> 12300           Alan          Bayliss                     abayliss8b@qq.com
#> 12301         Philip         Leborgne                    pleborgne8c@a8.net
#> 12302       Charmion           Mowett                  cmowett8d@unicef.org
#> 12303      Frederico       Bamborough                 fbamborough8e@who.int
#> 12304           Lian        Collister                lcollister8f@salon.com
#> 12305       Francine           Jaumet                 fjaumet8g@skyrock.com
#> 12306          Kathe         Navarijo    knavarijo8h@nationalgeographic.com
#> 12307        Cherice          Pretsel                    cpretsel8i@gnu.org
#> 12308         Dorise           Oylett                   doylett8j@google.it
#> 12309         Regina           Rouzet                 rrouzet8k@booking.com
#> 12310           Cass       Barnewille            cbarnewille8l@facebook.com
#> 12311           Xena        Lippiello              xlippiello8m@latimes.com
#> 12312       Fidelity       Benettelli              fbenettelli8n@senate.gov
#> 12313         Jessee         Pinnigar             jpinnigar8o@delicious.com
#> 12314        Riobard           Bliven                     rbliven8p@ovh.net
#> 12315          Jerry          Eddowes           jeddowes8q@odnoklassniki.ru
#> 12316        Darrell      McGloughlin             dmcgloughlin8r@spiegel.de
#> 12317           Issi          Keinrat                   ikeinrat8s@ebay.com
#> 12318          Jamie          Prebble                      jprebble8t@de.vu
#> 12319          Solly       Gallyhaock               sgallyhaock8u@unblog.fr
#> 12320         Finley             Tome                     ftome8v@exblog.jp
#> 12321          Beryl         Bourhill              bbourhill8w@trellian.com
#> 12322       Charmion          Gummary                  cgummary8x@mysql.com
#> 12323        Kenneth          Sergent              ksergent8y@tuttocitta.it
#> 12324      Radcliffe          McKevin               rmckevin8z@linkedin.com
#> 12325           Elva          Windows                     ewindows90@qq.com
#> 12326         Brandy          Tapping                   btapping91@lulu.com
#> 12327       Dolorita         Sherrock            dsherrock92@soundcloud.com
#> 12328           Neal           Lemmer                nlemmer93@symantec.com
#> 12329       Percival           Childe              pchilde94@deviantart.com
#> 12330       Harriott    de Chastelain              hdechastelain95@1und1.de
#> 12331        Eveleen           Davana                    edavana96@ucla.edu
#> 12332           Gaye            Warry            gwarry97@howstuffworks.com
#> 12333            Pat          Fraczak                  pfraczak98@umich.edu
#> 12334        Elonore            Arnow                 earnow99@slashdot.org
#> 12335      Shoshanna         Fedorski              sfedorski9a@cbslocal.com
#> 12336      Kendricks            Blaze                   kblaze9b@flavors.me
#> 12337        Colette          Snaddin            csnaddin9c@nydailynews.com
#> 12338          Audie        Wolfenden             awolfenden9d@vkontakte.ru
#> 12339           Vyky           Gaffey                 vgaffey9e@myspace.com
#> 12340          Vilma           Pidler                    vpidler9f@dell.com
#> 12341           Gwen          Shimony                    gshimony9g@usa.gov
#> 12342           Noll           McNair               nmcnair9h@instagram.com
#> 12343         Arleen         Maxweell                  amaxweell9i@gmpg.org
#> 12344      Granville            Mundy                     gmundy9j@dell.com
#> 12345            Gal      Johannesson               gjohannesson9k@cnet.com
#> 12346        Ferrell           Brozek                  fbrozek9l@amazon.com
#> 12347           Beau        Whitehall               bwhitehall9m@hao123.com
#> 12348        Ginevra          Pilmoor               gpilmoor9n@china.com.cn
#> 12349           Sile         Sutherby                  ssutherby9o@xrea.com
#> 12350          Sybyl          Banyard               sbanyard9p@stanford.edu
#> 12351         Kriste             Veal                 kveal9q@quantcast.com
#> 12352          Alana           Lennie                    alennie9r@about.me
#> 12353           Kurt            Acome                kacome9s@biglobe.ne.jp
#> 12354           Kate       Auchinleck     kauchinleck9t@theglobeandmail.com
#> 12355       Harcourt           Ponder              hponder9u@mayoclinic.com
#> 12356          Eilis           Blakes                   eblakes9v@house.gov
#> 12357        Phaedra         Petrolli                  ppetrolli9w@xing.com
#> 12358            Min          Teresia                   mteresia9x@ox.ac.uk
#> 12359          Flynn          Jenking               fjenking9y@redcross.org
#> 12360           Boot          Rainger                     brainger9z@si.edu
#> 12361      Thorndike           Keyhoe             tkeyhoea0@kickstarter.com
#> 12362          Nealy         De Gogay            ndegogaya1@theguardian.com
#> 12363      Frederica            Gadie                fgadiea2@sitemeter.com
#> 12364           Alix             Dart                     adarta3@github.io
#> 12365        Doralia             Emig                 demiga4@indiegogo.com
#> 12366      Melisenda            Piner                 mpinera5@trellian.com
#> 12367         Elyssa           Domleo                  edomleoa6@spiegel.de
#> 12368           Yule            Lortz            ylortza7@independent.co.uk
#> 12369         Cassie        O'Monahan                comonahana8@oakley.com
#> 12370         Dorree          Gavaran                dgavarana9@samsung.com
#> 12371          Angus             Code                    acodeaa@smh.com.au
#> 12372         Loydie            Sager                   lsagerab@discuz.net
#> 12373            Lyn         Pountain          lpountainac@odnoklassniki.ru
#> 12374        Teodora            Oddey                  toddeyad@weather.com
#> 12375       Blakeley          Gemmill                 bgemmillae@utexas.edu
#> 12376        Dominik          Hadrill                   dhadrillaf@live.com
#> 12377          Hyman          Tonsley               htonsleyag@bandcamp.com
#> 12378        Chloris      Le Marchant                clemarchantah@bing.com
#> 12379       Beverlee         Phillipp             bphillippai@artisteer.com
#> 12380         Winnie        Abrahmson              wabrahmsonaj@nbcnews.com
#> 12381      Marsiella        Chyuerton              mchyuertonak@histats.com
#> 12382          Wendy           Wrench                    wwrenchal@hibu.com
#> 12383          Brien         Rabjohns                  brabjohnsam@imdb.com
#> 12384          Nevil          Wreakes                 nwreakesan@meetup.com
#> 12385           Myra           Rodman                mrodmanao@freewebs.com
#> 12386           Jodi           Capner                  jcapnerap@nsw.gov.au
#> 12387        Leonora          Harmson                 lharmsonaq@utexas.edu
#> 12388        Obadias            Blanc                     oblancar@ehow.com
#> 12389        Aundrea          Vasilov                avasilovas@skyrock.com
#> 12390        Craggie          Crayden                    ccraydenat@hhs.gov
#> 12391         Elisha        Jerratsch               ejerratschau@amazon.com
#> 12392         Zandra            Tiddy                     ztiddyav@gmpg.org
#> 12393           Cary         Thomsson           cthomssonaw@marketwatch.com
#> 12394          Blane         Klainman                    bklainmanax@hp.com
#> 12395          Baird        Beidebeke            bbeidebekeay@shinystat.com
#> 12396         Arlena          Pieters                    apietersaz@psu.edu
#> 12397          Truda             Edds                   teddsb0@tinyurl.com
#> 12398       Patricio           Mabson      pmabsonb1@nationalgeographic.com
#> 12399       Mordecai       D'Emanuele            mdemanueleb2@instagram.com
#> 12400         Bailie          Bullion                    bbullionb3@soup.io
#> 12401          Kelly            Dyers                kdyersb4@bigcartel.com
#> 12402          Abbie          Snawden              asnawdenb5@wikimedia.org
#> 12403           Rafi           Bizley                      rbizleyb6@si.edu
#> 12404           Palm         Campelli                  pcampellib7@narod.ru
#> 12405           Merl          Faccini                  mfaccinib8@house.gov
#> 12406         Kelvin           Shires             kshiresb9@telegraph.co.uk
#> 12407        Joseito          Jurczak                 jjurczakba@oakley.com
#> 12408          Tudor          Lewknor         tlewknorbb@washingtonpost.com
#> 12409          Daffi            Rudge                    drudgebc@topsy.com
#> 12410            Kim             Gash                   kgashbd@archive.org
#> 12411         Gannie         Ridsdell                 gridsdellbe@youku.com
#> 12412         Dewain            Niset                  dnisetbf@booking.com
#> 12413        Tiphani          Coolson                 tcoolsonbg@boston.com
#> 12414          Ibbie             Ruse                irusebh@infoseek.co.jp
#> 12415       Phillipe         Polglase           ppolglasebi@fastcompany.com
#> 12416        Candida         McGunley              cmcgunleybj@google.co.jp
#> 12417         Agnola          Battell                    abattellbk@nih.gov
#> 12418         Deedee           Sabine                     dsabinebl@nih.gov
#> 12419     Georgeanne             Pien                gpienbm@washington.edu
#> 12420        Coralyn        Dudleston       cdudlestonbn@barnesandnoble.com
#> 12421           Rona        Stockings               rstockingsbo@flavors.me
#> 12422           Lida           Couvet            lcouvetbp@seattletimes.com
#> 12423         Patric          Buttner             pbuttnerbq@deviantart.com
#> 12424           Aube             Kail                       akailbr@ovh.net
#> 12425         Lorine            Puden                    lpudenbs@google.nl
#> 12426         Arlena           Cardno                acardnobt@blogspot.com
#> 12427          Ricca          Crellim                    rcrellimbu@gnu.org
#> 12428         Leonie            Miall                 lmiallbv@freewebs.com
#> 12429            Dal          Leipelt                 dleipeltbw@census.gov
#> 12430    Christoffer         Shoreson               cshoresonbx@mozilla.com
#> 12431        Timothy            Sieur                      tsieurby@ask.com
#> 12432       Granthem            Kubik                      gkubikbz@umn.edu
#> 12433        Maurise          Gaffney                    mgaffneyc0@npr.org
#> 12434        Janifer            Gaule                    jgaulec1@diigo.com
#> 12435          Arnie          Slyford              aslyfordc2@csmonitor.com
#> 12436           Zara           Begent         zbegentc3@theglobeandmail.com
#> 12437           Lari            Moatt                     lmoattc4@xrea.com
#> 12438        Samaria          Saywell                  ssaywellc5@imgur.com
#> 12439      Radcliffe       Grzelewski            rgrzelewskic6@netscape.com
#> 12440          Benji            Baldi                    bbaldic7@state.gov
#> 12441       Domenico          Rohloff                   drohloffc8@blog.com
#> 12442          Lyssa           McFaul                 lmcfaulc9@plala.or.jp
#> 12443         Sylvan         Lovewell              slovewellca@marriott.com
#> 12444         Casper          Albrook                  calbrookcb@prlog.org
#> 12445         Lorant           Fudger                   lfudgercc@yahoo.com
#> 12446        Cortney          Anfossi                  canfossicd@desdev.cn
#> 12447        Kimball           Hannum               khannumce@people.com.cn
#> 12448          Farah           Blinde                      fblindecf@gov.uk
#> 12449         Kettie         Arnowicz                 karnowiczcg@yandex.ru
#> 12450        Redford        Shannahan                rshannahanch@amazon.de
#> 12451          Smith          Philcox                    sphilcoxci@ihg.com
#> 12452       Marillin        Gainsbury              mgainsburycj@example.com
#> 12453           Mile       Southerton            msouthertonck@amazon.co.uk
#> 12454         Bobbee          Gallant                    bgallantcl@nps.gov
#> 12455        Raynell          Bothbie               rbothbiecm@geocities.jp
#> 12456        Cosette            Goley                      cgoleycn@mlb.com
#> 12457           Erny            Armes                      earmesco@free.fr
#> 12458       Theobald           Dupree                  tdupreecp@nsw.gov.au
#> 12459           Tina           Showen                      tshowencq@360.cn
#> 12460          Retha            Lenox                 rlenoxcr@usatoday.com
#> 12461         Marten           Dolbey                     mdolbeycs@unc.edu
#> 12462         Dieter           Cokely                dcokelyct@symantec.com
#> 12463        Dulcine           Pinyon                      dpinyoncu@i2i.jp
#> 12464         Randal           Koeppe                  rkoeppecv@apache.org
#> 12465         Verine         Roycraft                  vroycraftcw@1688.com
#> 12466           Glad            Local                     glocalcx@furl.net
#> 12467          Vanni          Shorten              vshortency@rakuten.co.jp
#> 12468         Roanna          Murphey                    rmurpheycz@soup.io
#> 12469        Wilburt        Demageard                wdemageardd0@sogou.com
#> 12470            Rod             Gwin               rgwind1@paginegialle.it
#> 12471        Ceciley          Halwill                     chalwilld2@360.cn
#> 12472         Chrisy           Boakes              cboakesd3@wikispaces.com
#> 12473          Allyn            Diche                      adiched4@ted.com
#> 12474         Giorgi          De Atta                     gdeattad5@cnn.com
#> 12475     Christabel         Burnyeat                 cburnyeatd6@skype.com
#> 12476          Rufus           Astill              rastilld7@slideshare.net
#> 12477          Eldin           Majury                    emajuryd8@gmpg.org
#> 12478         Cathie        O'Shevlin            coshevlind9@infoseek.co.jp
#> 12479         Brnaby            Guare               bguareda@soundcloud.com
#> 12480         Buiron         Rubinsky                      brubinskydb@t.co
#> 12481          Katee          Bayston             kbaystondc@guardian.co.uk
#> 12482         Selina         Nickoles                snickolesdd@meetup.com
#> 12483       Hugibert        Eastridge           heastridgede@feedburner.com
#> 12484         Krysta         Juggings                kjuggingsdf@reddit.com
#> 12485        Miguela            Blees                 mbleesdg@mashable.com
#> 12486        Glennis          Cranmer                   gcranmerdh@noaa.gov
#> 12487        Krystal           Ackers                     kackersdi@hud.gov
#> 12488           Ruth      Lethebridge                 rlethebridgedj@i2i.jp
#> 12489        Thibaut          Snedden                    tsneddendk@soup.io
#> 12490         Dorine             Skym                       dskymdl@hud.gov
#> 12491        Lyndell       Malatalant           lmalatalantdm@reference.com
#> 12492         Derick         Hannaway            dhannawaydn@wikispaces.com
#> 12493          Gavan           Kiffin                 gkiffindo@oaic.gov.au
#> 12494         Harlan           Barson                  hbarsondp@usnews.com
#> 12495         Alford          Samways                   asamwaysdq@cnet.com
#> 12496         Jaymie          Wilford            jwilforddr@yellowpages.com
#> 12497      Reinaldos           Belton                 rbeltonds@comcast.net
#> 12498           Ulla           Royson                   uroysondt@jigsy.com
#> 12499          Augie         O'Cuddie                 aocuddiedu@hao123.com
#>  [ reached 'max' / getOption("max.print") -- omitted 27500 rows ]

rfm_data_orders # to generate data_orders, use rfm_table_order()
#>                   customer_id order_date revenue   first_name     last_name
#> 1                 Brion Stark 2004-12-20      32        Brion         Stark
#> 2              Ethyl Botsford 2005-05-02      36        Ethyl      Botsford
#> 3              Hosteen Jacobi 2004-03-06     116      Hosteen        Jacobi
#> 4                   Edw Frami 2006-03-15      99          Edw         Frami
#> 5                 Josef Lemke 2006-08-14      76        Josef         Lemke
#> 6            Julisa Halvorson 2005-05-28      56       Julisa     Halvorson
#> 7            Judyth Lueilwitz 2005-03-09     108       Judyth     Lueilwitz
#> 8               Mekhi Goyette 2005-09-23     183        Mekhi       Goyette
#> 9               Hansford Moen 2005-09-07      30     Hansford          Moen
#> 10              Fount Flatley 2006-04-12      13        Fount       Flatley
#> 11             Reynaldo Davis 2004-05-30     149     Reynaldo         Davis
#> 12              Shirl Keebler 2005-03-04      66        Shirl       Keebler
#> 13                Aden Murphy 2005-05-27      65         Aden        Murphy
#> 14             Hattie Roberts 2004-05-10      92       Hattie       Roberts
#> 15              Luciano Kling 2005-09-10      96      Luciano         Kling
#> 16             Admiral Senger 2006-08-21      78      Admiral        Senger
#> 17               Hyman Kemmer 2006-01-18      12        Hyman        Kemmer
#> 18             Torry Reynolds 2005-06-20     132        Torry      Reynolds
#> 19             Erica Gottlieb 2004-01-11      65        Erica      Gottlieb
#> 20             Jabbar Dickens 2005-05-14      18       Jabbar       Dickens
#> 21             Gunner Wiegand 2006-09-26      51       Gunner       Wiegand
#> 22            Devante Gerhold 2005-02-09     161      Devante       Gerhold
#> 23            Jeff Bartoletti 2006-10-11      47         Jeff    Bartoletti
#> 24             Tyreke DuBuque 2005-07-03      38       Tyreke       DuBuque
#> 25              Dell Baumbach 2004-06-06     187         Dell      Baumbach
#> 26               Bobby Corwin 2004-02-25      50        Bobby        Corwin
#> 27              Luciano Kling 2006-01-11     210      Luciano         Kling
#> 28             Helyn Ondricka 2005-05-20      76        Helyn      Ondricka
#> 29       Curtis Runolfsdottir 2005-05-15     193       Curtis Runolfsdottir
#> 30            Lucious Langosh 2006-09-06      85      Lucious       Langosh
#> 31           Ronan McLaughlin 2005-12-02      38        Ronan    McLaughlin
#> 32           Barrett Turcotte 2004-06-17      46      Barrett      Turcotte
#> 33             Lyndon McClure 2004-07-03     108       Lyndon       McClure
#> 34                Brooks Funk 2005-08-21      23       Brooks          Funk
#> 35              Alf Lueilwitz 2005-06-26      92          Alf     Lueilwitz
#> 36               Lilah Blanda 2005-09-28      55        Lilah        Blanda
#> 37               Daryn Hickle 2005-10-29     178        Daryn        Hickle
#> 38              Davy Leuschke 2006-03-11     101         Davy      Leuschke
#> 39              Shirl Kuvalis 2005-10-18     119        Shirl       Kuvalis
#> 40              Lovie Keeling 2004-02-09      35        Lovie       Keeling
#> 41                Burns Mayer 2004-02-03      53        Burns         Mayer
#> 42             Elza Gleichner 2005-04-13     187         Elza     Gleichner
#> 43        Darrion Stoltenberg 2005-05-01     117      Darrion   Stoltenberg
#> 44             Somer Turcotte 2006-06-24      12        Somer      Turcotte
#> 45                Tad Johnson 2004-06-17     194          Tad       Johnson
#> 46         Robert Satterfield 2006-08-18      28       Robert   Satterfield
#> 47              Alf Lueilwitz 2005-01-29      68          Alf     Lueilwitz
#> 48            Quintin Tillman 2005-07-23     215      Quintin       Tillman
#> 49          Vivienne Medhurst 2005-03-30     106     Vivienne      Medhurst
#> 50              Holland Lynch 2004-07-06      18      Holland         Lynch
#> 51              Davian Ledner 2004-04-06      51       Davian        Ledner
#> 52               Vannie Kunze 2005-04-20      25       Vannie         Kunze
#> 53              Micayla Kutch 2005-07-29      29      Micayla         Kutch
#> 54             Jaren Schmeler 2006-09-20     118        Jaren      Schmeler
#> 55              Gracia Wunsch 2005-06-13      53       Gracia        Wunsch
#> 56               Rebeca Kling 2006-05-05     194       Rebeca         Kling
#> 57           Avery Bartoletti 2005-09-25     110        Avery    Bartoletti
#> 58                 Collie Von 2005-07-02      62       Collie           Von
#> 59                 Etta Towne 2005-12-10      59         Etta         Towne
#> 60           Josephus Bradtke 2005-05-25     188     Josephus       Bradtke
#> 61        Jacqueline Nikolaus 2005-03-12     105   Jacqueline      Nikolaus
#> 62              Aileen Barton 2004-01-04      25       Aileen        Barton
#> 63             Doshia Stroman 2006-09-20      27       Doshia       Stroman
#> 64              Texas Keebler 2004-06-26      75        Texas       Keebler
#> 65              Triston Mills 2005-11-09      40      Triston         Mills
#> 66              Kieth Wiegand 2006-06-04      97        Kieth       Wiegand
#> 67           Torrance Pollich 2006-03-07     141     Torrance       Pollich
#> 68               Essence Metz 2004-03-11      62      Essence          Metz
#> 69           Rochelle Johnson 2006-06-10      36     Rochelle       Johnson
#> 70        Margarette Eichmann 2005-05-29      74   Margarette      Eichmann
#> 71             Omie Cummerata 2004-09-12      70         Omie     Cummerata
#> 72              Casen Kuhlman 2006-12-04     100        Casen       Kuhlman
#> 73               Korey Cronin 2005-09-08      56        Korey        Cronin
#> 74                 Tia Zulauf 2006-03-13      17          Tia        Zulauf
#> 75            Mitzi Bergstrom 2004-08-05     108        Mitzi     Bergstrom
#> 76             Latoya Stanton 2004-12-19     121       Latoya       Stanton
#> 77              Winifred Kris 2004-06-27      65     Winifred          Kris
#> 78            Suzette Pollich 2006-01-30      58      Suzette       Pollich
#> 79            Delfina Watsica 2005-05-14      51      Delfina       Watsica
#> 80              Mykel Johnson 2005-08-07      54        Mykel       Johnson
#> 81            Marcello Torphy 2006-02-16      53     Marcello        Torphy
#> 82               Cary McGlynn 2004-05-05      55         Cary       McGlynn
#> 83           Rolla Hodkiewicz 2004-09-30     100        Rolla    Hodkiewicz
#> 84              Cheyenne Dach 2004-02-17      76     Cheyenne          Dach
#> 85               Lucetta Auer 2004-10-23      44      Lucetta          Auer
#> 86            Devaughn Erdman 2005-05-12     190     Devaughn        Erdman
#> 87             Benji Jacobson 2004-07-26      64        Benji      Jacobson
#> 88           Katelynn Lebsack 2005-02-28      39     Katelynn       Lebsack
#> 89               Amina Renner 2006-05-30     103        Amina        Renner
#> 90                Halle Davis 2006-08-21      54        Halle         Davis
#> 91         Jeannie Rutherford 2004-10-10     124      Jeannie    Rutherford
#> 92               Essence Metz 2005-12-17      69      Essence          Metz
#> 93                Casen Blick 2005-12-05      38        Casen         Blick
#> 94          Haleigh Wilkinson 2004-12-28     178      Haleigh     Wilkinson
#> 95             Alex Armstrong 2005-07-07     105         Alex     Armstrong
#> 96             Warren Osinski 2006-08-24      59       Warren       Osinski
#> 97              Lary Champlin 2006-02-20      20         Lary      Champlin
#> 98               Armin Klocko 2005-08-05      80        Armin        Klocko
#> 99                 Bree Stehr 2005-07-10      10         Bree         Stehr
#> 100             Dow Halvorson 2005-06-19     163          Dow     Halvorson
#> 101             Shirl Keebler 2006-10-02      13        Shirl       Keebler
#> 102         Valentine Volkman 2006-08-13      83    Valentine       Volkman
#> 103              Hildur Mante 2005-10-26     133       Hildur         Mante
#> 104                Ivy Kohler 2004-04-04     214          Ivy        Kohler
#> 105                 Darl Rice 2004-07-25     107         Darl          Rice
#> 106            Murl Wilkinson 2005-04-29      38         Murl     Wilkinson
#> 107              Jayden Hayes 2005-08-29      30       Jayden         Hayes
#> 108                Franz Mohr 2005-05-01     116        Franz          Mohr
#> 109                 Byrd Kuhn 2005-05-21      14         Byrd          Kuhn
#> 110              Buddie Terry 2004-10-03     104       Buddie         Terry
#> 111           Candido Krajcik 2006-05-30     119      Candido       Krajcik
#> 112           Maebell Reinger 2005-06-10     164      Maebell       Reinger
#> 113            Dwan Wilderman 2006-07-10      72         Dwan     Wilderman
#> 114          Laisha VonRueden 2006-09-26     184       Laisha     VonRueden
#> 115           Damarcus Erdman 2005-10-11     155     Damarcus        Erdman
#> 116             Elinor Howell 2005-07-02      88       Elinor        Howell
#> 117              Johney Mayer 2004-06-20      50       Johney         Mayer
#> 118             Hiroshi Terry 2004-09-28      58      Hiroshi         Terry
#> 119       Lyndsey Heidenreich 2004-07-01     158      Lyndsey   Heidenreich
#> 120                 Ebb Doyle 2004-09-26      34          Ebb         Doyle
#> 121               Roger Green 2004-02-21     214        Roger         Green
#> 122      Chastity Greenfelder 2005-06-10      71     Chastity   Greenfelder
#> 123             Almedia Yundt 2006-08-07     154      Almedia         Yundt
#> 124               Katlyn Mann 2005-07-11      35       Katlyn          Mann
#> 125               Juana Bogan 2004-08-25      26        Juana         Bogan
#> 126            Aubrey Witting 2004-12-04      95       Aubrey       Witting
#> 127            Makenzie Hintz 2004-06-17     169     Makenzie         Hintz
#> 128           Kalvin Prosacco 2005-11-16      58       Kalvin      Prosacco
#> 129              Yazmin Borer 2004-03-05     111       Yazmin         Borer
#> 130            Shelton Hudson 2004-03-06      17      Shelton        Hudson
#> 131              Kem Medhurst 2005-05-07     110          Kem      Medhurst
#> 132          Herschel Flatley 2004-07-19      32     Herschel       Flatley
#> 133            Jovita Reinger 2006-06-14     157       Jovita       Reinger
#> 134             Oneta Lebsack 2006-04-17      16        Oneta       Lebsack
#> 135             Elizbeth West 2005-01-03      45     Elizbeth          West
#> 136             Skylar Hoeger 2004-11-22     125       Skylar        Hoeger
#> 137               Alfred Metz 2006-04-27      15       Alfred          Metz
#> 138            Alysa Cummings 2004-10-07      69        Alysa      Cummings
#> 139             Holland Lynch 2005-09-01      59      Holland         Lynch
#> 140              Kesha Daniel 2006-10-13      24        Kesha        Daniel
#> 141                Olof Swift 2004-04-14      48         Olof         Swift
#> 142         Luverne Rodriguez 2005-08-07      95      Luverne     Rodriguez
#> 143                Burr O'Kon 2004-06-13     100         Burr         O'Kon
#> 144               TRUE Conroy 2004-08-19     113         TRUE        Conroy
#> 145              Gayle Kuphal 2006-12-11     178        Gayle        Kuphal
#> 146              Mabell Lemke 2004-07-22      32       Mabell         Lemke
#> 147             Leone Fritsch 2005-08-03     104        Leone       Fritsch
#> 148              Elroy Kirlin 2004-12-02     185        Elroy        Kirlin
#> 149                Bessie Kub 2005-02-15     100       Bessie           Kub
#> 150             Marvin Wisozk 2004-03-20      21       Marvin        Wisozk
#> 151            Warner Kessler 2005-05-25      22       Warner       Kessler
#> 152               Mila Gibson 2004-06-14     175         Mila        Gibson
#> 153               Cari Renner 2006-07-04      67         Cari        Renner
#> 154               Suzann Koss 2004-11-29     115       Suzann          Koss
#> 155               Kamren Moen 2006-01-29     102       Kamren          Moen
#> 156              Sherie Mayer 2004-09-19      71       Sherie         Mayer
#> 157             Nigel Leannon 2006-09-25     115        Nigel       Leannon
#> 158              Jeanie Berge 2004-09-09      43       Jeanie         Berge
#> 159               TRUE Conroy 2004-05-27      68         TRUE        Conroy
#> 160         Mervyn Vandervort 2004-08-10     126       Mervyn    Vandervort
#> 161            Tamisha Crooks 2005-11-21     186      Tamisha        Crooks
#> 162                Ivy Kohler 2004-04-24     116          Ivy        Kohler
#> 163          Willis Bahringer 2006-06-10      53       Willis     Bahringer
#> 164               Torry Bogan 2004-07-08      68        Torry         Bogan
#> 165          Jayvion Cummings 2005-07-11     184      Jayvion      Cummings
#> 166            Shakira Stokes 2005-08-03      55      Shakira        Stokes
#> 167             Etta Franecki 2004-12-10      56         Etta      Franecki
#> 168            Shakira Stokes 2005-08-09     197      Shakira        Stokes
#> 169               Semaj Sauer 2004-11-30     157        Semaj         Sauer
#> 170              Camilo Kiehn 2005-07-15      31       Camilo         Kiehn
#> 171          Casandra Krajcik 2006-08-09      70     Casandra       Krajcik
#> 172              Jules Harber 2005-02-26      37        Jules        Harber
#> 173            Lisandro Swift 2005-06-23      75     Lisandro         Swift
#> 174              Shea Gerlach 2005-08-20     156         Shea       Gerlach
#> 175         Demetric Franecki 2005-06-26     130     Demetric      Franecki
#> 176             Isabela Mertz 2005-12-25     100      Isabela         Mertz
#> 177             Maebell Terry 2005-08-11      60      Maebell         Terry
#> 178              Pratt Crooks 2005-09-26      34        Pratt        Crooks
#> 179        Dominique McKenzie 2004-04-11     196    Dominique      McKenzie
#> 180            Burke Connelly 2005-06-16     179        Burke      Connelly
#> 181             Leaner Jacobs 2005-03-23      39       Leaner        Jacobs
#> 182            Rosanne Maggio 2005-04-13     126      Rosanne        Maggio
#> 183          Nathanael Wisozk 2004-08-07      33    Nathanael        Wisozk
#> 184             Soren Gleason 2006-01-23     212        Soren       Gleason
#> 185             Jaliyah Purdy 2005-12-01     116      Jaliyah         Purdy
#> 186              Ruel Ruecker 2006-05-24      48         Ruel       Ruecker
#> 187          Lillianna Larkin 2006-08-05     149    Lillianna        Larkin
#> 188         Luverne Rodriguez 2005-05-20     116      Luverne     Rodriguez
#> 189            Cristi Quitzon 2005-07-28      24       Cristi       Quitzon
#> 190            Leyla Dietrich 2006-09-04      52        Leyla      Dietrich
#> 191               Lott Larkin 2005-09-15      19         Lott        Larkin
#> 192             Daisha Torphy 2006-02-01      42       Daisha        Torphy
#> 193              Joana Kemmer 2005-01-21      54        Joana        Kemmer
#> 194            Nery Ankunding 2004-04-27     144         Nery     Ankunding
#> 195             Rikki Watsica 2006-01-09      41        Rikki       Watsica
#> 196            Lisandro Swift 2005-03-14      66     Lisandro         Swift
#> 197         Laurene Considine 2004-12-23     209      Laurene     Considine
#> 198               Lissa White 2005-09-30      52        Lissa         White
#> 199           Santana Bradtke 2006-08-01      48      Santana       Bradtke
#> 200            Cleone Hagenes 2004-05-08     103       Cleone       Hagenes
#> 201             Hurley Brekke 2004-12-23     164       Hurley        Brekke
#> 202           Benjamin Barton 2004-09-11      79     Benjamin        Barton
#> 203                Zola Nolan 2006-05-21      98         Zola         Nolan
#> 204                 Lesa Hane 2004-05-29      67         Lesa          Hane
#> 205             Arnoldo Marks 2005-09-12      58      Arnoldo         Marks
#> 206              Gayle Kuphal 2005-07-13     139        Gayle        Kuphal
#> 207              Joana Kemmer 2005-05-15     118        Joana        Kemmer
#> 208        Romaine McCullough 2006-05-13      28      Romaine    McCullough
#> 209             Fidel Kilback 2005-07-26      17        Fidel       Kilback
#> 210             Delia Witting 2006-08-02      46        Delia       Witting
#> 211           Krista Hartmann 2004-01-08      42       Krista      Hartmann
#> 212         Ashleigh Eichmann 2006-07-22     148     Ashleigh      Eichmann
#> 213              Armin Klocko 2005-05-25      65        Armin        Klocko
#> 214                Iesha Mraz 2004-01-12      34        Iesha          Mraz
#> 215              Howell Blick 2005-07-01      54       Howell         Blick
#> 216            Verona Langosh 2005-07-10      72       Verona       Langosh
#> 217             Bethel Wunsch 2006-02-03      36       Bethel        Wunsch
#> 218         Vivian McLaughlin 2005-11-10     219       Vivian    McLaughlin
#> 219                Bree Stehr 2005-04-18      73         Bree         Stehr
#> 220             Velda Goyette 2005-12-25      36        Velda       Goyette
#> 221        Romaine McCullough 2004-02-29     114      Romaine    McCullough
#> 222      Katherine Balistreri 2005-07-16      67    Katherine    Balistreri
#> 223               Barrie Bins 2004-08-10     141       Barrie          Bins
#> 224               Katlyn Mann 2004-04-09      60       Katlyn          Mann
#> 225              Sherie Mayer 2005-03-11      31       Sherie         Mayer
#> 226          Madyson Bergnaum 2006-02-05     196      Madyson      Bergnaum
#> 227              Jeffie Johns 2004-04-07      41       Jeffie         Johns
#> 228               Imani Swift 2004-06-09      78        Imani         Swift
#> 229               Lupe Kohler 2005-04-11      38         Lupe        Kohler
#> 230             Owens Gaylord 2005-08-01      67        Owens       Gaylord
#> 231       Devontae Swaniawski 2005-04-06     101     Devontae    Swaniawski
#> 232       Darrion Stoltenberg 2005-05-29     117      Darrion   Stoltenberg
#> 233         Maura Schamberger 2005-03-26     140        Maura   Schamberger
#> 234             Dow Halvorson 2005-02-18     218          Dow     Halvorson
#> 235              Howell Blick 2004-12-10      76       Howell         Blick
#> 236             Michal Murphy 2006-08-17     108       Michal        Murphy
#> 237        Johnathon Schimmel 2004-03-12     186    Johnathon      Schimmel
#> 238               Tori Bailey 2006-08-24      44         Tori        Bailey
#> 239               Semaj Sauer 2006-11-30     110        Semaj         Sauer
#> 240            Agness O'Keefe 2004-08-17     101       Agness       O'Keefe
#> 241              Ronin Beatty 2004-11-06     113        Ronin        Beatty
#> 242               Jessy Emard 2005-08-17      39        Jessy         Emard
#> 243              Blair Erdman 2005-05-25     194        Blair        Erdman
#> 244         Madelyn Hermiston 2004-03-14      67      Madelyn     Hermiston
#> 245             Donie Stroman 2006-09-30      34        Donie       Stroman
#> 246          Seaborn Bogisich 2005-11-06     112      Seaborn      Bogisich
#> 247          Dominik Anderson 2005-07-06      44      Dominik      Anderson
#> 248             Jessica Koepp 2005-08-31     214      Jessica         Koepp
#> 249         Peyton Runolfsson 2005-07-16      34       Peyton    Runolfsson
#> 250          Shirlie Nikolaus 2004-11-18     117      Shirlie      Nikolaus
#> 251             Arnoldo Marks 2006-05-19     207      Arnoldo         Marks
#> 252             Carlton Mante 2005-03-15     198      Carlton         Mante
#> 253           Ezzard Bernhard 2005-09-26      56       Ezzard      Bernhard
#> 254             Claus Bradtke 2004-08-04      50        Claus       Bradtke
#> 255          Jayvion Cummings 2006-03-18      45      Jayvion      Cummings
#> 256           Damarcus Erdman 2004-03-28      56     Damarcus        Erdman
#> 257           Evelyn Schinner 2005-10-21      31       Evelyn      Schinner
#> 258               Hoke Jacobs 2005-01-20     129         Hoke        Jacobs
#> 259            Chas Cummerata 2005-08-08      76         Chas     Cummerata
#> 260              Lydia Willms 2005-03-30      67        Lydia        Willms
#> 261                Iesha Mraz 2005-07-27     114        Iesha          Mraz
#> 262              Gaylen Kiehn 2004-08-17     184       Gaylen         Kiehn
#> 263          Niles Altenwerth 2005-04-28     115        Niles    Altenwerth
#> 264          Malcolm Medhurst 2006-03-31     120      Malcolm      Medhurst
#> 265              Wendel Hintz 2005-02-14     125       Wendel         Hintz
#> 266              Dwain Skiles 2005-08-11      69        Dwain        Skiles
#> 267         Marguerite Heaney 2005-10-16      71   Marguerite        Heaney
#> 268         Marguerite Heaney 2005-05-21     141   Marguerite        Heaney
#> 269               Alfred Metz 2004-03-29     116       Alfred          Metz
#> 270            Butler Schmitt 2005-04-13      37       Butler       Schmitt
#> 271           Gilmore Schmitt 2006-08-04      81      Gilmore       Schmitt
#> 272           Forest Hartmann 2005-07-11      53       Forest      Hartmann
#> 273           Eliezer Wuckert 2005-08-26      61      Eliezer       Wuckert
#> 274             Leone Fritsch 2006-01-06     175        Leone       Fritsch
#> 275            Jacklyn Casper 2006-02-23      71      Jacklyn        Casper
#> 276           Deontae Effertz 2005-05-31      41      Deontae       Effertz
#> 277          Dustyn Rodriguez 2005-07-03      60       Dustyn     Rodriguez
#> 278             Rice Prohaska 2005-06-15      40         Rice      Prohaska
#> 279               Karan Weber 2005-12-22     118        Karan         Weber
#> 280              Jeff Denesik 2004-12-02      36         Jeff       Denesik
#> 281            Jacklyn Casper 2006-07-26      81      Jacklyn        Casper
#> 282              Ingrid O'Kon 2004-03-26      60       Ingrid         O'Kon
#> 283            Violette O'Kon 2004-07-12      32     Violette         O'Kon
#> 284            Avah Schneider 2005-03-01     190         Avah     Schneider
#> 285             Rakeem Harvey 2004-07-16     172       Rakeem        Harvey
#> 286            Epifanio Kozey 2005-08-25      43     Epifanio         Kozey
#> 287               Ray Stanton 2005-08-12      57          Ray       Stanton
#> 288           Jeff Bartoletti 2005-05-03     140         Jeff    Bartoletti
#> 289             Peyton Larson 2005-05-17     129       Peyton        Larson
#> 290            Vonda Connelly 2005-08-03     103        Vonda      Connelly
#> 291           Kylie Kertzmann 2006-09-05      36        Kylie     Kertzmann
#> 292               Brea Nienow 2004-10-12      44         Brea        Nienow
#> 293            Britton Brekke 2005-04-26     110      Britton        Brekke
#> 294           Amira Gutkowski 2005-06-03      79        Amira     Gutkowski
#> 295          Latesha Bernhard 2004-04-14     173      Latesha      Bernhard
#> 296              Link Carroll 2005-02-01     119         Link       Carroll
#> 297               Delpha King 2005-08-16      52       Delpha          King
#> 298          Fronnie Schaefer 2004-07-03      78      Fronnie      Schaefer
#> 299             Lovett Legros 2006-08-02      57       Lovett        Legros
#> 300              Joana Kemmer 2006-07-17      79        Joana        Kemmer
#> 301             Tillie Crooks 2006-01-27     114       Tillie        Crooks
#> 302             Delia Witting 2005-07-10     136        Delia       Witting
#> 303            Giada Weissnat 2004-03-08      44        Giada      Weissnat
#> 304         Carmella Schiller 2005-07-20     174     Carmella      Schiller
#> 305          Mathilda Farrell 2004-07-01     210     Mathilda       Farrell
#> 306            Aurthur Kirlin 2004-04-24     163      Aurthur        Kirlin
#> 307              Thor Schultz 2006-03-05      51         Thor       Schultz
#> 308             Murray Harvey 2005-10-20     101       Murray        Harvey
#> 309              Lesta Carter 2005-07-05      53        Lesta        Carter
#> 310            Enos VonRueden 2004-12-15      16         Enos     VonRueden
#> 311             Derek Witting 2005-06-23     200        Derek       Witting
#> 312                 Byrd Kuhn 2004-07-15      59         Byrd          Kuhn
#> 313            Orpha Bernhard 2005-05-21     144        Orpha      Bernhard
#> 314            Abbey O'Reilly 2005-12-24     145        Abbey      O'Reilly
#> 315             Fount Flatley 2005-05-03      21        Fount       Flatley
#> 316             Winifred Kris 2005-04-03      82     Winifred          Kris
#> 317           Danika Schulist 2005-08-01      25       Danika      Schulist
#> 318             Blair Cormier 2005-06-23     119        Blair       Cormier
#> 319              Mimi Goldner 2005-09-19      55         Mimi       Goldner
#> 320              Masao Deckow 2006-12-25      74        Masao        Deckow
#> 321          Stefani Kshlerin 2005-04-28      60      Stefani      Kshlerin
#> 322            Ailene Hermann 2004-09-23     138       Ailene       Hermann
#> 323             Isabela Mertz 2005-06-13      11      Isabela         Mertz
#> 324            Christal Wolff 2006-09-06      59     Christal         Wolff
#> 325               Corda Towne 2005-04-22     196        Corda         Towne
#> 326               Laila Bayer 2004-08-18     187        Laila         Bayer
#> 327             Flo Gulgowski 2005-09-03     172          Flo     Gulgowski
#> 328          Jessica Connelly 2004-07-12      17      Jessica      Connelly
#> 329            Caylee Carroll 2005-05-05     159       Caylee       Carroll
#> 330            Orpha Bernhard 2006-07-31     118        Orpha      Bernhard
#> 331                Shari Rowe 2005-10-31     209        Shari          Rowe
#> 332             Bronson Towne 2005-08-19      71      Bronson         Towne
#> 333             Tillie Crooks 2006-02-05      97       Tillie        Crooks
#> 334            Colin Prohaska 2005-09-08     124        Colin      Prohaska
#> 335           Jeff Bartoletti 2004-09-15     192         Jeff    Bartoletti
#> 336             Manilla Braun 2005-12-24     169      Manilla         Braun
#> 337      Jammie Runolfsdottir 2006-03-30      35       Jammie Runolfsdottir
#> 338           Quintin Tillman 2005-12-18      39      Quintin       Tillman
#> 339            Britton Brekke 2006-01-02      37      Britton        Brekke
#> 340             Aileen Barton 2004-06-15      87       Aileen        Barton
#> 341            Bryson Reinger 2006-02-16      57       Bryson       Reinger
#> 342            Gregg Franecki 2006-02-17     198        Gregg      Franecki
#> 343          Katelynn Lebsack 2004-07-07      40     Katelynn       Lebsack
#> 344           Hershel Shields 2006-07-05      99      Hershel       Shields
#> 345              Wendel Hintz 2004-09-10     115       Wendel         Hintz
#> 346            Somer Turcotte 2005-09-01     164        Somer      Turcotte
#> 347            Lidie Gislason 2005-04-18      31        Lidie      Gislason
#> 348            Avah Schneider 2006-06-05     180         Avah     Schneider
#> 349                Iesha Mraz 2005-05-20      41        Iesha          Mraz
#> 350               TRUE Conroy 2004-12-29     210         TRUE        Conroy
#> 351              Astrid Bayer 2005-08-21      27       Astrid         Bayer
#> 352                Elgie Cole 2005-04-08     172        Elgie          Cole
#> 353         Alpheus Wilkinson 2005-07-20      53      Alpheus     Wilkinson
#> 354            Manuel DuBuque 2006-08-27     119       Manuel       DuBuque
#> 355         Mariano Lueilwitz 2005-03-25     117      Mariano     Lueilwitz
#> 356            Alvah Bogisich 2005-10-31      53        Alvah      Bogisich
#> 357             Cheyenne Dach 2005-10-08      87     Cheyenne          Dach
#> 358             Odelia Rippin 2005-07-31     160       Odelia        Rippin
#> 359          Hildegard Murray 2006-04-14     141    Hildegard        Murray
#> 360          Latesha Bernhard 2006-06-19     162      Latesha      Bernhard
#> 361               Noma Hessel 2004-07-08      44         Noma        Hessel
#> 362            Reggie Leffler 2005-05-12      62       Reggie       Leffler
#> 363             Davy Leuschke 2005-10-03     163         Davy      Leuschke
#> 364           Saverio Weimann 2005-05-23      55      Saverio       Weimann
#> 365          Susannah Bernier 2006-10-27     138     Susannah       Bernier
#> 366            Alvah Bogisich 2005-06-25     153        Alvah      Bogisich
#> 367            Diego Gislason 2006-05-21      18        Diego      Gislason
#> 368            Starling Welch 2005-06-04      55     Starling         Welch
#> 369             Murray Harvey 2004-05-04     188       Murray        Harvey
#> 370            Wally Nikolaus 2005-02-09     116        Wally      Nikolaus
#> 371           Santana Bradtke 2004-05-29      65      Santana       Bradtke
#> 372            Bertina Renner 2006-12-26      43      Bertina        Renner
#> 373        Georgene Aufderhar 2004-08-07      86     Georgene     Aufderhar
#> 374           Robert Schmeler 2005-10-16      25       Robert      Schmeler
#> 375                Donta Veum 2004-09-25     140        Donta          Veum
#> 376             Woodson Klein 2006-08-01     209      Woodson         Klein
#> 377             Murray Harvey 2006-06-15     208       Murray        Harvey
#> 378             Nobie Hermann 2004-05-03     187        Nobie       Hermann
#> 379            Peyton Koelpin 2005-05-06      89       Peyton       Koelpin
#> 380        Chante Stoltenberg 2005-02-20     161       Chante   Stoltenberg
#> 381         Paulo Stoltenberg 2004-07-04      82        Paulo   Stoltenberg
#> 382           Deontae Effertz 2004-04-16      92      Deontae       Effertz
#> 383             Keenen Parker 2004-05-15     219       Keenen        Parker
#> 384             Leone Fritsch 2005-06-30      17        Leone       Fritsch
#> 385                Posey Metz 2005-05-02     165        Posey          Metz
#> 386               Alfred Metz 2004-08-21      58       Alfred          Metz
#> 387              Toney Marvin 2005-04-04     100        Toney        Marvin
#> 388              Gayle Kuphal 2006-04-17      64        Gayle        Kuphal
#> 389            Rosanne Maggio 2005-09-19      91      Rosanne        Maggio
#> 390              Sylva Littel 2005-02-03     113        Sylva        Littel
#> 391             Nikita Becker 2006-08-02      40       Nikita        Becker
#> 392           Iliana Donnelly 2005-06-14      97       Iliana      Donnelly
#> 393           Marcello Torphy 2006-02-27      44     Marcello        Torphy
#> 394          Caswell Anderson 2004-03-15     160      Caswell      Anderson
#> 395                Bessie Kub 2005-02-13     218       Bessie           Kub
#> 396                Flem Kozey 2005-06-21      42         Flem         Kozey
#> 397              Ingrid O'Kon 2005-02-02     161       Ingrid         O'Kon
#> 398           Keri Williamson 2005-06-28      63         Keri    Williamson
#> 399              Shania Stamm 2006-05-22     143       Shania         Stamm
#> 400          Azariah Lubowitz 2005-08-15     205      Azariah      Lubowitz
#> 401             Devon Osinski 2004-08-05     194        Devon       Osinski
#> 402               Semaj Sauer 2004-11-05     219        Semaj         Sauer
#> 403                 Art Hyatt 2004-09-03     176          Art         Hyatt
#> 404            Buford Pollich 2006-09-21     193       Buford       Pollich
#> 405               Delpha King 2005-07-06     206       Delpha          King
#> 406          Julisa Halvorson 2006-01-20     157       Julisa     Halvorson
#> 407            Colin Prohaska 2005-08-16      49        Colin      Prohaska
#> 408            Hattie Roberts 2004-04-12     157       Hattie       Roberts
#> 409            Fannie Watsica 2004-08-27      60       Fannie       Watsica
#> 410            Alyssia Hickle 2004-10-03     137      Alyssia        Hickle
#> 411            Bush Schroeder 2005-05-16     205         Bush     Schroeder
#> 412               Kizzy Doyle 2006-06-01     178        Kizzy         Doyle
#> 413       Hayleigh Swaniawski 2005-07-31     102     Hayleigh    Swaniawski
#> 414               Jerod Berge 2005-10-02      34        Jerod         Berge
#> 415             Etta Franecki 2004-09-09      17         Etta      Franecki
#> 416           Lillard McGlynn 2005-05-02      61      Lillard       McGlynn
#> 417                Add Senger 2005-11-12     208          Add        Senger
#> 418             Lovie Keeling 2005-05-08      65        Lovie       Keeling
#> 419             Alannah Borer 2005-04-21      47      Alannah         Borer
#> 420          Ruthe Macejkovic 2005-12-23     199        Ruthe    Macejkovic
#> 421              Shea Gerlach 2006-06-13     208         Shea       Gerlach
#> 422             Jeanette Lind 2005-12-24     101     Jeanette          Lind
#> 423             Dorathy Nader 2006-03-30      66      Dorathy         Nader
#> 424               Ray Stanton 2005-05-30      51          Ray       Stanton
#> 425              Claire Terry 2004-06-07     137       Claire         Terry
#> 426            Kelsey Pollich 2006-11-13     116       Kelsey       Pollich
#> 427       Lyndsey Heidenreich 2005-08-29      61      Lyndsey   Heidenreich
#> 428            Mohammad Smith 2005-07-02      29     Mohammad         Smith
#> 429            Dillon Pollich 2005-05-10      72       Dillon       Pollich
#> 430             Skylar Hoeger 2006-03-24      66       Skylar        Hoeger
#> 431                Kyrie Funk 2005-06-03      41        Kyrie          Funk
#> 432              Lane Roberts 2005-07-26      24         Lane       Roberts
#> 433             Cathey Beatty 2004-10-16      80       Cathey        Beatty
#> 434            Shellie Brekke 2005-05-19     120      Shellie        Brekke
#> 435                 Vic Bauch 2004-10-12      63          Vic         Bauch
#> 436              Rebeca Kling 2004-05-22      79       Rebeca         Kling
#> 437          Madyson Bergnaum 2004-09-25     170      Madyson      Bergnaum
#> 438             Keenen Parker 2005-08-26      13       Keenen        Parker
#> 439             Irwin Ritchie 2005-05-21     194        Irwin       Ritchie
#> 440             Esker Cormier 2004-08-24     167        Esker       Cormier
#> 441                 Loy Olson 2006-03-13     169          Loy         Olson
#> 442             Franco Kemmer 2005-05-16      18       Franco        Kemmer
#> 443              Ras Kshlerin 2005-09-22      47          Ras      Kshlerin
#> 444               Tracy Feest 2005-07-04      54        Tracy         Feest
#> 445         Isaak Oberbrunner 2006-05-17      43        Isaak   Oberbrunner
#> 446              Karon Torphy 2005-04-16      64        Karon        Torphy
#> 447                Bree Stehr 2004-06-28      33         Bree         Stehr
#> 448             Lacey Sanford 2005-09-19      14        Lacey       Sanford
#> 449            Dwan Wilderman 2005-09-26      31         Dwan     Wilderman
#> 450        Marlene Runolfsson 2004-09-24      37      Marlene    Runolfsson
#> 451              Hansel Kiehn 2005-11-08      54       Hansel         Kiehn
#> 452            Aurthur Kirlin 2004-08-21      57      Aurthur        Kirlin
#> 453               Elias Huels 2005-04-20     142        Elias         Huels
#> 454            Tilden Hermann 2004-09-27      68       Tilden       Hermann
#> 455             Lorean Stokes 2005-05-26      48       Lorean        Stokes
#> 456            Theo Buckridge 2004-02-16      51         Theo     Buckridge
#> 457            Fannie Watsica 2006-07-03      42       Fannie       Watsica
#> 458           Gilmore Schmitt 2006-08-28      23      Gilmore       Schmitt
#> 459              Taylor Crist 2005-09-06      38       Taylor         Crist
#> 460       Devontae Swaniawski 2005-02-02      36     Devontae    Swaniawski
#> 461           Maebell Reinger 2005-10-14     156      Maebell       Reinger
#> 462               Kizzy Doyle 2006-02-21     100        Kizzy         Doyle
#> 463       Margarette Eichmann 2006-05-25     152   Margarette      Eichmann
#> 464           Lakeshia Harris 2005-05-01      38     Lakeshia        Harris
#> 465               Grady Beier 2004-07-26     116        Grady         Beier
#> 466             Velda Goyette 2005-02-26      31        Velda       Goyette
#> 467          Malcolm Medhurst 2005-07-23      47      Malcolm      Medhurst
#> 468         Alphonse Champlin 2006-05-31      74     Alphonse      Champlin
#> 469              Jeffie Johns 2005-08-27     197       Jeffie         Johns
#> 470          Willis Bahringer 2005-07-01     119       Willis     Bahringer
#> 471           Jeff Bartoletti 2004-05-01     100         Jeff    Bartoletti
#> 472             Gracelyn Dare 2006-07-31     126     Gracelyn          Dare
#> 473             Stetson Ferry 2005-06-02     111      Stetson         Ferry
#> 474           Marissa Goyette 2006-09-02      65      Marissa       Goyette
#> 475           Nathaly Streich 2005-02-15     162      Nathaly       Streich
#> 476            Scottie Beahan 2005-08-02     188      Scottie        Beahan
#> 477           Marissa Goyette 2004-07-21      25      Marissa       Goyette
#> 478           Hurley Schiller 2005-10-04      57       Hurley      Schiller
#> 479              Arlie Brekke 2005-08-09     117        Arlie        Brekke
#> 480            Alethea Blanda 2004-12-22      34      Alethea        Blanda
#> 481           Corey Bechtelar 2004-09-06     121        Corey     Bechtelar
#> 482           Elmyra Schaefer 2004-09-17     151       Elmyra      Schaefer
#> 483               Alfred Metz 2005-11-23     128       Alfred          Metz
#> 484         Jarred Stiedemann 2005-07-21      10       Jarred    Stiedemann
#> 485          Herschel Flatley 2005-09-09      21     Herschel       Flatley
#> 486            Alysa Cummings 2004-05-18      46        Alysa      Cummings
#> 487            Jaren Schmeler 2006-06-22     204        Jaren      Schmeler
#> 488              Hyman Kemmer 2005-09-02      65        Hyman        Kemmer
#> 489              Shea Gerlach 2004-04-15      50         Shea       Gerlach
#> 490                 Edw Frami 2005-06-24     101          Edw         Frami
#> 491               Ariel Yundt 2004-06-06      97        Ariel         Yundt
#> 492             Holland Lynch 2005-04-07      75      Holland         Lynch
#> 493           Shaniece Herzog 2004-11-05      10     Shaniece        Herzog
#> 494           Iyanna Schmeler 2005-08-27     122       Iyanna      Schmeler
#> 495             Bronson Towne 2006-08-26      20      Bronson         Towne
#> 496             Deonte Zemlak 2004-04-06      74       Deonte        Zemlak
#> 497              Jayden Hayes 2005-08-24     101       Jayden         Hayes
#> 498              Christ Zieme 2005-03-30     102       Christ         Zieme
#> 499             Marvin Wisozk 2004-04-08     133       Marvin        Wisozk
#> 500           Tyshawn Witting 2004-05-27     165      Tyshawn       Witting
#> 501         Rexford Greenholt 2005-03-05      33      Rexford     Greenholt
#> 502         Valentine Volkman 2006-10-11     157    Valentine       Volkman
#> 503             Nan O'Connell 2006-08-10      15          Nan     O'Connell
#> 504               Brion Stark 2005-07-30     212        Brion         Stark
#> 505          Julisa Halvorson 2005-08-02     175       Julisa     Halvorson
#> 506               Halle Davis 2006-02-24     108        Halle         Davis
#> 507          Morton O'Connell 2004-12-26      63       Morton     O'Connell
#> 508             Tegan Farrell 2005-03-11      33        Tegan       Farrell
#> 509           Darrian Bartell 2006-11-13     157      Darrian       Bartell
#> 510          Schuyler Volkman 2005-02-09     101     Schuyler       Volkman
#> 511              Ronin Beatty 2006-02-22     108        Ronin        Beatty
#> 512            Caylee Carroll 2004-06-09      39       Caylee       Carroll
#> 513               Tamia Hills 2005-07-29     122        Tamia         Hills
#> 514              Gerard Bauch 2006-06-04     101       Gerard         Bauch
#> 515             Texas Keebler 2005-09-03     192        Texas       Keebler
#> 516               Claire Torp 2005-10-28      30       Claire          Torp
#> 517             Olena Kessler 2004-05-09      43        Olena       Kessler
#> 518            Tamika Labadie 2005-04-14     152       Tamika       Labadie
#> 519          Torrance Pollich 2005-06-12     119     Torrance       Pollich
#> 520        Zechariah Gislason 2005-02-27      20    Zechariah      Gislason
#> 521                Thad Nader 2006-01-08      55         Thad         Nader
#> 522                Uriel Kuhn 2004-10-06     116        Uriel          Kuhn
#> 523             Domingo Block 2004-05-22     126      Domingo         Block
#> 524             Gracie Willms 2004-03-07     171       Gracie        Willms
#> 525         Luverne Rodriguez 2006-03-27      78      Luverne     Rodriguez
#> 526              Hilma Little 2005-04-11     145        Hilma        Little
#> 527               Lindy Pagac 2004-02-04      54        Lindy         Pagac
#> 528              Linn Schuppe 2004-03-24      34         Linn       Schuppe
#> 529           Marcello Torphy 2005-05-16      75     Marcello        Torphy
#> 530           Robert Schmeler 2006-05-02      43       Robert      Schmeler
#> 531           Mason Rodriguez 2005-02-01      11        Mason     Rodriguez
#> 532            Jerald Gaylord 2004-08-20     109       Jerald       Gaylord
#> 533             Alannah Borer 2005-03-21     103      Alannah         Borer
#> 534             Stetson Ferry 2005-08-18      73      Stetson         Ferry
#> 535                Julia Koch 2004-05-29      25        Julia          Koch
#> 536              Riley Heller 2004-07-30     147        Riley        Heller
#> 537                 Lesa Hane 2005-05-05      22         Lesa          Hane
#> 538             Soren Gleason 2005-04-13     107        Soren       Gleason
#> 539               Fount Towne 2005-11-02      80        Fount         Towne
#> 540                Etta Towne 2006-08-19      12         Etta         Towne
#> 541           Benson Schulist 2005-11-28      78       Benson      Schulist
#> 542             Fidel Kilback 2005-05-27     136        Fidel       Kilback
#> 543            Londyn Reinger 2005-03-16      79       Londyn       Reinger
#> 544               Kizzy Doyle 2004-03-02      60        Kizzy         Doyle
#> 545         Jarred Stiedemann 2004-09-01      79       Jarred    Stiedemann
#> 546             Dow Halvorson 2005-04-01     110          Dow     Halvorson
#> 547         Antonio Bechtelar 2004-02-05      52      Antonio     Bechtelar
#> 548             Etta Franecki 2004-01-04      29         Etta      Franecki
#> 549          Mathilda Farrell 2006-05-03      48     Mathilda       Farrell
#> 550          Gabriel Schiller 2005-11-10     212      Gabriel      Schiller
#> 551              Armin Klocko 2005-06-21     107        Armin        Klocko
#> 552           Iliana O'Conner 2005-09-18      46       Iliana      O'Conner
#> 553            Admiral Senger 2005-08-31      35      Admiral        Senger
#> 554             Jerold Sporer 2006-08-18     101       Jerold        Sporer
#> 555              Price Harvey 2005-11-15      14        Price        Harvey
#> 556          Seaborn Bogisich 2006-07-06     138      Seaborn      Bogisich
#> 557             Oneta Lebsack 2004-07-25      33        Oneta       Lebsack
#> 558               Nada Barton 2004-04-18      41         Nada        Barton
#> 559            Eugenia Barton 2005-10-22      83      Eugenia        Barton
#> 560            Goldie Smitham 2005-04-19     211       Goldie       Smitham
#> 561              Exie Gutmann 2004-09-23      18         Exie       Gutmann
#> 562             Yoselin Bauch 2004-07-05     138      Yoselin         Bauch
#> 563               Michal Feil 2005-09-08      80       Michal          Feil
#> 564               Rose Kuphal 2006-04-18     145         Rose        Kuphal
#> 565               Sydell West 2005-07-01      73       Sydell          West
#> 566             Leonel Rippin 2005-01-28      76       Leonel        Rippin
#> 567               Juana Bogan 2004-07-18      25        Juana         Bogan
#> 568               Myer Stokes 2005-08-27      74         Myer        Stokes
#> 569            Alvah Bogisich 2005-09-24      38        Alvah      Bogisich
#> 570          Verlene Emmerich 2004-02-10      34      Verlene      Emmerich
#> 571           Latosha O'Keefe 2004-09-08     201      Latosha       O'Keefe
#> 572             Leala Schuppe 2005-06-19      99        Leala       Schuppe
#> 573              Mendy Ledner 2005-08-21      33        Mendy        Ledner
#> 574             Deonte Zemlak 2004-07-03     168       Deonte        Zemlak
#> 575           Bascom Prosacco 2006-04-22     131       Bascom      Prosacco
#> 576              Ingrid O'Kon 2004-02-22     145       Ingrid         O'Kon
#> 577          Dominik Anderson 2004-12-31     215      Dominik      Anderson
#> 578               Imani Swift 2004-10-30     138        Imani         Swift
#> 579              Gee Nitzsche 2006-07-08     103          Gee      Nitzsche
#> 580            Tallie Gleason 2005-05-07      16       Tallie       Gleason
#> 581           Benson Schulist 2005-12-24     213       Benson      Schulist
#> 582            Alvah Bogisich 2006-06-23     114        Alvah      Bogisich
#> 583              Enid Reinger 2006-12-24      49         Enid       Reinger
#> 584               Roger Green 2005-03-08      20        Roger         Green
#> 585             Alannah Borer 2004-07-10      10      Alannah         Borer
#> 586               Roma Daniel 2005-10-06      61         Roma        Daniel
#> 587            Bertrand Wolff 2004-08-13     120     Bertrand         Wolff
#> 588           Shaniece Herzog 2006-08-05     126     Shaniece        Herzog
#> 589              Amina Renner 2005-07-31     192        Amina        Renner
#> 590         Jerilynn Schulist 2004-06-06     101     Jerilynn      Schulist
#> 591              Cali Weimann 2004-07-19      94         Cali       Weimann
#> 592           Keri Williamson 2006-07-04      21         Keri    Williamson
#> 593            Mazie Predovic 2006-09-23      34        Mazie      Predovic
#> 594              Sylva Littel 2004-12-24     118        Sylva        Littel
#> 595               Grady Beier 2005-04-05     101        Grady         Beier
#> 596               Mike Legros 2006-06-28      23         Mike        Legros
#> 597               Nada Barton 2005-05-06      41         Nada        Barton
#> 598         Ginger Wintheiser 2005-04-07      45       Ginger    Wintheiser
#> 599        Robert Satterfield 2005-11-11     114       Robert   Satterfield
#> 600                Flem Kozey 2006-04-20      47         Flem         Kozey
#> 601             Magdalen Ward 2005-04-03     112     Magdalen          Ward
#> 602            Amit Langworth 2005-11-12     141         Amit     Langworth
#> 603              Link Carroll 2004-07-13      42         Link       Carroll
#> 604          Kamron Halvorson 2004-11-24     152       Kamron     Halvorson
#> 605            Kendrick Boyle 2005-08-07      66     Kendrick         Boyle
#> 606              Tera Collins 2004-07-12      41         Tera       Collins
#> 607               Burke Boehm 2005-06-01      34        Burke         Boehm
#> 608           Santana Bradtke 2004-08-05     165      Santana       Bradtke
#> 609               Noma Hessel 2005-02-25     154         Noma        Hessel
#> 610             Jett Schaefer 2004-02-10     108         Jett      Schaefer
#> 611              Verna Hudson 2006-06-26     175        Verna        Hudson
#> 612           Darrian Bartell 2005-10-01     136      Darrian       Bartell
#> 613              Wendel Hintz 2006-06-22     189       Wendel         Hintz
#> 614               Kraig Hayes 2004-11-07     168        Kraig         Hayes
#> 615         Ginger Wintheiser 2004-06-22      79       Ginger    Wintheiser
#> 616             Hollie Crooks 2005-05-18      39       Hollie        Crooks
#> 617              Buddie Terry 2005-07-26      39       Buddie         Terry
#> 618            Kingston Hayes 2004-03-20     148     Kingston         Hayes
#> 619             Perley Renner 2004-03-24     143       Perley        Renner
#> 620             Manilla Braun 2005-01-29     144      Manilla         Braun
#> 621             Micayla Kutch 2005-09-17      24      Micayla         Kutch
#> 622          Verlene Emmerich 2006-05-05     112      Verlene      Emmerich
#> 623             Arnoldo Marks 2004-08-17     143      Arnoldo         Marks
#> 624            Mohammad Smith 2004-10-06     102     Mohammad         Smith
#> 625           Saverio Weimann 2006-04-12     121      Saverio       Weimann
#> 626          Jayvion Cummings 2005-02-10     104      Jayvion      Cummings
#> 627       Darrion Stoltenberg 2004-12-26     196      Darrion   Stoltenberg
#> 628               Jonnie Veum 2006-08-05      24       Jonnie          Veum
#> 629          Casandra Krajcik 2004-07-17     103     Casandra       Krajcik
#> 630            Deasia Lockman 2005-12-04     185       Deasia       Lockman
#> 631            Jerald Gaylord 2005-11-09      76       Jerald       Gaylord
#> 632             Lorean Stokes 2006-06-17      39       Lorean        Stokes
#> 633             Erla Schulist 2006-10-15      11         Erla      Schulist
#> 634           Fletcher Hudson 2005-04-22      42     Fletcher        Hudson
#> 635             Rice Prohaska 2006-10-21      26         Rice      Prohaska
#> 636                 Vic Bauch 2006-07-20      52          Vic         Bauch
#> 637             Liliana Haley 2004-12-05     103      Liliana         Haley
#> 638              Hosie Howell 2004-10-18     143        Hosie        Howell
#> 639           Lakeshia Harris 2004-03-07      47     Lakeshia        Harris
#> 640              Val McKenzie 2006-08-31     186          Val      McKenzie
#> 641            Tyreke DuBuque 2005-07-31     207       Tyreke       DuBuque
#> 642             Leaner Jacobs 2004-02-17     109       Leaner        Jacobs
#> 643           Candido Krajcik 2005-09-05      51      Candido       Krajcik
#> 644            Fannie Watsica 2005-11-24     144       Fannie       Watsica
#> 645              Patti Rempel 2004-04-16      31        Patti        Rempel
#> 646          Lillianna Larkin 2005-11-11      99    Lillianna        Larkin
#> 647          Rolla Hodkiewicz 2004-08-28     150        Rolla    Hodkiewicz
#> 648              Vivien Bauch 2005-03-29      24       Vivien         Bauch
#> 649         Harrie Swaniawski 2005-04-04      15       Harrie    Swaniawski
#> 650         Laurene Considine 2004-07-10     100      Laurene     Considine
#> 651              Lockie Fahey 2005-08-09      27       Lockie         Fahey
#> 652            Jeremie Wehner 2005-05-23      89      Jeremie        Wehner
#> 653                 Noma Dare 2004-08-04     107         Noma          Dare
#> 654                Lyn Parker 2006-06-17      34          Lyn        Parker
#> 655             Lary Champlin 2005-08-13     124         Lary      Champlin
#> 656            Manuel DuBuque 2004-02-24     209       Manuel       DuBuque
#> 657          Matthew Schmeler 2004-05-29     109      Matthew      Schmeler
#> 658             Pearl Schmidt 2004-08-14      47        Pearl       Schmidt
#> 659             Casen Kuhlman 2004-06-07      86        Casen       Kuhlman
#> 660            Marcus Langosh 2006-05-14     131       Marcus       Langosh
#> 661          Emanuel Reichert 2006-04-06      38      Emanuel      Reichert
#> 662              Link Carroll 2004-11-19      97         Link       Carroll
#> 663            Collie Krajcik 2006-08-09     100       Collie       Krajcik
#> 664           Candido Krajcik 2005-03-06      98      Candido       Krajcik
#> 665            Christal Wolff 2005-05-06     175     Christal         Wolff
#> 666            Jovita Reinger 2005-07-22      34       Jovita       Reinger
#> 667            Colin Prohaska 2005-06-10      87        Colin      Prohaska
#> 668             Elinor Howell 2006-02-14      24       Elinor        Howell
#> 669              Auther Haley 2006-02-19     107       Auther         Haley
#> 670            Warren Osinski 2004-12-29     127       Warren       Osinski
#> 671              Shirl Cremin 2005-08-17      81        Shirl        Cremin
#> 672              Tierra Hayes 2005-11-11     215       Tierra         Hayes
#> 673               Marci Nader 2005-04-16      98        Marci         Nader
#> 674         Jerilynn Schulist 2005-04-11     166     Jerilynn      Schulist
#> 675            Alyssia Hickle 2004-06-05      33      Alyssia        Hickle
#> 676               Ariel Yundt 2005-05-16     208        Ariel         Yundt
#> 677             Yoselin Bauch 2004-07-25      89      Yoselin         Bauch
#> 678              Camilo Kiehn 2005-05-13     103       Camilo         Kiehn
#> 679             Rosina Abbott 2005-10-01     148       Rosina        Abbott
#> 680              Rebeca Kling 2004-07-05     115       Rebeca         Kling
#> 681          Gilmer Kertzmann 2005-05-28     105       Gilmer     Kertzmann
#> 682              Korey Cronin 2004-10-21      26        Korey        Cronin
#> 683            Buford Pollich 2006-09-03     147       Buford       Pollich
#> 684           Aryan Bahringer 2006-03-20     209        Aryan     Bahringer
#> 685            Phylis Gaylord 2005-10-12      33       Phylis       Gaylord
#> 686              Astrid Bayer 2006-03-03      55       Astrid         Bayer
#> 687           Benson Schulist 2005-09-22      62       Benson      Schulist
#> 688           Elmyra Schaefer 2005-05-09     170       Elmyra      Schaefer
#> 689  Francisquita Heidenreich 2004-09-02      21 Francisquita   Heidenreich
#> 690           Francisco Kiehn 2005-04-20      64    Francisco         Kiehn
#> 691             Tegan Farrell 2006-03-11     174        Tegan       Farrell
#> 692              Christ Zieme 2005-08-05      36       Christ         Zieme
#> 693            Ned Swaniawski 2004-05-06      86          Ned    Swaniawski
#> 694           Benson Schulist 2005-11-08     102       Benson      Schulist
#> 695              Ruel Ruecker 2006-07-08      16         Ruel       Ruecker
#> 696             Elzy Anderson 2005-06-27     175         Elzy      Anderson
#> 697           Iyanna Schmeler 2006-07-02      35       Iyanna      Schmeler
#> 698             Skylar Hoeger 2005-04-20      39       Skylar        Hoeger
#> 699            Alvah Bogisich 2004-07-09      84        Alvah      Bogisich
#> 700            Chas Cummerata 2004-04-22      93         Chas     Cummerata
#> 701          Julisa Halvorson 2005-07-15      11       Julisa     Halvorson
#> 702          Malcolm Medhurst 2004-03-22     144      Malcolm      Medhurst
#> 703          Matthew Schmeler 2005-02-19      45      Matthew      Schmeler
#> 704            Isidore Skiles 2004-09-17     124      Isidore        Skiles
#> 705            Madison Lehner 2004-10-29      19      Madison        Lehner
#> 706            Warner Kessler 2004-07-31     159       Warner       Kessler
#> 707             Hurley Brekke 2005-10-13      11       Hurley        Brekke
#> 708          Kamron Halvorson 2004-05-26     124       Kamron     Halvorson
#> 709               Barrie Bins 2006-12-27     203       Barrie          Bins
#> 710       Chadrick Williamson 2005-11-21      63     Chadrick    Williamson
#> 711             Almedia Yundt 2005-12-03     118      Almedia         Yundt
#> 712            Marti Johnston 2005-12-19      69        Marti      Johnston
#> 713              Jeff Denesik 2005-06-30      61         Jeff       Denesik
#> 714             Tobie Carroll 2005-08-23      63        Tobie       Carroll
#> 715          Corrine Champlin 2005-02-18      89      Corrine      Champlin
#> 716             Jessica Koepp 2004-10-14     113      Jessica         Koepp
#> 717         Carmella Schiller 2004-04-06     123     Carmella      Schiller
#> 718             Daisha Torphy 2005-03-07     181       Daisha        Torphy
#> 719             Joelle Deckow 2006-05-17      30       Joelle        Deckow
#> 720            Admiral Senger 2005-02-17     141      Admiral        Senger
#> 721               Ray Stanton 2005-08-18      63          Ray       Stanton
#> 722             Elinor Howell 2005-02-20     202       Elinor        Howell
#> 723             Delia Witting 2006-12-14     118        Delia       Witting
#> 724             Lorean Stokes 2004-06-28      47       Lorean        Stokes
#> 725         Giuseppe Tremblay 2005-06-02      54     Giuseppe      Tremblay
#> 726               Lois Russel 2004-03-07     127         Lois        Russel
#> 727              Byrd Abshire 2006-11-02     207         Byrd       Abshire
#> 728           Santana Bradtke 2006-07-29     124      Santana       Bradtke
#> 729               Juana Bogan 2005-08-13     186        Juana         Bogan
#> 730              Hampton Rath 2004-06-27     151      Hampton          Rath
#> 731                 Loy Olson 2005-12-04     154          Loy         Olson
#> 732             Joelle Deckow 2006-09-21      58       Joelle        Deckow
#> 733         Payten Morissette 2006-03-10     122       Payten    Morissette
#> 734               Elias Huels 2005-06-10     194        Elias         Huels
#> 735              Mabell Lemke 2004-06-14     156       Mabell         Lemke
#> 736           Latosha O'Keefe 2005-03-14     181      Latosha       O'Keefe
#> 737            Starling Welch 2004-12-18      13     Starling         Welch
#> 738           Chiquita Jacobs 2005-06-30      39     Chiquita        Jacobs
#> 739         Bonny Breitenberg 2004-06-04     115        Bonny   Breitenberg
#> 740        Georgene Aufderhar 2006-08-31     200     Georgene     Aufderhar
#> 741            Elza Gleichner 2004-12-15      21         Elza     Gleichner
#> 742           Marcello Torphy 2004-07-02     157     Marcello        Torphy
#> 743             Celine Wisozk 2004-01-30      40       Celine        Wisozk
#> 744             Fount Flatley 2006-05-10      41        Fount       Flatley
#> 745         Egbert McLaughlin 2005-01-23     111       Egbert    McLaughlin
#> 746               Tad Johnson 2006-06-08      66          Tad       Johnson
#> 747            Zackery Spinka 2005-06-25      48      Zackery        Spinka
#> 748            Tamika Labadie 2006-08-15     114       Tamika       Labadie
#> 749               Marci Nader 2006-11-13     113        Marci         Nader
#> 750             Tobie Carroll 2005-09-18     171        Tobie       Carroll
#> 751            Murl Wilkinson 2005-10-07     219         Murl     Wilkinson
#> 752                 Louis Toy 2004-08-23     137        Louis           Toy
#> 753            Kingston Hayes 2006-06-24      55     Kingston         Hayes
#> 754               Brion Stark 2006-05-16      75        Brion         Stark
#> 755            Berkley Ernser 2005-05-15      49      Berkley        Ernser
#> 756                 Noma Dare 2005-03-16     210         Noma          Dare
#> 757         Cristine Baumbach 2005-11-14      50     Cristine      Baumbach
#> 758          Jayvion Cummings 2004-02-14     198      Jayvion      Cummings
#> 759              Buddie Terry 2006-03-12      48       Buddie         Terry
#> 760             Lorean Stokes 2004-07-31      10       Lorean        Stokes
#> 761          Dellar Schroeder 2004-12-09      35       Dellar     Schroeder
#> 762            Zander Lebsack 2005-03-02     115       Zander       Lebsack
#> 763             Elzy Anderson 2004-04-22      79         Elzy      Anderson
#> 764            Jeremie Wehner 2006-11-11     112      Jeremie        Wehner
#> 765              Eugenie Conn 2005-07-01     214      Eugenie          Conn
#> 766              Keri Schuppe 2005-03-16      46         Keri       Schuppe
#> 767            Omie Cummerata 2005-03-11      50         Omie     Cummerata
#> 768          Britni Daugherty 2005-10-01      57       Britni     Daugherty
#> 769             Luciano Kling 2004-06-09      43      Luciano         Kling
#> 770             Bea Considine 2005-12-05     143          Bea     Considine
#> 771       Darrion Stoltenberg 2006-07-08     219      Darrion   Stoltenberg
#> 772               Clovis Feil 2005-09-18      72       Clovis          Feil
#> 773          Madyson Bergnaum 2005-05-18     161      Madyson      Bergnaum
#> 774               Semaj Sauer 2006-05-21      10        Semaj         Sauer
#> 775          Azariah Lubowitz 2005-08-07     118      Azariah      Lubowitz
#> 776              Clemens Torp 2005-08-16      89      Clemens          Torp
#> 777            Giada Weissnat 2004-05-01      14        Giada      Weissnat
#> 778             Nealy Stanton 2005-10-16      38        Nealy       Stanton
#> 779             Marolyn Walsh 2006-10-02     144      Marolyn         Walsh
#> 780            Hansel Steuber 2005-05-27     111       Hansel       Steuber
#> 781           Dorotha Kuvalis 2005-08-26     155      Dorotha       Kuvalis
#> 782           Grisel Reichert 2004-10-31      33       Grisel      Reichert
#> 783            Aubrey Witting 2005-07-16      47       Aubrey       Witting
#> 784               Aden Murphy 2005-11-21     159         Aden        Murphy
#> 785               Tad Johnson 2005-07-09     135          Tad       Johnson
#> 786               Jonnie Veum 2004-03-24      91       Jonnie          Veum
#> 787          Corrine Champlin 2005-02-07      34      Corrine      Champlin
#> 788            Berkley Ernser 2005-09-13     104      Berkley        Ernser
#> 789            Butler Schmitt 2006-02-26     127       Butler       Schmitt
#> 790             Woodson Klein 2005-06-19      40      Woodson         Klein
#> 791         Lisandro Kassulke 2006-02-22     107     Lisandro      Kassulke
#> 792              Yazmin Borer 2004-04-01     165       Yazmin         Borer
#> 793          Zakary Gleichner 2006-11-18      47       Zakary     Gleichner
#> 794           Laddie Donnelly 2004-03-17     101       Laddie      Donnelly
#> 795            Jacklyn Casper 2006-03-11      13      Jacklyn        Casper
#> 796                 Noma Dare 2005-09-12     213         Noma          Dare
#> 797             Rakeem Harvey 2004-05-17     116       Rakeem        Harvey
#> 798                Tia Zulauf 2005-08-12     145          Tia        Zulauf
#> 799                Kyle Doyle 2005-02-19     132         Kyle         Doyle
#> 800       Marquise Swaniawski 2004-06-30     107     Marquise    Swaniawski
#> 801          Verlene Emmerich 2004-08-21      74      Verlene      Emmerich
#> 802               Zillah Koch 2004-11-15     114       Zillah          Koch
#> 803              Pat Nitzsche 2005-07-05     112          Pat      Nitzsche
#> 804            Skyler Windler 2006-02-18      34       Skyler       Windler
#> 805             Gracie Willms 2005-08-14     177       Gracie        Willms
#> 806             Celine Wisozk 2005-06-15     130       Celine        Wisozk
#> 807             Hansford Moen 2005-07-19     180     Hansford          Moen
#> 808            Josette Bailey 2005-05-29     188      Josette        Bailey
#> 809         Chantelle Gaylord 2005-07-23      32    Chantelle       Gaylord
#> 810             Lary Champlin 2005-05-19      57         Lary      Champlin
#> 811              Blair Erdman 2006-06-16      46        Blair        Erdman
#> 812           Shantel Jenkins 2004-01-06      47      Shantel       Jenkins
#> 813         Hjalmar Langworth 2005-06-28      22      Hjalmar     Langworth
#> 814                Flem Kozey 2005-07-13      46         Flem         Kozey
#> 815             Breann Harris 2005-09-26     219       Breann        Harris
#> 816             Marolyn Walsh 2005-04-17      19      Marolyn         Walsh
#> 817             Soren Gleason 2005-07-01     160        Soren       Gleason
#> 818           Samira Medhurst 2005-07-03     105       Samira      Medhurst
#> 819          Dustyn Rodriguez 2004-10-10      63       Dustyn     Rodriguez
#> 820            Janiyah Cassin 2006-01-05      64      Janiyah        Cassin
#> 821               Ala Schmidt 2005-09-14     148          Ala       Schmidt
#> 822            Ethyl Botsford 2005-06-25      54        Ethyl      Botsford
#> 823             Holland Lynch 2005-07-04      30      Holland         Lynch
#> 824           Eller Marquardt 2004-05-28      24        Eller     Marquardt
#> 825        Zechariah Gislason 2005-02-01      36    Zechariah      Gislason
#> 826            Hosea Schiller 2004-07-05      31        Hosea      Schiller
#> 827            Lyndon McClure 2004-10-16     117       Lyndon       McClure
#> 828         Junior Wintheiser 2005-08-10     103       Junior    Wintheiser
#> 829         Geoffrey Reichert 2005-07-01     196     Geoffrey      Reichert
#> 830               Jerod Berge 2005-08-09      36        Jerod         Berge
#> 831              Hansel Kiehn 2004-10-06      42       Hansel         Kiehn
#> 832            Bertina Renner 2004-06-26     152      Bertina        Renner
#> 833               Marci Nader 2005-07-23     137        Marci         Nader
#> 834         Gussie Bartoletti 2006-06-28     104       Gussie    Bartoletti
#> 835             Lucia Flatley 2005-06-21      39        Lucia       Flatley
#> 836         Zackery Armstrong 2005-05-04     217      Zackery     Armstrong
#> 837               Vernie Ryan 2006-01-06      28       Vernie          Ryan
#> 838            Karlie Treutel 2006-09-27     112       Karlie       Treutel
#> 839           Crawford Mayert 2005-08-14      94     Crawford        Mayert
#> 840        Claudette Cummings 2006-08-13     106    Claudette      Cummings
#> 841                Kyrie Funk 2005-08-16     117        Kyrie          Funk
#> 842             Jessica Koepp 2004-09-21      62      Jessica         Koepp
#> 843           Lassie Lindgren 2004-05-25      67       Lassie      Lindgren
#> 844            Starling Welch 2006-06-12      71     Starling         Welch
#> 845             Myles Stroman 2005-07-03     109        Myles       Stroman
#> 846               Mistie Torp 2006-09-19      17       Mistie          Torp
#> 847          Kamron Halvorson 2005-08-03     121       Kamron     Halvorson
#> 848                Burr O'Kon 2006-04-13      68         Burr         O'Kon
#> 849              Dwain Skiles 2004-05-09     184        Dwain        Skiles
#> 850             Sonny Dickens 2005-01-03      99        Sonny       Dickens
#> 851             Halbert Nolan 2004-04-17      57      Halbert         Nolan
#> 852               Tad Johnson 2005-03-30     108          Tad       Johnson
#> 853               Cari Renner 2005-05-12      12         Cari        Renner
#> 854             Jeanette Lind 2004-05-30     123     Jeanette          Lind
#> 855          Azariah Lubowitz 2004-05-25      43      Azariah      Lubowitz
#> 856            Starling Welch 2006-05-24      22     Starling         Welch
#> 857            Josette Bailey 2005-07-02      75      Josette        Bailey
#> 858       Katherine Schroeder 2005-06-26     158    Katherine     Schroeder
#> 859       Devontae Swaniawski 2005-08-10     109     Devontae    Swaniawski
#> 860            Catalina Ortiz 2005-10-31     174     Catalina         Ortiz
#> 861            Starling Welch 2005-06-18     169     Starling         Welch
#> 862        Erastus Macejkovic 2004-11-26      22      Erastus    Macejkovic
#> 863                Evita Howe 2005-04-08      64        Evita          Howe
#> 864          Alwina Wilkinson 2006-05-18      39       Alwina     Wilkinson
#> 865              Masao Deckow 2005-03-30     103        Masao        Deckow
#> 866          Corrine Champlin 2005-07-01     117      Corrine      Champlin
#> 867           Mason Rodriguez 2005-09-18     148        Mason     Rodriguez
#> 868           Michell Gerlach 2004-08-10      33      Michell       Gerlach
#> 869              Wendel Hintz 2005-09-24      13       Wendel         Hintz
#> 870                 Roma Rath 2005-06-17      76         Roma          Rath
#> 871          Princess Hermann 2005-05-13      55     Princess       Hermann
#> 872               Roni Carter 2006-08-25      52         Roni        Carter
#> 873            Leyla Dietrich 2005-08-04     129        Leyla      Dietrich
#> 874              Christ Zieme 2004-10-20      41       Christ         Zieme
#> 875            Latoya Stanton 2004-10-04     128       Latoya       Stanton
#> 876           Piper Buckridge 2004-12-25     137        Piper     Buckridge
#> 877              Lydia Willms 2005-08-10      53        Lydia        Willms
#> 878               Myer Stokes 2004-06-02     167         Myer        Stokes
#> 879               Romie Upton 2005-06-01      46        Romie         Upton
#> 880             Kenji Cormier 2006-07-07     146        Kenji       Cormier
#> 881               Barrie Bins 2005-06-23      67       Barrie          Bins
#> 882             Arnoldo Marks 2004-11-01      67      Arnoldo         Marks
#> 883               Clovis Feil 2005-05-22      34       Clovis          Feil
#> 884          Rochelle Johnson 2005-08-17      10     Rochelle       Johnson
#> 885             Micayla Kutch 2005-07-10     108      Micayla         Kutch
#> 886            Bush Schroeder 2006-05-09     123         Bush     Schroeder
#> 887  Wellington Runolfsdottir 2006-04-10      20   Wellington Runolfsdottir
#> 888          Miguelangel Dach 2006-08-02      59  Miguelangel          Dach
#> 889            Manuel DuBuque 2005-07-30      51       Manuel       DuBuque
#> 890           Cato Cartwright 2004-06-26      26         Cato    Cartwright
#> 891             Delia Witting 2004-08-22      23        Delia       Witting
#> 892              Ras Kshlerin 2005-06-15     206          Ras      Kshlerin
#> 893            Bush Schroeder 2006-04-14     110         Bush     Schroeder
#> 894             Bronson Towne 2004-04-07      36      Bronson         Towne
#> 895               Corda Towne 2004-07-17      54        Corda         Towne
#> 896                Tia Zulauf 2005-07-19      56          Tia        Zulauf
#> 897        Mauricio VonRueden 2005-08-09      87     Mauricio     VonRueden
#> 898                 Kelis Rau 2006-10-06     198        Kelis           Rau
#> 899              Blair Erdman 2006-07-03      45        Blair        Erdman
#> 900            Elza Gleichner 2005-09-30      60         Elza     Gleichner
#> 901            Shelton Hudson 2006-07-31     174      Shelton        Hudson
#> 902          Madyson Bergnaum 2006-01-08     175      Madyson      Bergnaum
#> 903           Ryland Predovic 2005-09-17     129       Ryland      Predovic
#> 904            Tyreke DuBuque 2006-05-17     111       Tyreke       DuBuque
#> 905           Christal Dooley 2004-01-25     104     Christal        Dooley
#> 906             Hansford Moen 2005-08-04     147     Hansford          Moen
#> 907             Derek Witting 2004-09-09     108        Derek       Witting
#> 908             Jazlyn Casper 2005-03-31     129       Jazlyn        Casper
#> 909                 Louis Toy 2006-11-13     184        Louis           Toy
#> 910            Lyndon McClure 2005-09-30      39       Lyndon       McClure
#> 911              Auther Haley 2004-07-10      31       Auther         Haley
#> 912         Bernetta O'Conner 2004-08-04     110     Bernetta      O'Conner
#> 913           Tyshawn Witting 2005-06-06      24      Tyshawn       Witting
#> 914          Laisha VonRueden 2005-08-26     117       Laisha     VonRueden
#> 915              Taylor Crist 2004-07-22     177       Taylor         Crist
#> 916             Gracie Willms 2005-05-17      86       Gracie        Willms
#> 917             Carlton Mante 2005-07-25     102      Carlton         Mante
#> 918                Tripp Batz 2005-12-25     125        Tripp          Batz
#> 919            William Sawayn 2005-08-25      20      William        Sawayn
#> 920           Franz Powlowski 2005-10-30     169        Franz     Powlowski
#> 921             Lary Champlin 2005-06-15      15         Lary      Champlin
#> 922            Mervin Pfeffer 2006-05-23      35       Mervin       Pfeffer
#> 923            Charlton Kutch 2005-05-01      43     Charlton         Kutch
#> 924          Laisha VonRueden 2005-06-01     105       Laisha     VonRueden
#> 925               Fount Towne 2005-02-08      39        Fount         Towne
#> 926          Willis Bahringer 2005-01-15     114       Willis     Bahringer
#> 927             Lary Champlin 2004-01-21     143         Lary      Champlin
#> 928            Ailene Hermann 2005-12-15     122       Ailene       Hermann
#> 929             Parker Bailey 2004-06-23      38       Parker        Bailey
#> 930               Brea Nienow 2005-04-10      68         Brea        Nienow
#> 931            Shelton Hudson 2005-03-18     193      Shelton        Hudson
#> 932          Judyth Lueilwitz 2004-09-11      33       Judyth     Lueilwitz
#> 933            Karren Schuppe 2005-11-19      35       Karren       Schuppe
#> 934            Somer Turcotte 2005-01-18      73        Somer      Turcotte
#> 935              Shea Gerlach 2004-08-16      72         Shea       Gerlach
#> 936             Peyton Larson 2005-09-27     167       Peyton        Larson
#> 937          Emanuel Reichert 2004-03-08     119      Emanuel      Reichert
#> 938            Karlie Treutel 2005-02-12      25       Karlie       Treutel
#> 939            Reggie Leffler 2004-06-25      17       Reggie       Leffler
#> 940           Laddie Donnelly 2004-10-03      78       Laddie      Donnelly
#> 941          Jayvion Cummings 2006-11-08     152      Jayvion      Cummings
#> 942            Oley Schroeder 2005-05-27     116         Oley     Schroeder
#> 943              Lydia Willms 2005-11-20      19        Lydia        Willms
#> 944                Ottis Wiza 2005-08-29      44        Ottis          Wiza
#> 945          Seaborn Bogisich 2005-04-02     209      Seaborn      Bogisich
#> 946       Cristofer VonRueden 2005-06-11     202    Cristofer     VonRueden
#> 947            Bertina Renner 2005-08-21      27      Bertina        Renner
#> 948                Kyrie Funk 2004-09-28     124        Kyrie          Funk
#> 949          Caswell Anderson 2005-05-21     140      Caswell      Anderson
#> 950         Charity Rodriguez 2004-04-16     101      Charity     Rodriguez
#> 951            Londyn Reinger 2005-04-22     104       Londyn       Reinger
#> 952               Odis Schoen 2004-04-15      39         Odis        Schoen
#> 953               Lupe Kohler 2004-08-12     206         Lupe        Kohler
#> 954               Jaime Nader 2006-06-23      50        Jaime         Nader
#> 955              Ila Leuschke 2004-05-24      35          Ila      Leuschke
#> 956             Cleveland Fay 2005-03-23      58    Cleveland           Fay
#> 957             Naima Treutel 2005-04-29     215        Naima       Treutel
#> 958          Lillianna Larkin 2006-01-03     141    Lillianna        Larkin
#> 959              Auther Haley 2005-02-23      54       Auther         Haley
#> 960             Myrtis Larkin 2005-06-22     105       Myrtis        Larkin
#> 961            Latrice Stokes 2004-11-23     188      Latrice        Stokes
#> 962            Izetta Stracke 2004-06-22      56       Izetta       Stracke
#> 963           Santana Schultz 2006-08-22      90      Santana       Schultz
#> 964              Toney Marvin 2006-06-02      56        Toney        Marvin
#> 965                Collie Von 2004-08-09     104       Collie           Von
#> 966           Esequiel Kirlin 2005-07-03     175     Esequiel        Kirlin
#> 967                 Luda Kihn 2005-05-13      66         Luda          Kihn
#> 968              Kesha Daniel 2004-11-13      54        Kesha        Daniel
#> 969          Jesse Schowalter 2004-09-19     150        Jesse    Schowalter
#> 970               Shane Haley 2004-08-24      22        Shane         Haley
#> 971            Con Altenwerth 2005-09-24      71          Con    Altenwerth
#> 972        Mauricio VonRueden 2004-08-28      31     Mauricio     VonRueden
#> 973             Myrle Krajcik 2005-04-27     191        Myrle       Krajcik
#> 974           Makenna Bernier 2004-11-26     145      Makenna       Bernier
#> 975              Val McKenzie 2006-02-14      19          Val      McKenzie
#> 976              Tarik Marvin 2004-07-07      54        Tarik        Marvin
#> 977            Orpha Bernhard 2005-08-06     126        Orpha      Bernhard
#> 978             Rosina Abbott 2005-01-03      60       Rosina        Abbott
#> 979                 Lute Batz 2006-02-01      85         Lute          Batz
#> 980         Vivienne Medhurst 2005-08-01      74     Vivienne      Medhurst
#> 981         Isaak Oberbrunner 2005-08-21      42        Isaak   Oberbrunner
#> 982               Lindy Pagac 2005-08-05      17        Lindy         Pagac
#> 983             Aileen Barton 2006-10-08     116       Aileen        Barton
#> 984               Casen Blick 2005-06-10     128        Casen         Blick
#> 985             Aileen Barton 2004-06-11     190       Aileen        Barton
#> 986         Marguerite Heaney 2005-06-21      31   Marguerite        Heaney
#> 987             Leonel Rippin 2004-03-25      73       Leonel        Rippin
#> 988             Tate Turcotte 2004-05-08     119         Tate      Turcotte
#> 989       Katherine Schroeder 2005-11-19     203    Katherine     Schroeder
#> 990                 Luda Kihn 2004-06-18     133         Luda          Kihn
#> 991                Ewart Haag 2005-06-12      45        Ewart          Haag
#> 992          Jayvion Cummings 2005-08-03     199      Jayvion      Cummings
#> 993              Kesha Daniel 2004-08-26      28        Kesha        Daniel
#> 994          Stefani Kshlerin 2005-06-16      49      Stefani      Kshlerin
#> 995             Peyton Larson 2005-10-24     197       Peyton        Larson
#> 996             Dorr Lindgren 2005-08-19     214         Dorr      Lindgren
#> 997          Marrion Emmerich 2005-02-24      86      Marrion      Emmerich
#> 998               Ariel Yundt 2006-08-18      50        Ariel         Yundt
#> 999             Liliana Haley 2005-08-24      27      Liliana         Haley
#> 1000              Zillah Koch 2005-07-01      41       Zillah          Koch
#> 1001         Stephaine Graham 2006-09-17     117    Stephaine        Graham
#> 1002            Penni Corkery 2004-11-28     104        Penni       Corkery
#> 1003             Elsie Parker 2004-12-02      63        Elsie        Parker
#> 1004         Judyth Lueilwitz 2004-12-28     127       Judyth     Lueilwitz
#> 1005            Arnett Waters 2004-06-24      63       Arnett        Waters
#> 1006            Rosina Abbott 2005-07-10     117       Rosina        Abbott
#> 1007           Oley Schroeder 2005-06-25     100         Oley     Schroeder
#> 1008           Skyler Windler 2004-08-09      42       Skyler       Windler
#> 1009        Rayburn Wilkinson 2005-04-24     104      Rayburn     Wilkinson
#> 1010             Shirl Cremin 2005-09-28      76        Shirl        Cremin
#> 1011        Payten Morissette 2004-05-20     130       Payten    Morissette
#> 1012         Dominik Anderson 2006-12-11      87      Dominik      Anderson
#> 1013          Lexi Altenwerth 2005-10-01     176         Lexi    Altenwerth
#> 1014        Haleigh Wilkinson 2005-01-12      10      Haleigh     Wilkinson
#> 1015              Roger Green 2004-07-14      41        Roger         Green
#> 1016               Lani Dicki 2005-02-10     118         Lani         Dicki
#> 1017          Makenna Bernier 2005-07-27      65      Makenna       Bernier
#> 1018            Leonel Rippin 2005-08-21     122       Leonel        Rippin
#> 1019           Tamisha Crooks 2006-04-17      75      Tamisha        Crooks
#> 1020            Lovett Legros 2004-09-04     147       Lovett        Legros
#> 1021              Trudie Mraz 2006-06-11      22       Trudie          Mraz
#> 1022        Darrell Heathcote 2005-06-15      33      Darrell     Heathcote
#> 1023           Jaquelin Weber 2006-08-06      16     Jaquelin         Weber
#> 1024             Auther Haley 2005-04-14     171       Auther         Haley
#> 1025              Lott Larkin 2005-05-15     183         Lott        Larkin
#> 1026      Marquise Swaniawski 2005-02-09     178     Marquise    Swaniawski
#> 1027           Emmaline Stark 2004-12-30      53     Emmaline         Stark
#> 1028             Alcide Rohan 2004-08-26      66       Alcide         Rohan
#> 1029              Odis Schoen 2006-04-21     216         Odis        Schoen
#> 1030              Brea Nienow 2005-05-15     113         Brea        Nienow
#> 1031             Mabell Lemke 2005-06-01     137       Mabell         Lemke
#> 1032             Hosie Howell 2004-01-17     154        Hosie        Howell
#> 1033           Nico Dickinson 2005-01-02     117         Nico     Dickinson
#> 1034             Letta Daniel 2005-06-07      61        Letta        Daniel
#> 1035          Elenora Trantow 2005-06-29      73      Elenora       Trantow
#> 1036         Jayvion Cummings 2004-07-01      79      Jayvion      Cummings
#> 1037         Hessie Gleichner 2004-06-06      51       Hessie     Gleichner
#> 1038        Junior Wintheiser 2005-10-28     208       Junior    Wintheiser
#> 1039           Rosanne Maggio 2004-08-25      92      Rosanne        Maggio
#> 1040            Michal Murphy 2004-06-25      63       Michal        Murphy
#> 1041          Corey Bechtelar 2004-03-24     116        Corey     Bechtelar
#> 1042             Jeff Denesik 2006-05-10      54         Jeff       Denesik
#> 1043            Marla Sanford 2006-09-29      44        Marla       Sanford
#> 1044               Burr O'Kon 2005-08-08     100         Burr         O'Kon
#> 1045           Delisa Kilback 2004-05-25      20       Delisa       Kilback
#> 1046                Roma Rath 2005-05-06     186         Roma          Rath
#> 1047              Tamia Hills 2004-05-20     112        Tamia         Hills
#> 1048             Mettie Green 2005-06-02     148       Mettie         Green
#> 1049             Jules Jacobi 2005-10-04      34        Jules        Jacobi
#> 1050         Ruthe Macejkovic 2005-08-04     114        Ruthe    Macejkovic
#> 1051             Malaya White 2005-06-30      42       Malaya         White
#> 1052            Fount Flatley 2006-08-07      79        Fount       Flatley
#> 1053           Helyn Ondricka 2004-03-12      17        Helyn      Ondricka
#> 1054             Bobby Corwin 2005-12-31     178        Bobby        Corwin
#> 1055              Ala Schmidt 2005-11-28      66          Ala       Schmidt
#> 1056           Jensen Cormier 2005-04-09     146       Jensen       Cormier
#> 1057              Trudie Mraz 2006-09-19     104       Trudie          Mraz
#> 1058          Germaine Becker 2004-12-01     141     Germaine        Becker
#> 1059         Dennie Powlowski 2005-04-14     126       Dennie     Powlowski
#> 1060             Howell Blick 2004-08-02      32       Howell         Blick
#> 1061           Cleone Hagenes 2005-05-15     190       Cleone       Hagenes
#> 1062         Donaciano Corwin 2005-10-07     187    Donaciano        Corwin
#> 1063               Case Weber 2006-10-15      33         Case         Weber
#> 1064            Deonte Zemlak 2005-08-04      52       Deonte        Zemlak
#> 1065             Erving Pagac 2005-04-04      43       Erving         Pagac
#> 1066              Brion Stark 2006-03-31     205        Brion         Stark
#> 1067              Ewin Torphy 2006-09-24     211         Ewin        Torphy
#> 1068               Bree Stehr 2005-12-20      45         Bree         Stehr
#> 1069          Latosha O'Keefe 2005-03-26      87      Latosha       O'Keefe
#> 1070           Aurthur Kirlin 2005-09-26     128      Aurthur        Kirlin
#> 1071            Elinor Howell 2004-03-11     178       Elinor        Howell
#> 1072            Davy Leuschke 2005-05-28      72         Davy      Leuschke
#> 1073        Nehemiah Kassulke 2005-07-15     111     Nehemiah      Kassulke
#> 1074           Berkley Ernser 2004-01-16      19      Berkley        Ernser
#> 1075       Waldemar Greenholt 2005-06-07      35     Waldemar     Greenholt
#> 1076           Patience Ferry 2004-05-09     173     Patience         Ferry
#> 1077            Gracia Wunsch 2005-09-27     157       Gracia        Wunsch
#> 1078         Hildegard Murray 2005-04-11      18    Hildegard        Murray
#> 1079             Malaya White 2005-07-23      47       Malaya         White
#> 1080              Jonnie Veum 2004-04-24     133       Jonnie          Veum
#> 1081             Braelyn King 2006-07-14      39      Braelyn          King
#> 1082               Ivy Kohler 2005-12-29     135          Ivy        Kohler
#> 1083            Lollie Heaney 2005-06-11      28       Lollie        Heaney
#> 1084           Dereck Denesik 2005-03-19     134       Dereck       Denesik
#> 1085              Donell Dach 2006-08-07      65       Donell          Dach
#> 1086        Jerilynn Schulist 2005-07-08     216     Jerilynn      Schulist
#> 1087             Trudy Stokes 2005-03-21     172        Trudy        Stokes
#> 1088          Stafford Willms 2005-08-12      66     Stafford        Willms
#> 1089          Esequiel Kirlin 2005-05-05     116     Esequiel        Kirlin
#> 1090             Shania Stamm 2005-12-05      49       Shania         Stamm
#> 1091              Carma Wyman 2005-07-06     186        Carma         Wyman
#> 1092           Ophelia Ernser 2005-08-30      67      Ophelia        Ernser
#> 1093             Hyman Kemmer 2006-06-11     213        Hyman        Kemmer
#> 1094             Daryn Hickle 2006-01-13      62        Daryn        Hickle
#> 1095           Jabbar Dickens 2004-04-26      42       Jabbar       Dickens
#> 1096             Floy Krajcik 2005-09-10      68         Floy       Krajcik
#> 1097          Delfina Watsica 2006-09-13     209      Delfina       Watsica
#> 1098            Rayna Hagenes 2005-02-18     183        Rayna       Hagenes
#> 1099              Boyd Cronin 2006-03-08      21         Boyd        Cronin
#> 1100       Waldemar Greenholt 2004-03-07      90     Waldemar     Greenholt
#> 1101        Finnegan Franecki 2004-04-21      50     Finnegan      Franecki
#> 1102               Franz Mohr 2004-05-12      62        Franz          Mohr
#> 1103                Shea Feil 2005-06-18     105         Shea          Feil
#> 1104           Ayesha Carroll 2005-09-23     100       Ayesha       Carroll
#> 1105           Bush Schroeder 2005-04-30      84         Bush     Schroeder
#> 1106             Joana Kemmer 2005-03-18     166        Joana        Kemmer
#> 1107             Jayden Hayes 2004-10-25      41       Jayden         Hayes
#> 1108            Dorr Lindgren 2006-06-06     133         Dorr      Lindgren
#> 1109           Hosea Schiller 2004-09-29      23        Hosea      Schiller
#> 1110      Jacqueline Nikolaus 2005-12-27      41   Jacqueline      Nikolaus
#> 1111             Gerard Bauch 2004-05-19     122       Gerard         Bauch
#> 1112             Erin Zboncak 2006-08-10     210         Erin       Zboncak
#> 1113           Maudie Waelchi 2004-04-23     202       Maudie       Waelchi
#> 1114       Angeles McLaughlin 2004-06-07     138      Angeles    McLaughlin
#> 1115           Tamika Labadie 2005-06-02      61       Tamika       Labadie
#> 1116            Jett Schaefer 2005-05-21      83         Jett      Schaefer
#> 1117           Oralia Kilback 2004-09-18     209       Oralia       Kilback
#> 1118             Trudy Stokes 2005-01-27     114        Trudy        Stokes
#> 1119            Jeanette Lind 2004-03-19      38     Jeanette          Lind
#> 1120               Posey Metz 2004-05-24      18        Posey          Metz
#> 1121               Ricci Bins 2004-10-08      57        Ricci          Bins
#> 1122           Oley Schroeder 2004-07-03      71         Oley     Schroeder
#> 1123             Keri Schuppe 2005-03-20      78         Keri       Schuppe
#> 1124            Blair Cormier 2005-11-12     112        Blair       Cormier
#> 1125           Shea Buckridge 2005-08-08     112         Shea     Buckridge
#> 1126              Joana Crist 2005-06-24     138        Joana         Crist
#> 1127              Handy Walsh 2004-05-15     204        Handy         Walsh
#> 1128            Jessica Koepp 2006-10-04      27      Jessica         Koepp
#> 1129           Kelsey Pollich 2005-08-13     205       Kelsey       Pollich
#> 1130              Rose Kuphal 2005-05-04      82         Rose        Kuphal
#> 1131             Armin Klocko 2005-02-01      60        Armin        Klocko
#> 1132         Schuyler Volkman 2006-07-24      70     Schuyler       Volkman
#> 1133        Catharine Pacocha 2005-04-04     102    Catharine       Pacocha
#> 1134               Rohan Wolf 2004-06-30     197        Rohan          Wolf
#> 1135          Maebell Reinger 2004-06-26      58      Maebell       Reinger
#> 1136        Haleigh Wilkinson 2006-03-24      44      Haleigh     Wilkinson
#> 1137         Hessie Gleichner 2005-06-08      77       Hessie     Gleichner
#> 1138       Claudette Cummings 2004-12-11      74    Claudette      Cummings
#> 1139               Posey Metz 2006-01-16     188        Posey          Metz
#> 1140              Corene Lind 2005-10-27      77       Corene          Lind
#> 1141         Lorelai Parisian 2005-07-12      11      Lorelai      Parisian
#> 1142            Cleveland Fay 2006-10-04      31    Cleveland           Fay
#> 1143            Myrle Krajcik 2004-05-22     110        Myrle       Krajcik
#> 1144         Rochelle Johnson 2005-08-05      25     Rochelle       Johnson
#> 1145             Shirl Cremin 2006-06-13      44        Shirl        Cremin
#> 1146           Goldie Smitham 2005-08-20      57       Goldie       Smitham
#> 1147           Lavern Pfeffer 2005-07-03     166       Lavern       Pfeffer
#> 1148         Gabriel Schiller 2004-02-13     178      Gabriel      Schiller
#> 1149           Yetta Gorczany 2005-12-13      75        Yetta      Gorczany
#> 1150               Ottis Wiza 2006-03-26      36        Ottis          Wiza
#> 1151        Charity Rodriguez 2005-05-29      21      Charity     Rodriguez
#> 1152        Mariano Lueilwitz 2005-11-26     123      Mariano     Lueilwitz
#> 1153              Kamren Moen 2005-06-21     127       Kamren          Moen
#> 1154               Thad Nader 2004-06-05      38         Thad         Nader
#> 1155            Dorr Lindgren 2005-10-23      58         Dorr      Lindgren
#> 1156              Lisha Hayes 2006-01-21     182        Lisha         Hayes
#> 1157            Sonny Dickens 2004-11-19      10        Sonny       Dickens
#> 1158            Elzy Anderson 2005-01-11      42         Elzy      Anderson
#> 1159           Zackery Spinka 2005-07-11     117      Zackery        Spinka
#> 1160            Rikki Watsica 2006-06-17      63        Rikki       Watsica
#> 1161            Kieth Wiegand 2004-04-28      46        Kieth       Wiegand
#> 1162              Vic Volkman 2006-09-20     113          Vic       Volkman
#> 1163            Almer Osinski 2005-06-08     137        Almer       Osinski
#> 1164             Kacie Miller 2005-08-31      69        Kacie        Miller
#> 1165       Kadence Morissette 2005-07-17     112      Kadence    Morissette
#> 1166           Melvin Schmidt 2006-10-19     111       Melvin       Schmidt
#> 1167            Myrtis Larkin 2004-06-14      48       Myrtis        Larkin
#> 1168        Cristine Baumbach 2004-02-25      41     Cristine      Baumbach
#> 1169         Laisha VonRueden 2005-02-03     106       Laisha     VonRueden
#> 1170           Dwan Wilderman 2006-05-10     165         Dwan     Wilderman
#> 1171            Rosario Boyle 2004-05-30      48      Rosario         Boyle
#> 1172             Wong Bradtke 2006-03-19     124         Wong       Bradtke
#> 1173          Yessenia Rempel 2005-06-20      71     Yessenia        Rempel
#> 1174           Cali Considine 2005-03-26     182         Cali     Considine
#> 1175            Celine Wisozk 2005-09-16      46       Celine        Wisozk
#> 1176            Dorathy Nader 2005-05-23     182      Dorathy         Nader
#> 1177           Helmer Monahan 2005-07-27      32       Helmer       Monahan
#> 1178          Lakeshia Harris 2004-05-19      31     Lakeshia        Harris
#> 1179       Waldemar Greenholt 2005-08-05     112     Waldemar     Greenholt
#> 1180            Naima Treutel 2005-04-05     103        Naima       Treutel
#> 1181           Hosea Schiller 2004-04-16     136        Hosea      Schiller
#> 1182             Auther Haley 2005-10-11      40       Auther         Haley
#> 1183            Mittie Jacobs 2006-04-03     121       Mittie        Jacobs
#> 1184             Kenny Wisozk 2004-03-29     204        Kenny        Wisozk
#> 1185        Giuseppe Tremblay 2005-04-03      36     Giuseppe      Tremblay
#> 1186             Braulio Haag 2006-06-28     141      Braulio          Haag
#> 1187            Cleveland Fay 2005-11-04     102    Cleveland           Fay
#> 1188             Yazmin Borer 2005-06-30     101       Yazmin         Borer
#> 1189             Mendy Ledner 2005-06-10     177        Mendy        Ledner
#> 1190              Joana Crist 2006-10-25     182        Joana         Crist
#> 1191          Eliezer Wuckert 2006-04-14      85      Eliezer       Wuckert
#> 1192           Diandra Brakus 2005-06-22      26      Diandra        Brakus
#> 1193           Buford Pollich 2005-07-27      73       Buford       Pollich
#> 1194              Kelcie Yost 2005-06-06      29       Kelcie          Yost
#> 1195               Posey Metz 2004-07-17     142        Posey          Metz
#> 1196               Desi Ortiz 2006-05-04     115         Desi         Ortiz
#> 1197          Keri Williamson 2004-03-15     127         Keri    Williamson
#> 1198              Rose Kuphal 2004-03-12      68         Rose        Kuphal
#> 1199                Vic Bauch 2004-04-23     122          Vic         Bauch
#> 1200              Alva Klocko 2006-04-08      18         Alva        Klocko
#> 1201            Alberto Kunze 2005-11-10     170      Alberto         Kunze
#> 1202             Yazmin Borer 2004-07-13     175       Yazmin         Borer
#> 1203          Deontae Effertz 2006-04-23     212      Deontae       Effertz
#> 1204            Jadiel Wunsch 2004-09-01     136       Jadiel        Wunsch
#> 1205            Lashawn Hoppe 2005-01-21      73      Lashawn         Hoppe
#> 1206              Joana Crist 2004-03-05     195        Joana         Crist
#> 1207         Charolette Klein 2005-09-13     122   Charolette         Klein
#> 1208               Drew Rohan 2005-10-25     159         Drew         Rohan
#> 1209             Link Carroll 2005-08-24     127         Link       Carroll
#> 1210           Giada Weissnat 2006-09-20      36        Giada      Weissnat
#> 1211             Lydia Willms 2005-07-02      43        Lydia        Willms
#> 1212              Ray Stanton 2005-05-01      27          Ray       Stanton
#> 1213            Daisha Torphy 2005-06-24      63       Daisha        Torphy
#> 1214               Bilal Hahn 2005-05-22     183        Bilal          Hahn
#> 1215              Imani Swift 2004-03-20      15        Imani         Swift
#> 1216           Colin Prohaska 2005-07-26     171        Colin      Prohaska
#> 1217         Kingston Waelchi 2005-07-16      29     Kingston       Waelchi
#> 1218             Hilma Little 2006-10-27      78        Hilma        Little
#> 1219        Bonny Breitenberg 2004-05-16     117        Bonny   Breitenberg
#> 1220            Iverson Robel 2006-02-10     210      Iverson         Robel
#> 1221             Anice O'Hara 2006-01-05      31        Anice        O'Hara
#> 1222          Anjelica Klocko 2004-01-15      39     Anjelica        Klocko
#> 1223          Monique Reichel 2005-05-12      27      Monique       Reichel
#> 1224      Darrion Stoltenberg 2004-06-04      64      Darrion   Stoltenberg
#> 1225        Amaris Williamson 2004-10-31      76       Amaris    Williamson
#> 1226             Brayan Terry 2005-04-28      56       Brayan         Terry
#> 1227            Elizah Abbott 2005-06-30      55       Elizah        Abbott
#> 1228           Jaren Schmeler 2005-02-26      99        Jaren      Schmeler
#> 1229         Avery Bartoletti 2004-07-22      32        Avery    Bartoletti
#> 1230           Grecia Schultz 2004-07-19      37       Grecia       Schultz
#> 1231             Tarik Marvin 2005-04-10     132        Tarik        Marvin
#> 1232              Imani Swift 2004-03-01      87        Imani         Swift
#> 1233              Ray Stanton 2006-08-09      71          Ray       Stanton
#> 1234            Hollie Crooks 2005-06-04      72       Hollie        Crooks
#> 1235           Isidore Skiles 2004-08-28     205      Isidore        Skiles
#> 1236        Gussie McLaughlin 2005-05-20      87       Gussie    McLaughlin
#> 1237           Ethyl Botsford 2005-09-06      11        Ethyl      Botsford
#> 1238            Gonzalo Jones 2006-09-22      68      Gonzalo         Jones
#> 1239             Kenny Wisozk 2004-08-04      61        Kenny        Wisozk
#> 1240            Ossie Schaden 2005-10-11     110        Ossie       Schaden
#> 1241             Vannie Kunze 2004-08-23      48       Vannie         Kunze
#> 1242             Taylor Crist 2005-07-21     188       Taylor         Crist
#> 1243         Schuyler Volkman 2005-06-14      10     Schuyler       Volkman
#> 1244       Margarita O'Reilly 2006-07-24     213    Margarita      O'Reilly
#> 1245             Alcide Rohan 2006-03-15      77       Alcide         Rohan
#> 1246              Marci Nader 2004-03-01      68        Marci         Nader
#> 1247         Prudie Kertzmann 2005-02-11      68       Prudie     Kertzmann
#> 1248               Posey Metz 2005-07-10     195        Posey          Metz
#> 1249            Hardy Leannon 2005-07-19     106        Hardy       Leannon
#> 1250             Armin Klocko 2004-02-14      76        Armin        Klocko
#> 1251             Hosie Howell 2005-07-28     136        Hosie        Howell
#> 1252            Russell Boyle 2004-04-28     159      Russell         Boyle
#> 1253             Essence Metz 2004-05-23      55      Essence          Metz
#> 1254           Agness O'Keefe 2005-06-07      43       Agness       O'Keefe
#> 1255         Dulce Wintheiser 2005-08-28      21        Dulce    Wintheiser
#> 1256             Cali Weimann 2005-09-14      61         Cali       Weimann
#> 1257         Emanuel Reichert 2005-09-02      52      Emanuel      Reichert
#> 1258               Julia Koch 2005-02-11      99        Julia          Koch
#> 1259           Maudie Waelchi 2005-01-10      75       Maudie       Waelchi
#> 1260          Suzette Pollich 2005-09-07     112      Suzette       Pollich
#> 1261            Alf Lueilwitz 2004-07-12      22          Alf     Lueilwitz
#> 1262          Samira Medhurst 2005-05-03      21       Samira      Medhurst
#> 1263             Hansel Kiehn 2004-08-01     169       Hansel         Kiehn
#> 1264               Rohan Wolf 2004-07-11     114        Rohan          Wolf
#> 1265             Chase Skiles 2004-06-22      27        Chase        Skiles
#> 1266         Alwina Wilkinson 2005-04-01     156       Alwina     Wilkinson
#> 1267            Franco Kemmer 2005-06-22     174       Franco        Kemmer
#> 1268          Kelcie Schimmel 2005-02-28      85       Kelcie      Schimmel
#> 1269          Sherlyn Gutmann 2006-12-12      64      Sherlyn       Gutmann
#> 1270          Toccara Lebsack 2004-03-12     108      Toccara       Lebsack
#> 1271             Luka Langosh 2005-08-16      32         Luka       Langosh
#> 1272               Julia Koch 2006-07-13      27        Julia          Koch
#> 1273          Melany Mitchell 2005-02-18      12       Melany      Mitchell
#> 1274          Kristian Heaney 2004-03-11      46     Kristian        Heaney
#> 1275             Thor Schultz 2006-06-26     140         Thor       Schultz
#> 1276        Travis Cartwright 2006-11-16     213       Travis    Cartwright
#> 1277             Elsie Parker 2004-06-16     107        Elsie        Parker
#> 1278          Yessenia Rempel 2004-08-06      37     Yessenia        Rempel
#> 1279           Bryson Reinger 2004-03-17     110       Bryson       Reinger
#> 1280            Elizah Abbott 2005-01-22      75       Elizah        Abbott
#> 1281           Devante O'Hara 2006-09-24      69      Devante        O'Hara
#> 1282           Dorcas Friesen 2004-07-27     111       Dorcas       Friesen
#> 1283           Erica Gottlieb 2005-11-12     120        Erica      Gottlieb
#> 1284           Iverson Herman 2004-10-17     145      Iverson        Herman
#> 1285           Aurthur Kirlin 2004-06-16     204      Aurthur        Kirlin
#> 1286                Ebb Doyle 2005-04-19      76          Ebb         Doyle
#> 1287            Gracelyn Dare 2005-12-13     186     Gracelyn          Dare
#> 1288              Semaj Sauer 2004-08-24      33        Semaj         Sauer
#> 1289        Cherrelle Bartell 2006-08-21      49    Cherrelle       Bartell
#> 1290            Myrle Krajcik 2005-12-18     181        Myrle       Krajcik
#> 1291       Erastus Macejkovic 2004-04-24     211      Erastus    Macejkovic
#> 1292             Rebeca Kling 2005-03-12     160       Rebeca         Kling
#> 1293               Trudy Rath 2005-07-20      12        Trudy          Rath
#> 1294          Sherlyn Gutmann 2005-07-17     208      Sherlyn       Gutmann
#> 1295           Londyn Reinger 2006-01-20     110       Londyn       Reinger
#> 1296             Verna Hudson 2006-01-05      47        Verna        Hudson
#> 1297           Jeremie Wehner 2004-02-02      57      Jeremie        Wehner
#> 1298        Loretto Romaguera 2005-07-22      61      Loretto     Romaguera
#> 1299            Malcolm Bogan 2004-09-12     195      Malcolm         Bogan
#> 1300          Mitzi Bergstrom 2005-12-21      59        Mitzi     Bergstrom
#> 1301              Ariel Yundt 2006-08-27     192        Ariel         Yundt
#> 1302           Aurthur Kirlin 2006-05-24      75      Aurthur        Kirlin
#> 1303          Candido Krajcik 2004-10-01      36      Candido       Krajcik
#> 1304              Claire Torp 2004-02-15     118       Claire          Torp
#> 1305            Jimmie Herzog 2005-08-17      83       Jimmie        Herzog
#> 1306          Grisel Reichert 2005-08-18      49       Grisel      Reichert
#> 1307           Caylee Carroll 2005-06-22     123       Caylee       Carroll
#> 1308         Ruthe Macejkovic 2005-11-01     119        Ruthe    Macejkovic
#> 1309           Katrina Barton 2005-09-21      27      Katrina        Barton
#> 1310          Elmyra Schaefer 2004-11-17     105       Elmyra      Schaefer
#> 1311             Auther Haley 2006-06-06     145       Auther         Haley
#> 1312         Ronan McLaughlin 2004-08-13      70        Ronan    McLaughlin
#> 1313           Ophelia Ernser 2004-10-12     181      Ophelia        Ernser
#> 1314            Derek Witting 2004-05-22      55        Derek       Witting
#> 1315         Stefani Kshlerin 2005-11-04      91      Stefani      Kshlerin
#> 1316                Mae O'Kon 2006-07-16      15          Mae         O'Kon
#> 1317          Lassie Lindgren 2005-12-22      21       Lassie      Lindgren
#> 1318              Joana Crist 2004-11-14      37        Joana         Crist
#> 1319          Danika Schulist 2004-03-06      88       Danika      Schulist
#> 1320             Tarik Marvin 2004-05-22      61        Tarik        Marvin
#> 1321           Ismael Stracke 2004-09-01     157       Ismael       Stracke
#> 1322           Patience Ferry 2005-05-30      97     Patience         Ferry
#> 1323          Elmyra Schaefer 2004-12-25      31       Elmyra      Schaefer
#> 1324             Patti Rempel 2005-08-17     102        Patti        Rempel
#> 1325            Hollie Crooks 2005-08-25     115       Hollie        Crooks
#> 1326         Dustyn Rodriguez 2005-04-21      11       Dustyn     Rodriguez
#> 1327        Geralyn Rosenbaum 2006-03-01      21      Geralyn     Rosenbaum
#> 1328        Travis Cartwright 2005-09-09      97       Travis    Cartwright
#> 1329              Janel Koepp 2005-06-03     139        Janel         Koepp
#> 1330             Lane Roberts 2004-02-19     219         Lane       Roberts
#> 1331              Sol Zboncak 2005-04-26      24          Sol       Zboncak
#> 1332            Lary Champlin 2005-06-20      79         Lary      Champlin
#> 1333        Laurene Considine 2004-04-26      48      Laurene     Considine
#> 1334           Mervin Pfeffer 2005-04-13      54       Mervin       Pfeffer
#> 1335            Lorean Stokes 2005-06-01     168       Lorean        Stokes
#> 1336            Bernhard Lind 2006-08-01     134     Bernhard          Lind
#> 1337          Keri Williamson 2006-06-11     107         Keri    Williamson
#> 1338            Flo Gulgowski 2005-10-03      55          Flo     Gulgowski
#> 1339          Marcello Torphy 2006-12-27      32     Marcello        Torphy
#> 1340              Saint Doyle 2004-02-07      68        Saint         Doyle
#> 1341               Flem Kozey 2006-07-02      55         Flem         Kozey
#> 1342              Karan Weber 2005-08-16      70        Karan         Weber
#> 1343         Dennie Powlowski 2005-09-20      76       Dennie     Powlowski
#> 1344      Alessandro Weissnat 2005-07-10      50   Alessandro      Weissnat
#> 1345               Lani Dicki 2004-05-30      22         Lani         Dicki
#> 1346            Shirl Kuvalis 2006-03-30      35        Shirl       Kuvalis
#> 1347      Marquise Swaniawski 2004-11-22     106     Marquise    Swaniawski
#> 1348           Aurthur Kirlin 2005-06-25      69      Aurthur        Kirlin
#> 1349             Tierra Hayes 2005-08-20     105       Tierra         Hayes
#> 1350        Jerilynn Schulist 2006-07-31     107     Jerilynn      Schulist
#> 1351            Joelle Deckow 2004-09-30      65       Joelle        Deckow
#> 1352                Art Hyatt 2006-04-01      72          Art         Hyatt
#> 1353              Jayme Welch 2004-12-01      23        Jayme         Welch
#> 1354           Verona Langosh 2005-05-15     133       Verona       Langosh
#> 1355        Vivian McLaughlin 2005-08-08      47       Vivian    McLaughlin
#> 1356           Alethea Blanda 2004-05-17      20      Alethea        Blanda
#> 1357            Jeanette Lind 2006-11-20     150     Jeanette          Lind
#> 1358        Ashleigh Eichmann 2006-07-13     138     Ashleigh      Eichmann
#> 1359              Roni Carter 2005-10-06      40         Roni        Carter
#> 1360           Agness O'Keefe 2006-04-22      75       Agness       O'Keefe
#> 1361           Winifred Hills 2006-07-04      72     Winifred         Hills
#> 1362             Jimmy Mayert 2005-01-05     167        Jimmy        Mayert
#> 1363            Deena Ziemann 2005-09-09     108        Deena       Ziemann
#> 1364     Chastity Greenfelder 2005-08-12      76     Chastity   Greenfelder
#> 1365                Shea Feil 2006-07-08     136         Shea          Feil
#> 1366             Ferd Stroman 2004-08-29      26         Ferd       Stroman
#> 1367           Alvah Bogisich 2004-04-21      30        Alvah      Bogisich
#> 1368          Devaughn Erdman 2005-02-01      69     Devaughn        Erdman
#> 1369            Trina Gaylord 2004-05-27     177        Trina       Gaylord
#> 1370             Ronin Beatty 2006-08-07     101        Ronin        Beatty
#> 1371           Doshia Stroman 2005-05-26      55       Doshia       Stroman
#> 1372           Burton Kuvalis 2005-06-15      67       Burton       Kuvalis
#> 1373         Hessie Gleichner 2005-11-12     161       Hessie     Gleichner
#> 1374              Lissa White 2005-03-12      74        Lissa         White
#> 1375           Cameron Abbott 2006-01-22     105      Cameron        Abbott
#> 1376           Ophelia Ernser 2005-03-22      81      Ophelia        Ernser
#> 1377         Marrion Emmerich 2005-08-03      57      Marrion      Emmerich
#> 1378        Vivian McLaughlin 2005-05-29      35       Vivian    McLaughlin
#> 1379         Barrett Turcotte 2005-03-21      19      Barrett      Turcotte
#> 1380          Gilmore Schmitt 2005-07-03      46      Gilmore       Schmitt
#> 1381             Erin Zboncak 2005-09-14     164         Erin       Zboncak
#> 1382            Bud Marquardt 2005-01-27      64          Bud     Marquardt
#> 1383              Donell Dach 2005-06-20     147       Donell          Dach
#> 1384             Arlie Brekke 2004-10-24      47        Arlie        Brekke
#> 1385           Reanna O'Keefe 2006-06-05      10       Reanna       O'Keefe
#> 1386         Zakary Gleichner 2005-06-07     130       Zakary     Gleichner
#> 1387           Aurthur Kirlin 2005-04-14      27      Aurthur        Kirlin
#> 1388            Tobie Carroll 2005-12-28      88        Tobie       Carroll
#> 1389         Valencia Keebler 2005-06-15      39     Valencia       Keebler
#> 1390              Ray Stanton 2005-07-31      84          Ray       Stanton
#> 1391         Gilmer Kertzmann 2004-12-22     119       Gilmer     Kertzmann
#> 1392           Alexis Cormier 2006-07-03     184       Alexis       Cormier
#> 1393        Elizabet Schiller 2006-10-30      41     Elizabet      Schiller
#> 1394         Kordell Hartmann 2005-08-29     102      Kordell      Hartmann
#> 1395            Bernard Bruen 2005-01-19     153      Bernard         Bruen
#> 1396               Mont Mertz 2004-10-04     116         Mont         Mertz
#> 1397            Rosario Boyle 2005-06-15     131      Rosario         Boyle
#> 1398        Maura Schamberger 2005-04-05     157        Maura   Schamberger
#> 1399      Alessandro Weissnat 2005-08-03      38   Alessandro      Weissnat
#> 1400               Kyle Doyle 2005-01-01     169         Kyle         Doyle
#> 1401          Ezzard Bernhard 2004-06-11      12       Ezzard      Bernhard
#> 1402        Pershing Johnston 2005-03-05      60     Pershing      Johnston
#> 1403             Toney Marvin 2005-05-15      63        Toney        Marvin
#> 1404         Corrine Champlin 2005-04-22      61      Corrine      Champlin
#> 1405             Sherie Mayer 2006-07-12     165       Sherie         Mayer
#> 1406            Bronson Towne 2006-10-03      34      Bronson         Towne
#> 1407       Kadence Morissette 2006-08-09     110      Kadence    Morissette
#> 1408             Tomika Koepp 2006-04-26      66       Tomika         Koepp
#> 1409           Warren Osinski 2005-05-31     112       Warren       Osinski
#> 1410        Hughey Bartoletti 2005-09-09     167       Hughey    Bartoletti
#> 1411               Etta Towne 2005-08-07     116         Etta         Towne
#> 1412               Evita Howe 2004-06-30     203        Evita          Howe
#> 1413       Pierre Stoltenberg 2005-04-22      31       Pierre   Stoltenberg
#> 1414          Mason Rodriguez 2004-06-05     111        Mason     Rodriguez
#> 1415      Cristofer VonRueden 2006-05-16      64    Cristofer     VonRueden
#> 1416         Schuyler Volkman 2006-01-27      37     Schuyler       Volkman
#> 1417             Malaya White 2005-09-24      84       Malaya         White
#> 1418          Benjamin Barton 2005-06-17     112     Benjamin        Barton
#> 1419            Marla Sanford 2005-09-12      23        Marla       Sanford
#> 1420          Celestino Bosco 2004-03-26     141    Celestino         Bosco
#> 1421         Miguelangel Dach 2004-12-17      18  Miguelangel          Dach
#> 1422              Josef Lemke 2006-11-13      52        Josef         Lemke
#> 1423          Arlyn Dickinson 2004-06-08     201        Arlyn     Dickinson
#> 1424           Jabbar Dickens 2004-09-16     152       Jabbar       Dickens
#> 1425           Melvin Schmidt 2005-10-13      55       Melvin       Schmidt
#> 1426            Rakeem Harvey 2004-10-06      39       Rakeem        Harvey
#> 1427              Roma Daniel 2006-05-16      78         Roma        Daniel
#> 1428             Price Harvey 2005-05-25      76        Price        Harvey
#> 1429             Arlie Brekke 2004-09-10      31        Arlie        Brekke
#> 1430         Hessie Gleichner 2004-11-02      41       Hessie     Gleichner
#> 1431              Delpha King 2005-04-18      45       Delpha          King
#> 1432            Bernhard Lind 2006-02-19      16     Bernhard          Lind
#> 1433           Madison Lehner 2004-05-09      50      Madison        Lehner
#> 1434             Lennon Hilll 2005-09-07     175       Lennon         Hilll
#> 1435           Cristi Quitzon 2005-07-07      44       Cristi       Quitzon
#> 1436            Nigel Leannon 2005-07-16      64        Nigel       Leannon
#> 1437           Jerald Gaylord 2006-07-11      48       Jerald       Gaylord
#> 1438           Hakeem Leffler 2005-06-26      21       Hakeem       Leffler
#> 1439             Kenny Wisozk 2004-12-25     103        Kenny        Wisozk
#> 1440            Juliana Sipes 2005-09-18      17      Juliana         Sipes
#> 1441         Prudie Kertzmann 2005-09-13      31       Prudie     Kertzmann
#> 1442          Grisel Reichert 2006-08-03      66       Grisel      Reichert
#> 1443          Earnest Rolfson 2006-08-05     209      Earnest       Rolfson
#> 1444               Donal Auer 2004-07-12      78        Donal          Auer
#> 1445            Oneta Lebsack 2005-07-19     114        Oneta       Lebsack
#> 1446          Kalvin Prosacco 2006-08-24     112       Kalvin      Prosacco
#> 1447         Hildegard Murray 2006-04-07     126    Hildegard        Murray
#> 1448           Britany O'Hara 2004-07-27      19      Britany        O'Hara
#> 1449            Marla Sanford 2005-04-16      46        Marla       Sanford
#> 1450          Dorotha Kuvalis 2005-07-07     154      Dorotha       Kuvalis
#> 1451           Brionna Miller 2005-06-26      67      Brionna        Miller
#> 1452               Thad Nader 2006-03-24     137         Thad         Nader
#> 1453            Fount Flatley 2006-04-18     104        Fount       Flatley
#> 1454           Katrina Barton 2004-11-09     136      Katrina        Barton
#> 1455             Luka Langosh 2005-07-31     211         Luka       Langosh
#> 1456               Ivy Kohler 2004-09-06      37          Ivy        Kohler
#> 1457            Jadiel Wunsch 2006-01-22     199       Jadiel        Wunsch
#> 1458              Casen Blick 2004-02-23     213        Casen         Blick
#> 1459             Lesta Carter 2005-09-09     169        Lesta        Carter
#> 1460           Giada Weissnat 2005-09-13      42        Giada      Weissnat
#> 1461           Katrina Barton 2005-06-01     176      Katrina        Barton
#> 1462           Zander Lebsack 2005-07-17      78       Zander       Lebsack
#> 1463            Tisa Mosciski 2005-10-02      34         Tisa      Mosciski
#> 1464                Luda Kihn 2006-03-02      68         Luda          Kihn
#> 1465            Franco Kemmer 2006-04-08      48       Franco        Kemmer
#> 1466         Stefani Kshlerin 2005-09-16     110      Stefani      Kshlerin
#> 1467              Deann Dicki 2004-03-22      36        Deann         Dicki
#> 1468          Anjelica Klocko 2005-09-29     166     Anjelica        Klocko
#> 1469          Dorotha Kuvalis 2006-06-02     185      Dorotha       Kuvalis
#> 1470        Laurene Considine 2004-04-12      74      Laurene     Considine
#> 1471              Handy Walsh 2005-10-13     136        Handy         Walsh
#> 1472      Jacqueline Nikolaus 2004-04-10      33   Jacqueline      Nikolaus
#> 1473           Dereck Denesik 2005-10-31     204       Dereck       Denesik
#> 1474              Kraig Hayes 2004-06-03     207        Kraig         Hayes
#> 1475             Michale Howe 2004-09-23      88      Michale          Howe
#> 1476       Kadence Morissette 2005-07-12     117      Kadence    Morissette
#> 1477          Iliana Donnelly 2005-11-30     177       Iliana      Donnelly
#> 1478         Donaciano Corwin 2005-05-10     125    Donaciano        Corwin
#> 1479          Kelcie Schimmel 2005-01-12      78       Kelcie      Schimmel
#> 1480             Mikeal Block 2004-03-27      58       Mikeal         Block
#> 1481           Agness O'Keefe 2006-02-17      86       Agness       O'Keefe
#> 1482         Dulce Wintheiser 2004-04-28      49        Dulce    Wintheiser
#> 1483           Eugenia Barton 2004-05-29     191      Eugenia        Barton
#> 1484              Shane Haley 2004-04-08     124        Shane         Haley
#> 1485              Fount Towne 2005-09-21      77        Fount         Towne
#> 1486        Payten Morissette 2005-05-02     214       Payten    Morissette
#> 1487            Bernard Bruen 2006-07-02     212      Bernard         Bruen
#> 1488            Rikki Watsica 2005-01-09     104        Rikki       Watsica
#> 1489            Elda Schmeler 2006-08-24      74         Elda      Schmeler
#> 1490           Jaquelin Weber 2005-05-30     177     Jaquelin         Weber
#> 1491       Zechariah Gislason 2004-09-10     185    Zechariah      Gislason
#> 1492              Ariel Yundt 2005-11-05      64        Ariel         Yundt
#> 1493             Exie Gutmann 2005-07-16     133         Exie       Gutmann
#> 1494           Harris Pollich 2005-07-08     114       Harris       Pollich
#> 1495            Tillie Crooks 2005-09-06     209       Tillie        Crooks
#> 1496             Shirl Wisozk 2004-07-01     180        Shirl        Wisozk
#> 1497           Symone McClure 2006-06-07     104       Symone       McClure
#> 1498      Maralyn Greenfelder 2006-07-22     208      Maralyn   Greenfelder
#> 1499         Nathanael Wisozk 2005-04-04     119    Nathanael        Wisozk
#> 1500           Vonda Connelly 2004-06-03     194        Vonda      Connelly
#> 1501             Kacie Miller 2004-10-20      95        Kacie        Miller
#> 1502        Alpheus Wilkinson 2004-07-03      69      Alpheus     Wilkinson
#> 1503           Porsche Mayert 2005-06-22      15      Porsche        Mayert
#> 1504             Lynn Gleason 2004-10-09      30         Lynn       Gleason
#> 1505         Britni Daugherty 2005-09-09      26       Britni     Daugherty
#> 1506        Geoffrey Reichert 2004-06-29      82     Geoffrey      Reichert
#> 1507           Shakira Stokes 2006-06-23      21      Shakira        Stokes
#> 1508               Arno Blick 2005-10-30     172         Arno         Blick
#> 1509            Dorathy Nader 2005-07-02      65      Dorathy         Nader
#> 1510         Lionel Marquardt 2004-04-29     133       Lionel     Marquardt
#> 1511            Texas Keebler 2005-07-17      39        Texas       Keebler
#> 1512              Kizzy Doyle 2005-04-14     150        Kizzy         Doyle
#> 1513          Lexi Altenwerth 2005-11-21     185         Lexi    Altenwerth
#> 1514              Sydell West 2004-11-09     109       Sydell          West
#> 1515           Jeremie Wehner 2006-04-22      29      Jeremie        Wehner
#> 1516            Haden Kautzer 2006-07-13      67        Haden       Kautzer
#> 1517              Ariel Yundt 2005-07-26     109        Ariel         Yundt
#> 1518            Almer Osinski 2005-06-04      66        Almer       Osinski
#> 1519       Dominique McKenzie 2006-02-02     103    Dominique      McKenzie
#> 1520              Kole Crooks 2006-07-18      21         Kole        Crooks
#> 1521              Lon Witting 2006-03-11      74          Lon       Witting
#> 1522           Alferd Ziemann 2004-07-11      40       Alferd       Ziemann
#> 1523            Tisa Mosciski 2005-12-08      73         Tisa      Mosciski
#> 1524             Claire Terry 2005-08-27     137       Claire         Terry
#> 1525            Etta Franecki 2004-07-14     191         Etta      Franecki
#> 1526          Eddie Armstrong 2005-11-07     108        Eddie     Armstrong
#> 1527           Marti Johnston 2005-06-22      77        Marti      Johnston
#> 1528         Suzette Hartmann 2004-02-08      15      Suzette      Hartmann
#> 1529           Vinson Tillman 2004-11-27      19       Vinson       Tillman
#> 1530         Woodie Gleichner 2005-12-01      39       Woodie     Gleichner
#> 1531             Claire Terry 2006-05-06     103       Claire         Terry
#> 1532           Warren Osinski 2004-03-08     144       Warren       Osinski
#> 1533        Isaak Oberbrunner 2005-07-19      65        Isaak   Oberbrunner
#> 1534              Ela Treutel 2005-11-29      44          Ela       Treutel
#> 1535           Catalina Ortiz 2004-09-04     140     Catalina         Ortiz
#> 1536         Jesse Schowalter 2006-12-02     122        Jesse    Schowalter
#> 1537             Lane Roberts 2005-06-23     120         Lane       Roberts
#> 1538           Ethyl Botsford 2005-05-08      28        Ethyl      Botsford
#> 1539          Esequiel Kirlin 2005-12-05     118     Esequiel        Kirlin
#> 1540             Lesta Carter 2005-03-20     120        Lesta        Carter
#> 1541            Daisha Torphy 2006-10-10      55       Daisha        Torphy
#> 1542          Delfina Watsica 2005-03-24     100      Delfina       Watsica
#> 1543              Vernie Ryan 2006-07-25      29       Vernie          Ryan
#> 1544             Tierra Hayes 2006-08-25     195       Tierra         Hayes
#> 1545          Arlyn Dickinson 2006-11-22     108        Arlyn     Dickinson
#> 1546            Lim Langworth 2005-02-01      60          Lim     Langworth
#> 1547            Irwin Ritchie 2005-08-12      67        Irwin       Ritchie
#> 1548              Lissa White 2005-08-10      70        Lissa         White
#> 1549                Vic Bauch 2006-03-29      16          Vic         Bauch
#> 1550           Cameron Abbott 2005-10-12      24      Cameron        Abbott
#> 1551            Franco Kemmer 2005-06-19      34       Franco        Kemmer
#> 1552           Orpha Bernhard 2004-06-26     104        Orpha      Bernhard
#> 1553              Lott Larkin 2005-04-30      26         Lott        Larkin
#> 1554            Akeelah Walsh 2004-08-16      45      Akeelah         Walsh
#> 1555         Woodie Gleichner 2005-09-27      36       Woodie     Gleichner
#> 1556           Wally Nikolaus 2006-07-03     146        Wally      Nikolaus
#> 1557           Ethyl Botsford 2004-10-09      41        Ethyl      Botsford
#> 1558           Diego Gislason 2004-04-29      22        Diego      Gislason
#> 1559             Marty Wisozk 2005-08-14      59        Marty        Wisozk
#> 1560              Mila Gibson 2005-07-24     179         Mila        Gibson
#> 1561          Lassie Lindgren 2006-10-29     155       Lassie      Lindgren
#> 1562       Zechariah Gislason 2004-08-21     191    Zechariah      Gislason
#> 1563              Kelcie Yost 2005-09-06     104       Kelcie          Yost
#> 1564           Warren Osinski 2004-06-22      32       Warren       Osinski
#> 1565            Ossie Schaden 2006-04-30     165        Ossie       Schaden
#> 1566           Berkley Ernser 2005-08-25      34      Berkley        Ernser
#> 1567        Hughey Bartoletti 2005-04-02     119       Hughey    Bartoletti
#> 1568          Iverson Hilpert 2006-07-23      24      Iverson       Hilpert
#> 1569               Von Cassin 2005-08-27      56          Von        Cassin
#> 1570             Vivien Bauch 2006-07-09     152       Vivien         Bauch
#> 1571           Hosea Schiller 2005-07-21     154        Hosea      Schiller
#> 1572           Warner Kessler 2004-05-03      70       Warner       Kessler
#> 1573            Nikolai Welch 2004-04-10      27      Nikolai         Welch
#> 1574              Kraig Hayes 2005-07-27      35        Kraig         Hayes
#> 1575        Anabel Jakubowski 2006-04-05      16       Anabel    Jakubowski
#> 1576             Vick Okuneva 2006-11-09     198         Vick       Okuneva
#> 1577         Latesha Bernhard 2005-10-05     142      Latesha      Bernhard
#> 1578             Lynn Gleason 2005-09-11      48         Lynn       Gleason
#> 1579         Dellar Schroeder 2006-03-01      50       Dellar     Schroeder
#> 1580         Woodie Gleichner 2004-07-16     143       Woodie     Gleichner
#> 1581             Trudy Stokes 2005-03-24      42        Trudy        Stokes
#> 1582         Casandra Krajcik 2004-08-02      36     Casandra       Krajcik
#> 1583            Nikolai Welch 2006-06-22      86      Nikolai         Welch
#> 1584          Melbourne Johns 2005-05-26     109    Melbourne         Johns
#> 1585           Orpha Bernhard 2005-06-25     113        Orpha      Bernhard
#> 1586           Giada Weissnat 2006-04-07     131        Giada      Weissnat
#> 1587               Donta Veum 2004-12-12     110        Donta          Veum
#> 1588              Semaj Sauer 2005-07-25      36        Semaj         Sauer
#> 1589           Melvin Schmidt 2004-06-10     144       Melvin       Schmidt
#> 1590               Ivy Kohler 2006-01-09      49          Ivy        Kohler
#> 1591          Lassie Lindgren 2004-12-28      72       Lassie      Lindgren
#> 1592      Katherine Schroeder 2005-09-27      40    Katherine     Schroeder
#> 1593          Santana Bradtke 2005-07-11     164      Santana       Bradtke
#> 1594              Davie Hintz 2005-06-20      77        Davie         Hintz
#> 1595             Enid Reinger 2005-05-24      59         Enid       Reinger
#> 1596              Lesta Davis 2006-05-06      63        Lesta         Davis
#> 1597              Romie Upton 2006-08-08      59        Romie         Upton
#> 1598       Waldemar Greenholt 2005-11-05     105     Waldemar     Greenholt
#> 1599               Odie Lakin 2004-04-28      26         Odie         Lakin
#> 1600       Mauricio VonRueden 2004-10-10      84     Mauricio     VonRueden
#> 1601              Handy Walsh 2006-09-06     101        Handy         Walsh
#> 1602         Rolla Hodkiewicz 2005-06-10      36        Rolla    Hodkiewicz
#> 1603           Verona Langosh 2005-01-27      79       Verona       Langosh
#> 1604        Bonny Breitenberg 2004-10-24     102        Bonny   Breitenberg
#> 1605             Exie Gutmann 2005-10-29     218         Exie       Gutmann
#> 1606              Nevin Boehm 2006-10-06     138        Nevin         Boehm
#> 1607             Thor Schultz 2006-11-23      83         Thor       Schultz
#> 1608          Arlyn Dickinson 2006-07-06      49        Arlyn     Dickinson
#> 1609         Casandra Krajcik 2005-08-02     130     Casandra       Krajcik
#> 1610          Saverio Weimann 2004-04-16     175      Saverio       Weimann
#> 1611             Lucetta Auer 2004-04-18      44      Lucetta          Auer
#> 1612       Tawanda Balistreri 2005-10-05      46      Tawanda    Balistreri
#> 1613             Kolten Wyman 2005-06-14     186       Kolten         Wyman
#> 1614                Vic Bauch 2004-08-09      64          Vic         Bauch
#> 1615          Celestino Bosco 2006-08-20      32    Celestino         Bosco
#> 1616          Francisco Kiehn 2004-07-09      69    Francisco         Kiehn
#> 1617              Hoke Jacobs 2006-03-11     181         Hoke        Jacobs
#> 1618           Iverson Herman 2006-09-16     106      Iverson        Herman
#> 1619              Lindy Pagac 2005-10-11     196        Lindy         Pagac
#> 1620       Merrilee Lueilwitz 2005-01-31     185     Merrilee     Lueilwitz
#> 1621             Chase Skiles 2005-06-02     106        Chase        Skiles
#> 1622          Celestino Bosco 2004-12-01      75    Celestino         Bosco
#> 1623           Erica Gottlieb 2005-05-01     156        Erica      Gottlieb
#> 1624         Jayvion Cummings 2004-08-22      83      Jayvion      Cummings
#> 1625           Hosteen Jacobi 2005-07-04     137      Hosteen        Jacobi
#> 1626          Krista Hartmann 2004-09-07      14       Krista      Hartmann
#> 1627             Wendel Hintz 2005-08-11     216       Wendel         Hintz
#> 1628           Tyreke DuBuque 2006-06-04      68       Tyreke       DuBuque
#> 1629           Torry Reynolds 2006-08-18      51        Torry      Reynolds
#> 1630           Alethea Blanda 2004-08-23      79      Alethea        Blanda
#> 1631             Mikeal Block 2005-06-01      59       Mikeal         Block
#> 1632        Travis Cartwright 2005-03-07     132       Travis    Cartwright
#> 1633            Odelia Rippin 2005-08-30      18       Odelia        Rippin
#> 1634              Deann Dicki 2005-10-27      81        Deann         Dicki
#> 1635      Lyndsey Heidenreich 2005-07-22     195      Lyndsey   Heidenreich
#> 1636            Jimmie Herzog 2004-02-02      31       Jimmie        Herzog
#> 1637            Celine Wisozk 2005-08-30     201       Celine        Wisozk
#> 1638             Braelyn King 2004-05-04     142      Braelyn          King
#> 1639            Skylar Hoeger 2004-09-19      25       Skylar        Hoeger
#> 1640            Claus Bradtke 2005-02-23     213        Claus       Bradtke
#> 1641             Kacie Miller 2004-08-01      69        Kacie        Miller
#> 1642             Kacie Miller 2005-04-05     212        Kacie        Miller
#> 1643               Kyrie Funk 2005-06-07      53        Kyrie          Funk
#> 1644              Elam Hirthe 2004-08-13      54         Elam        Hirthe
#> 1645            Blair Cormier 2005-05-29     214        Blair       Cormier
#> 1646         Elian Vandervort 2004-12-15      47        Elian    Vandervort
#> 1647           Lavern Pfeffer 2005-10-31     216       Lavern       Pfeffer
#> 1648          Santana Bradtke 2005-07-21      69      Santana       Bradtke
#> 1649             Patti Rempel 2005-09-25      85        Patti        Rempel
#> 1650            Elzy Anderson 2004-08-03      18         Elzy      Anderson
#> 1651        Mariano Lueilwitz 2005-08-27     129      Mariano     Lueilwitz
#> 1652           Amit Langworth 2005-11-06     112         Amit     Langworth
#> 1653            Irwin Ritchie 2005-02-23     162        Irwin       Ritchie
#> 1654              Janeen West 2006-10-26      73       Janeen          West
#> 1655            Mac Kertzmann 2006-11-18     129          Mac     Kertzmann
#> 1656       Jeannie Rutherford 2005-05-30      19      Jeannie    Rutherford
#> 1657             Keri Schuppe 2004-07-09     117         Keri       Schuppe
#> 1658            Peyton Larson 2005-04-30      64       Peyton        Larson
#> 1659               Bree Stehr 2004-10-07      75         Bree         Stehr
#> 1660           Shelton Hudson 2004-06-26      54      Shelton        Hudson
#> 1661               Tia Zulauf 2005-05-20      66          Tia        Zulauf
#> 1662           Avah Schneider 2006-07-14      54         Avah     Schneider
#> 1663            Myles Stroman 2005-09-02      78        Myles       Stroman
#> 1664        Rayburn Wilkinson 2005-04-21      58      Rayburn     Wilkinson
#> 1665          Eddie Armstrong 2006-10-28     107        Eddie     Armstrong
#> 1666            Gracie Willms 2004-04-17     122       Gracie        Willms
#> 1667               Uriah West 2004-04-23     122        Uriah          West
#> 1668            Dorathy Nader 2006-09-21      45      Dorathy         Nader
#> 1669             Shea Gerlach 2006-05-15      87         Shea       Gerlach
#> 1670            Yoselin Bauch 2004-12-11     107      Yoselin         Bauch
#> 1671              Jonnie Veum 2005-04-18     123       Jonnie          Veum
#> 1672           Violette O'Kon 2006-04-29     198     Violette         O'Kon
#> 1673          Shaniece Herzog 2005-08-06      48     Shaniece        Herzog
#> 1674         Julisa Halvorson 2006-08-07      63       Julisa     Halvorson
#> 1675         Katelynn Lebsack 2006-07-06      61     Katelynn       Lebsack
#> 1676             Lesta Carter 2004-08-30      72        Lesta        Carter
#> 1677             Exie Gutmann 2005-08-20     147         Exie       Gutmann
#> 1678            Elizah Abbott 2006-07-07      73       Elizah        Abbott
#> 1679       Portia Schamberger 2004-07-03      90       Portia   Schamberger
#> 1680            Ariane Hansen 2005-04-24      24       Ariane        Hansen
#> 1681         Stefani Kshlerin 2006-06-28     156      Stefani      Kshlerin
#> 1682            Maebell Terry 2004-11-13      47      Maebell         Terry
#> 1683        Alvera Balistreri 2006-08-26      65       Alvera    Balistreri
#> 1684         Azariah Lubowitz 2005-05-15      24      Azariah      Lubowitz
#> 1685             Herman Kling 2005-12-25     106       Herman         Kling
#> 1686           Alethea Blanda 2006-07-27     112      Alethea        Blanda
#> 1687            Janell Heller 2004-08-17      79       Janell        Heller
#> 1688           Hansel Steuber 2005-06-27      20       Hansel       Steuber
#> 1689        Mervyn Vandervort 2004-06-30      50       Mervyn    Vandervort
#> 1690             Vannie Kunze 2005-11-29      31       Vannie         Kunze
#> 1691               Lani Dicki 2006-09-10     163         Lani         Dicki
#> 1692           Abbey O'Reilly 2006-01-06      67        Abbey      O'Reilly
#> 1693             Michale Howe 2005-10-27     124      Michale          Howe
#> 1694           Grecia Schultz 2006-06-01      40       Grecia       Schultz
#> 1695           Murl Wilkinson 2006-07-21     183         Murl     Wilkinson
#> 1696          Stafford Willms 2004-10-24      34     Stafford        Willms
#> 1697             Toney Marvin 2005-05-11     179        Toney        Marvin
#> 1698        Gussie Bartoletti 2006-06-20     186       Gussie    Bartoletti
#> 1699           Ayesha Carroll 2004-09-16      56       Ayesha       Carroll
#> 1700         Azariah Lubowitz 2006-07-05      35      Azariah      Lubowitz
#> 1701              Nevin Boehm 2005-04-02      10        Nevin         Boehm
#> 1702         Christi Connelly 2004-12-28     218      Christi      Connelly
#> 1703           Alyssia Hickle 2005-10-17      33      Alyssia        Hickle
#> 1704           Murl Wilkinson 2005-07-25      49         Murl     Wilkinson
#> 1705            Jimmie Herzog 2006-04-10     144       Jimmie        Herzog
#> 1706             Erin Zboncak 2004-02-29     196         Erin       Zboncak
#> 1707           Erica Gottlieb 2005-02-21     101        Erica      Gottlieb
#> 1708         Katelynn Lebsack 2005-05-23      16     Katelynn       Lebsack
#> 1709            Jimmie Herzog 2005-03-10     104       Jimmie        Herzog
#> 1710        Jeraldine Waelchi 2004-02-27     199    Jeraldine       Waelchi
#> 1711          Elmyra Schaefer 2005-02-21     111       Elmyra      Schaefer
#> 1712              Kittie Dare 2005-06-01     214       Kittie          Dare
#> 1713        Dashawn Schroeder 2005-05-21     198      Dashawn     Schroeder
#> 1714             Michale Howe 2005-06-02     143      Michale          Howe
#> 1715              Cari Renner 2005-04-08     114         Cari        Renner
#> 1716             Ingrid O'Kon 2004-09-21      69       Ingrid         O'Kon
#> 1717          Ezzard Bernhard 2005-08-02     117       Ezzard      Bernhard
#> 1718             Ila Leuschke 2005-12-04      91          Ila      Leuschke
#> 1719           Cristen Hammes 2005-03-21      17      Cristen        Hammes
#> 1720            Micayla Kutch 2004-10-04     167      Micayla         Kutch
#> 1721            Alf Lueilwitz 2005-10-09      38          Alf     Lueilwitz
#> 1722             Astrid Bayer 2004-05-01      82       Astrid         Bayer
#> 1723         Dominik Anderson 2005-04-09     118      Dominik      Anderson
#> 1724       Mauricio VonRueden 2004-11-21     114     Mauricio     VonRueden
#> 1725            Bradford Bode 2006-06-13     176     Bradford          Bode
#> 1726           Yetta Gorczany 2005-08-06      29        Yetta      Gorczany
#> 1727          Darrian Bartell 2005-05-23     129      Darrian       Bartell
#> 1728            Fount Flatley 2004-07-23      73        Fount       Flatley
#> 1729               Ottis Wiza 2005-09-29      71        Ottis          Wiza
#> 1730                Roma Rath 2005-08-28      50         Roma          Rath
#> 1731           Patience Ferry 2005-08-26     198     Patience         Ferry
#> 1732            Deonte Zemlak 2005-07-17     170       Deonte        Zemlak
#> 1733             Howell Blick 2006-04-30      26       Howell         Blick
#> 1734            Almer Osinski 2005-08-11      25        Almer       Osinski
#> 1735           Hosteen Jacobi 2004-12-30      15      Hosteen        Jacobi
#> 1736            Alannah Borer 2005-03-19      36      Alannah         Borer
#> 1737              Nevin Boehm 2006-05-18     211        Nevin         Boehm
#> 1738            Etta Franecki 2004-01-23     165         Etta      Franecki
#> 1739         Susannah Bernier 2005-09-03     113     Susannah       Bernier
#> 1740             Mabell Lemke 2004-04-17      44       Mabell         Lemke
#> 1741               Lani Dicki 2005-03-10      11         Lani         Dicki
#> 1742              Lupe Kohler 2004-10-22      90         Lupe        Kohler
#> 1743            Bernard Bruen 2006-10-20      69      Bernard         Bruen
#> 1744               Uriel Kuhn 2005-07-07      69        Uriel          Kuhn
#> 1745        Valentine Volkman 2005-07-01      83    Valentine       Volkman
#> 1746            Winifred Kris 2005-06-11      97     Winifred          Kris
#> 1747              Nada Barton 2004-03-19      73         Nada        Barton
#> 1748          Garfield Hammes 2004-07-15     102     Garfield        Hammes
#> 1749             Braelyn King 2005-11-28     137      Braelyn          King
#> 1750              Carma Wyman 2006-11-17      12        Carma         Wyman
#> 1751        Laurene Considine 2005-03-23     172      Laurene     Considine
#> 1752           Latoya Stanton 2004-12-22     105       Latoya       Stanton
#> 1753        Luverne Rodriguez 2004-07-11      77      Luverne     Rodriguez
#> 1754        Egbert McLaughlin 2005-12-31      20       Egbert    McLaughlin
#> 1755            Franco Kemmer 2004-09-02      13       Franco        Kemmer
#> 1756              Myer Stokes 2005-06-28      74         Myer        Stokes
#> 1757           Latoya Stanton 2004-08-08      77       Latoya       Stanton
#> 1758        Cristine Baumbach 2006-04-10     156     Cristine      Baumbach
#> 1759              Lois Russel 2005-04-08      39         Lois        Russel
#> 1760               Add Senger 2006-08-13      18          Add        Senger
#> 1761              Lissa White 2005-11-09      31        Lissa         White
#> 1762                Kelis Rau 2006-07-11      53        Kelis           Rau
#> 1763              Shane Haley 2006-07-27      75        Shane         Haley
#> 1764              Azul Wehner 2004-06-12     190         Azul        Wehner
#> 1765            Tillie Crooks 2005-04-29      72       Tillie        Crooks
#> 1766             Price Harvey 2004-12-03      47        Price        Harvey
#> 1767            Janell Heller 2004-07-27      78       Janell        Heller
#> 1768           Isidore Skiles 2006-06-25      62      Isidore        Skiles
#> 1769          Bush Macejkovic 2005-07-04     198         Bush    Macejkovic
#> 1770            Tisa Mosciski 2006-05-16      32         Tisa      Mosciski
#> 1771           Yaakov Labadie 2005-05-28      91       Yaakov       Labadie
#> 1772           Dorcas Friesen 2004-08-18      97       Dorcas       Friesen
#> 1773           Izetta Stracke 2006-09-16      42       Izetta       Stracke
#> 1774            Oneta Lebsack 2006-02-27     188        Oneta       Lebsack
#> 1775               Zola Nolan 2006-04-09      54         Zola         Nolan
#> 1776             Kenny Wisozk 2004-03-20      73        Kenny        Wisozk
#> 1777            Franco Kemmer 2004-04-19     219       Franco        Kemmer
#> 1778             Starr Corwin 2005-01-13     115        Starr        Corwin
#> 1779           Mervin Pfeffer 2004-05-19      38       Mervin       Pfeffer
#> 1780         Pleasant Ullrich 2005-09-14      30     Pleasant       Ullrich
#> 1781         Alton Wintheiser 2005-07-21     178        Alton    Wintheiser
#> 1782         Valencia Keebler 2005-09-23      22     Valencia       Keebler
#> 1783           Shelton Hudson 2005-09-18     134      Shelton        Hudson
#> 1784       Zechariah Gislason 2004-10-09     188    Zechariah      Gislason
#> 1785        Bernetta O'Conner 2005-03-31      59     Bernetta      O'Conner
#> 1786             Lilah Blanda 2004-04-02      82        Lilah        Blanda
#> 1787            Esker Cormier 2006-06-07      31        Esker       Cormier
#> 1788             Johney Mayer 2004-01-16      39       Johney         Mayer
#> 1789         Caswell Anderson 2005-08-19      84      Caswell      Anderson
#> 1790            Leala Schuppe 2005-10-12     112        Leala       Schuppe
#> 1791             Luka Langosh 2004-02-28      40         Luka       Langosh
#> 1792              Lott Larkin 2004-08-09      41         Lott        Larkin
#> 1793            Breann Harris 2005-01-10      32       Breann        Harris
#> 1794                Edw Frami 2005-04-04     127          Edw         Frami
#> 1795           Symone McClure 2005-04-15     181       Symone       McClure
#> 1796            Parker Bailey 2004-07-27      69       Parker        Bailey
#> 1797          Sherlyn Gutmann 2005-06-05      15      Sherlyn       Gutmann
#> 1798          Amira Gutkowski 2004-07-27     112        Amira     Gutkowski
#> 1799              Jonnie Veum 2005-08-16      65       Jonnie          Veum
#> 1800        Bernetta O'Conner 2005-08-24      12     Bernetta      O'Conner
#> 1801          Nathaly Streich 2005-04-13     125      Nathaly       Streich
#> 1802            Holland Lynch 2005-06-05     107      Holland         Lynch
#> 1803              Claire Torp 2006-03-26     205       Claire          Torp
#> 1804         Woodie Gleichner 2005-07-06      39       Woodie     Gleichner
#> 1805           Regina Collins 2006-05-11     177       Regina       Collins
#> 1806            Mittie Jacobs 2006-09-03      87       Mittie        Jacobs
#> 1807         Latesha Bernhard 2005-03-31      59      Latesha      Bernhard
#> 1808           Collie Krajcik 2005-07-14     101       Collie       Krajcik
#> 1809         Fronnie Schaefer 2005-08-03      43      Fronnie      Schaefer
#> 1810          Iliana Donnelly 2006-04-24      33       Iliana      Donnelly
#> 1811              Aden Murphy 2005-05-13     113         Aden        Murphy
#> 1812            Oneta Lebsack 2004-11-08     158        Oneta       Lebsack
#> 1813              Cari Renner 2005-11-20     170         Cari        Renner
#> 1814           Katrina Barton 2005-04-11     192      Katrina        Barton
#> 1815            Marla Sanford 2004-05-16     105        Marla       Sanford
#> 1816            Domingo Block 2005-04-13      37      Domingo         Block
#> 1817           Wally Nikolaus 2005-10-14     106        Wally      Nikolaus
#> 1818           Dillon Pollich 2004-09-28      37       Dillon       Pollich
#> 1819            Davian Ledner 2006-01-21      14       Davian        Ledner
#> 1820          Pansy Bergstrom 2005-07-22     186        Pansy     Bergstrom
#> 1821            Yoselin Bauch 2005-10-05      43      Yoselin         Bauch
#> 1822            Rice Prohaska 2006-06-01      47         Rice      Prohaska
#> 1823           Phylis Gaylord 2005-08-25      52       Phylis       Gaylord
#> 1824             Milissa Batz 2006-10-17     167      Milissa          Batz
#> 1825           Oley Schroeder 2004-09-07      37         Oley     Schroeder
#> 1826        Alphonse Champlin 2005-09-26      20     Alphonse      Champlin
#> 1827             Shania Stamm 2005-11-13      53       Shania         Stamm
#> 1828            Parker Bailey 2004-05-12     125       Parker        Bailey
#> 1829        Junior Wintheiser 2005-06-03     218       Junior    Wintheiser
#> 1830            Liliana Haley 2005-06-23     176      Liliana         Haley
#> 1831           Lyndon McClure 2006-04-05     192       Lyndon       McClure
#> 1832         Lillianna Larkin 2006-07-31      79    Lillianna        Larkin
#> 1833              Jaime Nader 2006-01-21      80        Jaime         Nader
#> 1834            Lim Langworth 2005-09-02     153          Lim     Langworth
#> 1835        Luverne Rodriguez 2005-07-05     119      Luverne     Rodriguez
#> 1836       Portia Schamberger 2004-05-30     150       Portia   Schamberger
#> 1837             Savion Rohan 2006-04-02     192       Savion         Rohan
#> 1838             Verna Hudson 2006-09-16     194        Verna        Hudson
#> 1839             Keri Schuppe 2004-04-05     134         Keri       Schuppe
#> 1840            Murray Harvey 2006-01-01      36       Murray        Harvey
#> 1841        Charity Rodriguez 2004-07-15     122      Charity     Rodriguez
#> 1842            Zenas Pacocha 2005-02-06     190        Zenas       Pacocha
#> 1843              Aden Murphy 2005-04-26      29         Aden        Murphy
#> 1844        Tressie Buckridge 2005-11-22     189      Tressie     Buckridge
#> 1845            Gracia Wunsch 2005-09-24      16       Gracia        Wunsch
#> 1846          Santana Bradtke 2004-09-03      52      Santana       Bradtke
#> 1847         Pleasant Ullrich 2004-06-27     212     Pleasant       Ullrich
#> 1848           Bryson Reinger 2004-12-18     107       Bryson       Reinger
#> 1849                Edw Frami 2006-11-17      33          Edw         Frami
#> 1850           Scottie Beahan 2005-04-24     204      Scottie        Beahan
#> 1851              Tad Johnson 2004-06-22     104          Tad       Johnson
#> 1852        Travis Cartwright 2005-06-14      71       Travis    Cartwright
#> 1853             Auther Haley 2005-06-30     100       Auther         Haley
#> 1854            Lorean Stokes 2004-04-19     106       Lorean        Stokes
#> 1855       Sarita Heidenreich 2006-03-01     186       Sarita   Heidenreich
#> 1856           Vinson Tillman 2005-08-28     214       Vinson       Tillman
#> 1857           Bertina Renner 2005-07-16      65      Bertina        Renner
#> 1858             Arletta Jast 2006-07-15      36      Arletta          Jast
#> 1859             Elsie Parker 2005-06-30      77        Elsie        Parker
#> 1860           Karlie Treutel 2004-06-04      25       Karlie       Treutel
#> 1861        Finnegan Franecki 2004-10-13      40     Finnegan      Franecki
#> 1862            Soren Gleason 2004-09-26      73        Soren       Gleason
#> 1863            Lacey Sanford 2004-09-11     197        Lacey       Sanford
#> 1864          Hershel Shields 2005-08-06     111      Hershel       Shields
#> 1865             Essence Metz 2005-08-08      73      Essence          Metz
#> 1866      Jaheem Pfannerstill 2005-04-09      70       Jaheem  Pfannerstill
#> 1867           Theo Buckridge 2004-05-25      28         Theo     Buckridge
#> 1868             Herman Kling 2004-05-19     210       Herman         Kling
#> 1869         Alton Wintheiser 2004-07-16      42        Alton    Wintheiser
#> 1870            Andra Goodwin 2006-12-19      57        Andra       Goodwin
#> 1871      Lyndsey Heidenreich 2004-10-08      94      Lyndsey   Heidenreich
#> 1872        Jerilynn Schulist 2004-09-10      56     Jerilynn      Schulist
#> 1873               Thad Nader 2004-12-01     173         Thad         Nader
#> 1874             Elgin Abbott 2005-06-04     102        Elgin        Abbott
#> 1875             Ruel Ruecker 2005-04-19      37         Ruel       Ruecker
#> 1876            Velda Goyette 2005-09-16     124        Velda       Goyette
#> 1877             Erving Pagac 2005-06-12      92       Erving         Pagac
#> 1878       Georgene Aufderhar 2005-12-16     117     Georgene     Aufderhar
#> 1879          Lakeshia Harris 2005-02-07      24     Lakeshia        Harris
#> 1880            Malaya Russel 2005-08-17      44       Malaya        Russel
#> 1881               Kyle Doyle 2004-04-24     146         Kyle         Doyle
#> 1882          Kelcie Schimmel 2004-05-26      23       Kelcie      Schimmel
#> 1883         Niles Altenwerth 2005-07-27      43        Niles    Altenwerth
#> 1884           Torry Reynolds 2004-03-31     126        Torry      Reynolds
#> 1885               Odie Lakin 2005-10-15     106         Odie         Lakin
#> 1886       Jeannie Rutherford 2005-02-18     101      Jeannie    Rutherford
#> 1887           Skyler Windler 2005-07-08      38       Skyler       Windler
#> 1888           Bush Schroeder 2005-10-21      79         Bush     Schroeder
#> 1889          Stafford Willms 2005-05-26     195     Stafford        Willms
#> 1890      Jacqueline Nikolaus 2006-03-26      18   Jacqueline      Nikolaus
#> 1891           Hosea Schiller 2005-04-02      90        Hosea      Schiller
#> 1892           Kenton Dickens 2004-07-26     120       Kenton       Dickens
#> 1893            Nobie Hermann 2004-12-18      52        Nobie       Hermann
#> 1894         Jessica Connelly 2005-10-17      92      Jessica      Connelly
#> 1895              Suzann Koss 2005-07-06      47       Suzann          Koss
#> 1896         Schuyler Volkman 2004-09-30     159     Schuyler       Volkman
#> 1897               Von Cassin 2004-12-15      64          Von        Cassin
#> 1898         Laisha VonRueden 2004-10-06     115       Laisha     VonRueden
#> 1899                Darl Rice 2005-07-02     143         Darl          Rice
#> 1900           Girtha Douglas 2006-07-19      26       Girtha       Douglas
#> 1901            Alberto Kunze 2005-06-24     110      Alberto         Kunze
#> 1902         Nikolas Shanahan 2006-04-11      56      Nikolas      Shanahan
#> 1903            Marla Sanford 2004-09-21      32        Marla       Sanford
#> 1904          Cato Cartwright 2006-08-09     137         Cato    Cartwright
#> 1905                Lute Batz 2005-08-17     207         Lute          Batz
#> 1906            Velda Goyette 2005-03-22      32        Velda       Goyette
#> 1907            Jazlyn Casper 2004-07-14      38       Jazlyn        Casper
#> 1908           Butler Schmitt 2006-08-31     116       Butler       Schmitt
#> 1909         Collie Greenholt 2005-07-24     139       Collie     Greenholt
#> 1910            Malcolm Bogan 2006-08-13     149      Malcolm         Bogan
#> 1911          Bascom Prosacco 2005-10-06      69       Bascom      Prosacco
#> 1912              Lon Witting 2004-08-20     170          Lon       Witting
#> 1913                Mae O'Kon 2005-12-30     122          Mae         O'Kon
#> 1914            Micayla Kutch 2005-06-30      35      Micayla         Kutch
#> 1915           Katrina Barton 2005-01-13      92      Katrina        Barton
#> 1916             Hilma Little 2006-01-09      36        Hilma        Little
#> 1917             Arletta Jast 2005-08-02     119      Arletta          Jast
#> 1918             Hyman Kemmer 2005-04-12      56        Hyman        Kemmer
#> 1919              Romie Upton 2004-07-23      53        Romie         Upton
#> 1920              Kizzy Doyle 2004-02-28      71        Kizzy         Doyle
#> 1921              Delpha King 2006-11-18      79       Delpha          King
#> 1922          Bascom Prosacco 2004-03-05      11       Bascom      Prosacco
#> 1923         Collie Greenholt 2005-03-09     150       Collie     Greenholt
#> 1924          Toccara Lebsack 2005-05-14     154      Toccara       Lebsack
#> 1925            Pearl Schmidt 2004-10-10     143        Pearl       Schmidt
#> 1926             Gaylen Kiehn 2004-12-27     217       Gaylen         Kiehn
#> 1927              Fount Towne 2006-12-23     124        Fount         Towne
#> 1928           Porsche Mayert 2005-01-08      90      Porsche        Mayert
#> 1929              Jonnie Veum 2004-09-09      90       Jonnie          Veum
#> 1930             Cary McGlynn 2004-09-10     169         Cary       McGlynn
#> 1931          Marissa Goyette 2005-04-09     214      Marissa       Goyette
#> 1932              Carma Wyman 2006-06-29      66        Carma         Wyman
#> 1933              Mila Gibson 2005-09-01     103         Mila        Gibson
#> 1934         Prudie Kertzmann 2004-04-04     106       Prudie     Kertzmann
#> 1935            Liliana Haley 2004-11-24      26      Liliana         Haley
#> 1936         Casandra Krajcik 2005-02-21     201     Casandra       Krajcik
#> 1937              Carma Wyman 2006-05-30     140        Carma         Wyman
#> 1938        Gussie Bartoletti 2006-07-12     206       Gussie    Bartoletti
#> 1939           Brionna Miller 2006-07-10     156      Brionna        Miller
#> 1940          Nathaly Streich 2005-07-04      44      Nathaly       Streich
#> 1941            Isabela Mertz 2006-07-16     216      Isabela         Mertz
#> 1942          Crawford Mayert 2004-01-13     100     Crawford        Mayert
#> 1943              Katlyn Mann 2005-03-01      83       Katlyn          Mann
#> 1944            Rikki Watsica 2005-01-15      94        Rikki       Watsica
#> 1945            Isabela Mertz 2006-09-25     137      Isabela         Mertz
#> 1946             Astrid Bayer 2005-06-16      54       Astrid         Bayer
#> 1947           Karlie Treutel 2006-10-31      85       Karlie       Treutel
#> 1948               Case Weber 2005-04-24      33         Case         Weber
#> 1949        Malcolm Heathcote 2005-02-24     100      Malcolm     Heathcote
#> 1950            Franco Kemmer 2004-08-25     162       Franco        Kemmer
#> 1951             Savion Rohan 2004-12-30      33       Savion         Rohan
#> 1952          Darrian Bartell 2005-03-29      72      Darrian       Bartell
#> 1953              Nada Barton 2004-05-10     110         Nada        Barton
#> 1954             Exie Shields 2005-07-23     205         Exie       Shields
#> 1955          Eddie Armstrong 2004-05-21      53        Eddie     Armstrong
#> 1956              Carma Wyman 2005-04-28      14        Carma         Wyman
#> 1957        Peyton Runolfsson 2004-06-08      55       Peyton    Runolfsson
#> 1958              Kittie Dare 2006-05-12      54       Kittie          Dare
#> 1959            Rikki Watsica 2006-06-30     182        Rikki       Watsica
#> 1960            Andra Goodwin 2005-10-07      51        Andra       Goodwin
#> 1961               Posey Metz 2006-06-30      76        Posey          Metz
#> 1962         Shirlie Nikolaus 2006-06-04     109      Shirlie      Nikolaus
#> 1963             Kolten Wyman 2005-08-23     106       Kolten         Wyman
#> 1964        Alvera Balistreri 2005-02-02     208       Alvera    Balistreri
#> 1965            Mykel Johnson 2006-03-30      22        Mykel       Johnson
#> 1966          Bartley Collier 2004-07-22      32      Bartley       Collier
#> 1967              Davie Hintz 2004-08-17     129        Davie         Hintz
#> 1968             Wong Bradtke 2005-06-20     138         Wong       Bradtke
#> 1969          Piper Buckridge 2005-05-09      62        Piper     Buckridge
#> 1970           Berkley Ernser 2005-01-15     169      Berkley        Ernser
#> 1971             Bobby Corwin 2004-04-25      18        Bobby        Corwin
#> 1972          Saverio Weimann 2004-02-02     100      Saverio       Weimann
#> 1973               Evita Howe 2004-11-26      19        Evita          Howe
#> 1974         Nikolas Shanahan 2004-04-22      36      Nikolas      Shanahan
#> 1975              Odessa Haag 2004-05-22     184       Odessa          Haag
#> 1976               Kyle Doyle 2004-10-04     113         Kyle         Doyle
#> 1977             Marty Wisozk 2006-01-11      40        Marty        Wisozk
#> 1978              Suzann Koss 2005-04-09      11       Suzann          Koss
#> 1979           Tyreke DuBuque 2006-03-03      69       Tyreke       DuBuque
#> 1980             Mimi Goldner 2005-05-14      33         Mimi       Goldner
#> 1981        Rexford Greenholt 2006-06-18     205      Rexford     Greenholt
#> 1982            Trina Gaylord 2006-06-16      48        Trina       Gaylord
#> 1983          Elenora Trantow 2005-07-31     103      Elenora       Trantow
#> 1984               Thad Nader 2005-07-02      77         Thad         Nader
#> 1985              Brion Stark 2005-08-26     104        Brion         Stark
#> 1986           Kendrick Boyle 2006-12-23     119     Kendrick         Boyle
#> 1987             Lydia Willms 2004-08-14     206        Lydia        Willms
#> 1988              Dorris Jast 2004-07-31     213       Dorris          Jast
#> 1989           Diego Gislason 2004-06-30      74        Diego      Gislason
#> 1990         Schuyler Volkman 2004-10-23      33     Schuyler       Volkman
#> 1991              Werner Hahn 2005-05-07     114       Werner          Hahn
#> 1992         Dellar Schroeder 2006-06-20     107       Dellar     Schroeder
#> 1993          Madison Koelpin 2004-04-16     189      Madison       Koelpin
#> 1994           Latoya Stanton 2005-12-25     133       Latoya       Stanton
#> 1995            Tobie Carroll 2004-11-01      33        Tobie       Carroll
#> 1996         Dominik Anderson 2006-07-12     206      Dominik      Anderson
#> 1997           Ned Swaniawski 2004-12-25      34          Ned    Swaniawski
#> 1998          Christal Dooley 2004-06-15     176     Christal        Dooley
#> 1999            Aileen Barton 2005-05-10      37       Aileen        Barton
#> 2000            Hiroshi Terry 2005-06-07      14      Hiroshi         Terry
#> 2001          Lucious Langosh 2004-07-28      38      Lucious       Langosh
#> 2002         Avery Bartoletti 2004-09-26      35        Avery    Bartoletti
#> 2003        Valentine Volkman 2005-05-02     174    Valentine       Volkman
#> 2004              Andra Bosco 2005-02-25      76        Andra         Bosco
#> 2005         Rosevelt Murazik 2004-11-19     108     Rosevelt       Murazik
#> 2006            Nikolai Welch 2005-05-15      35      Nikolai         Welch
#> 2007         Ruthe Macejkovic 2004-08-04      30        Ruthe    Macejkovic
#> 2008             Alcide Rohan 2005-10-31     106       Alcide         Rohan
#> 2009           Latoya Stanton 2006-09-14      48       Latoya       Stanton
#> 2010         Fronnie Schaefer 2004-09-13     157      Fronnie      Schaefer
#> 2011              Ray Stanton 2005-12-09     106          Ray       Stanton
#> 2012               Von Cassin 2005-11-24      77          Von        Cassin
#> 2013             Ras Kshlerin 2004-10-02     106          Ras      Kshlerin
#> 2014          Madison Koelpin 2006-05-14      84      Madison       Koelpin
#> 2015           Letitia Stokes 2005-07-14      57      Letitia        Stokes
#> 2016            Akeelah Walsh 2006-01-15     171      Akeelah         Walsh
#> 2017            Pershing Torp 2005-06-29     215     Pershing          Torp
#> 2018             Aleena Berge 2005-04-04      52       Aleena         Berge
#> 2019            Jeanette Lind 2004-05-07      55     Jeanette          Lind
#> 2020              Sydell West 2006-06-23     125       Sydell          West
#> 2021            Cayden Waters 2005-03-29      30       Cayden        Waters
#> 2022        Peyton Runolfsson 2006-07-10      35       Peyton    Runolfsson
#> 2023          Damarcus Erdman 2004-11-23      64     Damarcus        Erdman
#> 2024           Alyssia Hickle 2005-03-15      57      Alyssia        Hickle
#> 2025        Valentine Volkman 2004-06-01     115    Valentine       Volkman
#> 2026             Essence Metz 2004-01-09      96      Essence          Metz
#> 2027        Egbert McLaughlin 2006-08-14     111       Egbert    McLaughlin
#> 2028     Chastity Greenfelder 2005-08-12      75     Chastity   Greenfelder
#> 2029       Johnathon Schimmel 2005-10-02      17    Johnathon      Schimmel
#> 2030              Vic Volkman 2004-12-16     148          Vic       Volkman
#> 2031           Dorcas Friesen 2005-03-16      30       Dorcas       Friesen
#> 2032           Anastasia Howe 2006-01-26     164    Anastasia          Howe
#> 2033            Lovie Keeling 2006-09-19      95        Lovie       Keeling
#> 2034            Penni Corkery 2004-10-16      62        Penni       Corkery
#> 2035             Tomika Koepp 2005-05-12     124       Tomika         Koepp
#> 2036            Cleveland Fay 2005-06-11     198    Cleveland           Fay
#> 2037              Janeen West 2005-08-02      69       Janeen          West
#> 2038            Gonzalo Jones 2005-04-24      62      Gonzalo         Jones
#> 2039          Earnest Rolfson 2005-05-18      67      Earnest       Rolfson
#> 2040          Devante Gerhold 2005-07-20     145      Devante       Gerhold
#> 2041           Regina Collins 2005-07-10      30       Regina       Collins
#> 2042             Jeffie Johns 2005-12-02      39       Jeffie         Johns
#> 2043         Lovisa Wilkinson 2005-08-05     204       Lovisa     Wilkinson
#> 2044              Werner Hahn 2005-05-09      56       Werner          Hahn
#> 2045          Monique Reichel 2004-07-09      40      Monique       Reichel
#> 2046         Kingston Waelchi 2005-03-30     100     Kingston       Waelchi
#> 2047             Arletta Jast 2005-02-05      59      Arletta          Jast
#> 2048           Delisa Kilback 2006-04-12     188       Delisa       Kilback
#> 2049             Malaya White 2004-10-20      78       Malaya         White
#> 2050           Alvah Bogisich 2004-11-04      93        Alvah      Bogisich
#> 2051             Letta Daniel 2005-05-31     149        Letta        Daniel
#> 2052            Zenas Pacocha 2005-11-21      35        Zenas       Pacocha
#> 2053            Winifred Kris 2005-09-05      19     Winifred          Kris
#> 2054              Odessa Haag 2004-02-15      35       Odessa          Haag
#> 2055          Sherlyn Gutmann 2005-05-23      38      Sherlyn       Gutmann
#> 2056          Maebell Reinger 2005-06-02     116      Maebell       Reinger
#> 2057         Laisha VonRueden 2006-04-12     133       Laisha     VonRueden
#> 2058            Elinor Howell 2004-09-07     134       Elinor        Howell
#> 2059              Halle Davis 2005-09-06      99        Halle         Davis
#> 2060             Jules Jacobi 2005-09-12     159        Jules        Jacobi
#> 2061         Herschel Flatley 2005-05-20     109     Herschel       Flatley
#> 2062            Franco Kemmer 2004-04-23      67       Franco        Kemmer
#> 2063            Domingo Block 2005-08-07      99      Domingo         Block
#> 2064              Kizzy Doyle 2006-04-26     171        Kizzy         Doyle
#> 2065            Lim Langworth 2004-12-05      31          Lim     Langworth
#> 2066             Mimi Goldner 2004-06-24     213         Mimi       Goldner
#> 2067       Tawanda Balistreri 2006-09-19     137      Tawanda    Balistreri
#> 2068        Valentine Volkman 2005-06-17      71    Valentine       Volkman
#> 2069          Hurley Schiller 2005-10-15      82       Hurley      Schiller
#> 2070         Rosevelt Murazik 2006-08-14      75     Rosevelt       Murazik
#> 2071             Essence Metz 2005-03-17     109      Essence          Metz
#> 2072             Tierra Hayes 2006-05-29      21       Tierra         Hayes
#> 2073           Marcus Langosh 2006-06-24     131       Marcus       Langosh
#> 2074          Maebell Reinger 2005-10-09      69      Maebell       Reinger
#> 2075        Lisandro Kassulke 2004-08-28     187     Lisandro      Kassulke
#> 2076              Odessa Haag 2004-10-13     142       Odessa          Haag
#> 2077           Alexis Cormier 2005-07-08      99       Alexis       Cormier
#> 2078           Kenton Dickens 2004-06-25      83       Kenton       Dickens
#> 2079              Janel Koepp 2006-03-21      16        Janel         Koepp
#> 2080           Rosanne Maggio 2005-05-15      40      Rosanne        Maggio
#> 2081            Stetson Ferry 2004-05-30      53      Stetson         Ferry
#> 2082             Kacie Miller 2006-07-15     211        Kacie        Miller
#> 2083              Rose Kuphal 2006-10-23     105         Rose        Kuphal
#> 2084           Jabbar Dickens 2005-06-23      23       Jabbar       Dickens
#> 2085             Tera Collins 2005-07-03     174         Tera       Collins
#> 2086          Lassie Lindgren 2004-06-29     157       Lassie      Lindgren
#> 2087          Pansy Bergstrom 2006-03-02      49        Pansy     Bergstrom
#> 2088             Letta Daniel 2006-07-23      34        Letta        Daniel
#> 2089             Claire Terry 2005-08-07     198       Claire         Terry
#> 2090           Somer Turcotte 2004-05-30      73        Somer      Turcotte
#> 2091           Tyreke DuBuque 2004-10-28     108       Tyreke       DuBuque
#> 2092           Britany O'Hara 2006-01-03      21      Britany        O'Hara
#> 2093          Elmyra Schaefer 2004-05-16     177       Elmyra      Schaefer
#> 2094              Jonnie Veum 2004-08-05     123       Jonnie          Veum
#> 2095            Velda Goyette 2006-08-02      66        Velda       Goyette
#> 2096             Cali Weimann 2005-05-30      79         Cali       Weimann
#> 2097          Krista Hartmann 2004-08-31      79       Krista      Hartmann
#> 2098           Lisandro Swift 2005-02-13      25     Lisandro         Swift
#> 2099              Carma Wyman 2005-04-23      64        Carma         Wyman
#> 2100            Forest Pouros 2005-02-02     144       Forest        Pouros
#> 2101            Halbert Nolan 2005-08-02      38      Halbert         Nolan
#> 2102            Mykel Johnson 2005-08-20      32        Mykel       Johnson
#> 2103           Jacquez Jacobs 2004-11-24      32      Jacquez        Jacobs
#> 2104        Gianna Stiedemann 2005-02-21      28       Gianna    Stiedemann
#> 2105              Trudie Mraz 2005-01-26      32       Trudie          Mraz
#> 2106            Fount Flatley 2005-12-15     176        Fount       Flatley
#> 2107            Lary Champlin 2004-02-02     159         Lary      Champlin
#> 2108              Elam Hirthe 2004-06-18      39         Elam        Hirthe
#> 2109             Shirl Wisozk 2004-12-05      33        Shirl        Wisozk
#> 2110          Elenora Trantow 2005-08-07      51      Elenora       Trantow
#> 2111               Tripp Batz 2004-05-04      46        Tripp          Batz
#> 2112            Sonny Dickens 2005-04-17      49        Sonny       Dickens
#> 2113         Zakary Gleichner 2004-03-15      54       Zakary     Gleichner
#> 2114           Kendrick Boyle 2005-06-13      64     Kendrick         Boyle
#> 2115           Burke Connelly 2005-11-23      69        Burke      Connelly
#> 2116               Donta Veum 2005-04-08      44        Donta          Veum
#> 2117              Lupe Kohler 2005-07-15     201         Lupe        Kohler
#> 2118            Keenen Parker 2005-04-22      40       Keenen        Parker
#> 2119            Mykel Johnson 2004-09-02      25        Mykel       Johnson
#> 2120               Zeno Lakin 2005-07-25      38         Zeno         Lakin
#> 2121              Delpha King 2005-05-12     206       Delpha          King
#> 2122          Mitzi Bergstrom 2005-06-09      21        Mitzi     Bergstrom
#> 2123       Zechariah Gislason 2006-06-07     168    Zechariah      Gislason
#> 2124           Murl Wilkinson 2004-05-07     128         Murl     Wilkinson
#> 2125        Alphonse Champlin 2005-05-17      44     Alphonse      Champlin
#> 2126             Link Carroll 2005-08-18     189         Link       Carroll
#> 2127           Londyn Reinger 2005-01-06      53       Londyn       Reinger
#> 2128           Grecia Schultz 2006-02-03      77       Grecia       Schultz
#> 2129            Kenji Cormier 2005-06-18     138        Kenji       Cormier
#> 2130            Forest Pouros 2004-05-10     211       Forest        Pouros
#> 2131          Candido Krajcik 2004-11-17      33      Candido       Krajcik
#> 2132             Vivien Bauch 2004-12-07     156       Vivien         Bauch
#> 2133        Paulo Stoltenberg 2005-08-03      79        Paulo   Stoltenberg
#> 2134              Myer Stokes 2004-07-30     156         Myer        Stokes
#> 2135           Alex Armstrong 2004-06-20     137         Alex     Armstrong
#> 2136              Romeo Sauer 2004-10-16     149        Romeo         Sauer
#> 2137      Maralyn Greenfelder 2004-09-07     118      Maralyn   Greenfelder
#> 2138            Trina Gaylord 2005-06-08      39        Trina       Gaylord
#> 2139             Pat Nitzsche 2006-07-22      49          Pat      Nitzsche
#> 2140          Eller Marquardt 2005-08-29     145        Eller     Marquardt
#> 2141      Cristofer VonRueden 2005-01-03     156    Cristofer     VonRueden
#> 2142             Starr Corwin 2005-12-20      52        Starr        Corwin
#> 2143             Elgin Abbott 2005-05-15     131        Elgin        Abbott
#> 2144          Dominick Jewess 2004-12-12     208     Dominick        Jewess
#> 2145             Toney Marvin 2004-09-08     160        Toney        Marvin
#> 2146           Latoya Stanton 2006-12-10      51       Latoya       Stanton
#> 2147        Tressie Buckridge 2004-10-19     164      Tressie     Buckridge
#> 2148         Ruthe Macejkovic 2005-04-05      54        Ruthe    Macejkovic
#> 2149             Mikeal Block 2004-07-08      97       Mikeal         Block
#> 2150            Lashawn Hoppe 2004-05-13      49      Lashawn         Hoppe
#> 2151          Sherlyn Gutmann 2005-09-07     109      Sherlyn       Gutmann
#> 2152        Vivian McLaughlin 2005-06-24      79       Vivian    McLaughlin
#> 2153            Elizah Abbott 2006-09-20      74       Elizah        Abbott
#> 2154        Geralyn Rosenbaum 2005-09-21     190      Geralyn     Rosenbaum
#> 2155           Karren Schuppe 2004-12-22     128       Karren       Schuppe
#> 2156            Ossie Schaden 2005-08-08      51        Ossie       Schaden
#> 2157             Hampton Rath 2005-02-13     181      Hampton          Rath
#> 2158          Eller Marquardt 2004-09-09     206        Eller     Marquardt
#> 2159           Harris Pollich 2006-09-20     213       Harris       Pollich
#> 2160          Elenora Trantow 2006-07-12     219      Elenora       Trantow
#> 2161              Wendi Purdy 2005-08-28     209        Wendi         Purdy
#> 2162         Nathanael Wisozk 2004-03-24     191    Nathanael        Wisozk
#> 2163           Emmaline Stark 2006-08-24      53     Emmaline         Stark
#> 2164            Braiden Bogan 2004-12-26      48      Braiden         Bogan
#> 2165             Tomika Koepp 2004-08-16      61       Tomika         Koepp
#> 2166             Elaine Emard 2005-09-07      76       Elaine         Emard
#> 2167             Letta Daniel 2006-04-13      63        Letta        Daniel
#> 2168            Bernard Bruen 2006-05-08     179      Bernard         Bruen
#> 2169           Mallory Dooley 2005-11-27      33      Mallory        Dooley
#> 2170           Orpha Bernhard 2004-04-04      64        Orpha      Bernhard
#> 2171            Mittie Jacobs 2004-08-14      15       Mittie        Jacobs
#> 2172          Aryan Bahringer 2004-04-07      16        Aryan     Bahringer
#> 2173        Charity Rodriguez 2006-01-15      67      Charity     Rodriguez
#> 2174           Goldie Smitham 2005-06-27     136       Goldie       Smitham
#> 2175               Bessie Kub 2004-12-21      33       Bessie           Kub
#> 2176              Elias Huels 2004-09-09      79        Elias         Huels
#> 2177           Agness O'Keefe 2005-06-06      44       Agness       O'Keefe
#> 2178            Willian Runte 2005-10-01      33      Willian         Runte
#> 2179     Jammie Runolfsdottir 2005-12-07      48       Jammie Runolfsdottir
#> 2180              Fount Towne 2005-10-18      75        Fount         Towne
#> 2181         Zakary Gleichner 2005-08-27      27       Zakary     Gleichner
#> 2182              Grady Beier 2004-04-07      77        Grady         Beier
#> 2183           Britany O'Hara 2006-12-13      35      Britany        O'Hara
#> 2184          Keri Williamson 2005-12-23     143         Keri    Williamson
#> 2185           Caylee Carroll 2005-08-09     106       Caylee       Carroll
#> 2186         Buffy Williamson 2005-11-18     115        Buffy    Williamson
#> 2187        Maura Schamberger 2006-04-09      45        Maura   Schamberger
#> 2188               Tia Zulauf 2006-08-04     118          Tia        Zulauf
#> 2189          Arlyn Dickinson 2004-12-29      41        Arlyn     Dickinson
#> 2190             Anice O'Hara 2005-07-16     187        Anice        O'Hara
#> 2191            Akeelah Walsh 2004-12-18     150      Akeelah         Walsh
#> 2192             Trudy Stokes 2004-12-28     165        Trudy        Stokes
#> 2193             Pink Murazik 2005-10-08      33         Pink       Murazik
#> 2194                Shea Feil 2004-09-21      30         Shea          Feil
#> 2195            Robbin Herzog 2005-07-31     106       Robbin        Herzog
#> 2196             Kenny Wisozk 2005-05-30     116        Kenny        Wisozk
#> 2197           Sharyn Barrows 2005-03-07     103       Sharyn       Barrows
#> 2198             Lucetta Auer 2006-05-16      40      Lucetta          Auer
#> 2199        Jarred Stiedemann 2005-03-02      58       Jarred    Stiedemann
#> 2200              Odis Schoen 2004-08-16      58         Odis        Schoen
#> 2201          Kylie Kertzmann 2005-06-25     173        Kylie     Kertzmann
#> 2202          Santana Bradtke 2005-08-29      45      Santana       Bradtke
#> 2203          Bennett Gleason 2006-06-12      37      Bennett       Gleason
#> 2204              Jessy Emard 2004-04-21     195        Jessy         Emard
#> 2205         Dominik Anderson 2004-08-19      68      Dominik      Anderson
#> 2206           Jerrell Wisozk 2005-10-15      17      Jerrell        Wisozk
#> 2207              Noma Hessel 2005-07-23     151         Noma        Hessel
#> 2208           Jensen Cormier 2005-10-25     137       Jensen       Cormier
#> 2209              Handy Walsh 2004-04-11     107        Handy         Walsh
#> 2210               Ewart Haag 2006-07-16      48        Ewart          Haag
#> 2211        Laurene Considine 2005-06-07      31      Laurene     Considine
#> 2212           Christal Wolff 2005-02-12     124     Christal         Wolff
#> 2213         Schuyler Volkman 2004-08-05      27     Schuyler       Volkman
#> 2214           Zander Lebsack 2006-06-10     118       Zander       Lebsack
#> 2215         Elian Vandervort 2006-06-19     116        Elian    Vandervort
#> 2216              Romie Upton 2006-07-02      17        Romie         Upton
#> 2217           Latifah Carter 2005-06-03     151      Latifah        Carter
#> 2218            Pearl Schmidt 2004-05-17     127        Pearl       Schmidt
#> 2219              Dorris Jast 2005-02-13     104       Dorris          Jast
#> 2220         Elian Vandervort 2005-05-19      19        Elian    Vandervort
#> 2221            Irwin Ritchie 2004-05-15     164        Irwin       Ritchie
#> 2222            Jazmin Harvey 2005-09-26     176       Jazmin        Harvey
#> 2223             Taylor Crist 2006-04-14      67       Taylor         Crist
#> 2224           Yetta Gorczany 2004-01-13      38        Yetta      Gorczany
#> 2225             Astrid Bayer 2005-09-18      31       Astrid         Bayer
#> 2226               Bessie Kub 2005-07-31      49       Bessie           Kub
#> 2227          Michell Gerlach 2006-03-02     208      Michell       Gerlach
#> 2228            Odelia Rippin 2005-03-11     139       Odelia        Rippin
#> 2229           Shelton Hudson 2005-02-17      24      Shelton        Hudson
#> 2230              Kraig Hayes 2005-03-28     162        Kraig         Hayes
#> 2231            Irwin Ritchie 2006-07-25      54        Irwin       Ritchie
#> 2232               Tripp Batz 2006-03-15     173        Tripp          Batz
#> 2233               Donta Veum 2005-08-03     180        Donta          Veum
#> 2234      Verlin Christiansen 2005-12-07      66       Verlin  Christiansen
#> 2235           Manuel DuBuque 2005-12-31      25       Manuel       DuBuque
#> 2236          Ryland Predovic 2005-10-21     163       Ryland      Predovic
#> 2237            Lary Champlin 2005-08-19      67         Lary      Champlin
#> 2238              Vito Ernser 2006-04-09      30         Vito        Ernser
#> 2239           Kendal Wiegand 2005-10-04     110       Kendal       Wiegand
#> 2240              Delpha King 2004-07-07      56       Delpha          King
#> 2241             Jules Jacobi 2005-02-18      37        Jules        Jacobi
#> 2242      Maralyn Greenfelder 2005-05-08      52      Maralyn   Greenfelder
#> 2243            Cletus Corwin 2005-06-21      59       Cletus        Corwin
#> 2244           Hosea Schiller 2005-09-13     138        Hosea      Schiller
#> 2245          Quintin Tillman 2004-06-15      40      Quintin       Tillman
#> 2246               Posey Metz 2004-08-06      30        Posey          Metz
#> 2247          Devante Gerhold 2004-04-14     214      Devante       Gerhold
#> 2248        Bonny Breitenberg 2005-04-08     149        Bonny   Breitenberg
#> 2249         Kamron Halvorson 2005-11-23      65       Kamron     Halvorson
#> 2250             Arletta Jast 2004-08-10      47      Arletta          Jast
#> 2251          Madison Koelpin 2004-08-13     115      Madison       Koelpin
#> 2252           Fredrick Klein 2004-08-01      39     Fredrick         Klein
#> 2253            Myrtis Larkin 2006-08-21      62       Myrtis        Larkin
#> 2254           Nico Dickinson 2004-09-15      20         Nico     Dickinson
#> 2255            Tobie Carroll 2006-01-21      72        Tobie       Carroll
#> 2256         Herschel Flatley 2004-12-19      76     Herschel       Flatley
#> 2257               Ewart Haag 2004-09-06     155        Ewart          Haag
#> 2258               Drew Rohan 2005-10-04      71         Drew         Rohan
#> 2259              Elam Hirthe 2004-12-03      48         Elam        Hirthe
#> 2260               Murl Dicki 2006-07-06      43         Murl         Dicki
#> 2261            Manilla Braun 2005-10-28     200      Manilla         Braun
#> 2262          Hunter Botsford 2005-04-27     167       Hunter      Botsford
#> 2263          Iyanna Schmeler 2005-07-31     213       Iyanna      Schmeler
#> 2264            Bernard Bruen 2004-05-30     114      Bernard         Bruen
#> 2265            Imelda Harber 2005-04-21     143       Imelda        Harber
#> 2266              Michal Feil 2005-09-24      39       Michal          Feil
#> 2267            Braiden Bogan 2005-09-08     193      Braiden         Bogan
#> 2268           Christal Wolff 2005-07-23      60     Christal         Wolff
#> 2269           Leyla Dietrich 2004-07-24     136        Leyla      Dietrich
#> 2270              Tamia Hills 2004-11-24      78        Tamia         Hills
#> 2271             Starr Corwin 2005-03-23      22        Starr        Corwin
#> 2272            Akeelah Walsh 2005-09-18      32      Akeelah         Walsh
#> 2273            Woodson Klein 2005-06-14     178      Woodson         Klein
#> 2274          Marissa Goyette 2005-03-12     111      Marissa       Goyette
#> 2275          Hassie Schiller 2004-03-30      60       Hassie      Schiller
#> 2276             Amina Renner 2005-05-22     123        Amina        Renner
#> 2277           Latrice Stokes 2005-02-16      65      Latrice        Stokes
#> 2278             Hosie Howell 2005-11-05      32        Hosie        Howell
#> 2279              Jerod Berge 2004-11-15      69        Jerod         Berge
#> 2280              Elias Huels 2004-06-10      64        Elias         Huels
#> 2281            Akeelah Walsh 2004-11-21     208      Akeelah         Walsh
#> 2282          Quintin Tillman 2006-03-20     177      Quintin       Tillman
#> 2283        Cristine Baumbach 2005-11-19      54     Cristine      Baumbach
#> 2284           Ethyl Botsford 2005-09-25      80        Ethyl      Botsford
#> 2285           Regina Collins 2005-09-27      55       Regina       Collins
#> 2286         Lorelai Parisian 2005-06-02     187      Lorelai      Parisian
#> 2287           Harlon Rolfson 2005-07-12     201       Harlon       Rolfson
#> 2288             Mettie Green 2005-03-18     214       Mettie         Green
#> 2289            Dell Baumbach 2005-01-13      66         Dell      Baumbach
#> 2290                Edw Frami 2005-11-08      15          Edw         Frami
#> 2291             Ginger Stamm 2006-06-10      36       Ginger         Stamm
#> 2292           Alferd Ziemann 2005-09-09     203       Alferd       Ziemann
#> 2293      Chadrick Williamson 2005-08-11      30     Chadrick    Williamson
#> 2294        Cristine Baumbach 2005-09-26     202     Cristine      Baumbach
#> 2295            Marla Sanford 2005-05-05     206        Marla       Sanford
#> 2296               Murl Dicki 2004-03-02     190         Murl         Dicki
#> 2297         Alton Wintheiser 2005-09-04      55        Alton    Wintheiser
#> 2298            Dell Mitchell 2005-09-30      84         Dell      Mitchell
#> 2299          Danika Schulist 2005-10-05     103       Danika      Schulist
#> 2300           Friend Stracke 2005-03-27     105       Friend       Stracke
#> 2301             Link Carroll 2004-09-23      44         Link       Carroll
#> 2302            Elinor Howell 2005-08-16     120       Elinor        Howell
#> 2303             Kolten Wyman 2004-01-02     149       Kolten         Wyman
#> 2304         Dustyn Rodriguez 2005-10-18      42       Dustyn     Rodriguez
#> 2305             Ila Leuschke 2005-08-11     117          Ila      Leuschke
#> 2306            Aileen Barton 2004-07-25      34       Aileen        Barton
#> 2307            Braiden Bogan 2004-09-15      30      Braiden         Bogan
#> 2308               Moe Sawayn 2005-07-01     105          Moe        Sawayn
#> 2309          Iliana O'Conner 2005-03-07     110       Iliana      O'Conner
#> 2310           Ewart Luettgen 2005-07-03      70        Ewart      Luettgen
#> 2311            Jadiel Wunsch 2005-05-26     189       Jadiel        Wunsch
#> 2312              Juana Bogan 2005-08-10      60        Juana         Bogan
#> 2313           Britany O'Hara 2006-11-03     145      Britany        O'Hara
#> 2314             Arletta Jast 2005-11-15     181      Arletta          Jast
#> 2315        Carmella Schiller 2006-06-14      12     Carmella      Schiller
#> 2316         Dellar Schroeder 2006-06-07      43       Dellar     Schroeder
#> 2317           Alferd Ziemann 2005-05-29     194       Alferd       Ziemann
#> 2318         Jesse Schowalter 2004-04-16     170        Jesse    Schowalter
#> 2319              Karren Funk 2005-09-11     136       Karren          Funk
#> 2320           Londyn Reinger 2004-07-07     155       Londyn       Reinger
#> 2321            Braiden Bogan 2005-04-08     176      Braiden         Bogan
#> 2322        Haleigh Wilkinson 2004-02-03     172      Haleigh     Wilkinson
#> 2323         Braydon Lindgren 2006-07-08     188      Braydon      Lindgren
#> 2324           Alexis Cormier 2005-01-19      84       Alexis       Cormier
#> 2325           Ned Swaniawski 2005-11-30      57          Ned    Swaniawski
#> 2326            Joe McDermott 2005-09-09      61          Joe     McDermott
#> 2327             Linn Schuppe 2006-06-14      56         Linn       Schuppe
#> 2328              Laila Bayer 2006-10-20      42        Laila         Bayer
#> 2329             Shea Gerlach 2006-02-26      30         Shea       Gerlach
#> 2330             Letta Daniel 2005-07-26     212        Letta        Daniel
#> 2331           Kendal Wiegand 2006-01-12     211       Kendal       Wiegand
#> 2332           Goldie Smitham 2004-07-18     199       Goldie       Smitham
#> 2333             Cali Weimann 2004-12-18     127         Cali       Weimann
#> 2334               Trudy Rath 2004-05-12      35        Trudy          Rath
#> 2335           Somer Turcotte 2004-05-27     186        Somer      Turcotte
#> 2336           Darci Schaefer 2004-10-05     176        Darci      Schaefer
#> 2337           Leyla Dietrich 2004-07-24     118        Leyla      Dietrich
#> 2338            Bernard Bruen 2005-10-30      76      Bernard         Bruen
#> 2339           Kendal Wiegand 2006-08-16     101       Kendal       Wiegand
#> 2340              Ariel Yundt 2005-09-06      31        Ariel         Yundt
#> 2341             Buddie Terry 2005-12-30     111       Buddie         Terry
#> 2342             Wilkie Moore 2004-09-16     114       Wilkie         Moore
#> 2343         Alwina Wilkinson 2005-06-07     141       Alwina     Wilkinson
#> 2344               Aden Lesch 2004-11-14     109         Aden         Lesch
#> 2345                Dema Beer 2005-03-15     116         Dema          Beer
#> 2346        Anabel Jakubowski 2005-12-18     141       Anabel    Jakubowski
#> 2347              Delpha King 2006-08-18      65       Delpha          King
#> 2348            Soren Gleason 2004-06-02     158        Soren       Gleason
#> 2349        Amaris Williamson 2004-07-22     118       Amaris    Williamson
#> 2350               Case Weber 2004-03-19      56         Case         Weber
#> 2351            Rakeem Harvey 2004-07-16      19       Rakeem        Harvey
#> 2352             Milissa Batz 2005-12-04     109      Milissa          Batz
#> 2353        Ginger Wintheiser 2004-10-17      34       Ginger    Wintheiser
#> 2354             Taylor Crist 2004-12-28      58       Taylor         Crist
#> 2355         Shoji Wintheiser 2005-06-07      49        Shoji    Wintheiser
#> 2356            Etta Franecki 2004-07-02     203         Etta      Franecki
#> 2357          Pansy Bergstrom 2006-04-08      48        Pansy     Bergstrom
#> 2358              Suzann Koss 2005-07-27      69       Suzann          Koss
#> 2359        Mariano Lueilwitz 2004-02-29      21      Mariano     Lueilwitz
#> 2360           Tallie Gleason 2005-06-03     196       Tallie       Gleason
#> 2361           Latoya Stanton 2005-08-17      22       Latoya       Stanton
#> 2362            Virgel Grimes 2006-05-17      38       Virgel        Grimes
#> 2363          Christal Dooley 2005-07-12      31     Christal        Dooley
#> 2364             Ferd Stroman 2005-08-28     140         Ferd       Stroman
#> 2365             Hampton Rath 2005-03-14     113      Hampton          Rath
#> 2366      Hayleigh Swaniawski 2005-05-10     128     Hayleigh    Swaniawski
#> 2367             Sylva Littel 2005-08-23     190        Sylva        Littel
#> 2368          Celestino Bosco 2005-10-22     165    Celestino         Bosco
#> 2369           Zackery Spinka 2005-05-11      24      Zackery        Spinka
#> 2370              Karren Funk 2005-10-08     170       Karren          Funk
#> 2371         Kordell Hartmann 2005-09-09     158      Kordell      Hartmann
#> 2372       Georgene Aufderhar 2005-05-18      19     Georgene     Aufderhar
#> 2373            Dow Halvorson 2004-07-23     110          Dow     Halvorson
#> 2374            Arnett Waters 2005-04-30      49       Arnett        Waters
#> 2375              Vernie Ryan 2005-08-18     102       Vernie          Ryan
#> 2376      Jaheem Pfannerstill 2006-07-31      43       Jaheem  Pfannerstill
#> 2377        Rexford Greenholt 2005-07-29      56      Rexford     Greenholt
#> 2378               Case Weber 2004-06-05     162         Case         Weber
#> 2379            Jerold Sporer 2005-04-23      72       Jerold        Sporer
#> 2380        Alpheus Wilkinson 2005-11-21      29      Alpheus     Wilkinson
#> 2381            Willian Runte 2006-07-27     110      Willian         Runte
#> 2382         Julisa Halvorson 2006-06-10      47       Julisa     Halvorson
#> 2383            Deonte Zemlak 2006-09-27     122       Deonte        Zemlak
#> 2384          Kristian Heaney 2005-02-18     214     Kristian        Heaney
#> 2385            Gonzalo Jones 2005-03-12      25      Gonzalo         Jones
#> 2386          Elmyra Schaefer 2004-11-15     109       Elmyra      Schaefer
#> 2387        Geoffrey Reichert 2004-07-22      23     Geoffrey      Reichert
#> 2388            Domingo Block 2005-05-31     130      Domingo         Block
#> 2389             Carmel Emard 2006-07-02      91       Carmel         Emard
#> 2390                Katy King 2005-03-20      40         Katy          King
#> 2391       Tawanda Balistreri 2004-07-01     149      Tawanda    Balistreri
#> 2392          Hurley Schiller 2005-04-29     176       Hurley      Schiller
#> 2393           Harlon Rolfson 2004-05-11      17       Harlon       Rolfson
#> 2394        Darrell Heathcote 2005-08-30      33      Darrell     Heathcote
#> 2395           Dyllan Osinski 2006-11-14     155       Dyllan       Osinski
#> 2396            Michal Murphy 2005-09-16      76       Michal        Murphy
#> 2397            Hollie Crooks 2005-05-19     146       Hollie        Crooks
#> 2398         Madyson Bergnaum 2005-10-09      50      Madyson      Bergnaum
#> 2399           Cameron Abbott 2006-07-04      66      Cameron        Abbott
#> 2400             Kem Medhurst 2005-08-13      73          Kem      Medhurst
#> 2401         Verlene Emmerich 2005-03-18      20      Verlene      Emmerich
#> 2402              Sadie Upton 2006-08-02     189        Sadie         Upton
#> 2403        Maura Schamberger 2005-04-23      40        Maura   Schamberger
#> 2404           Torry Reynolds 2005-07-14     121        Torry      Reynolds
#> 2405           Jovita Reinger 2004-04-09      52       Jovita       Reinger
#> 2406         Marrion Emmerich 2006-06-03      51      Marrion      Emmerich
#> 2407           Somer Turcotte 2004-03-28     118        Somer      Turcotte
#> 2408          Toccara Lebsack 2006-06-05      52      Toccara       Lebsack
#> 2409              Kraig Hayes 2006-07-01      30        Kraig         Hayes
#> 2410              Jonnie Veum 2004-06-10     121       Jonnie          Veum
#> 2411     Charolette McDermott 2006-08-14      82   Charolette     McDermott
#> 2412           Charlton Kutch 2006-08-18     105     Charlton         Kutch
#> 2413          Shantel Jenkins 2004-05-24      75      Shantel       Jenkins
#> 2414               Flem Kozey 2005-05-13      60         Flem         Kozey
#> 2415           Lyndon McClure 2005-05-18     119       Lyndon       McClure
#> 2416             Shirl Wisozk 2005-03-02      36        Shirl        Wisozk
#> 2417            Keenen Parker 2006-03-22      54       Keenen        Parker
#> 2418        Amaris Williamson 2005-06-18      30       Amaris    Williamson
#> 2419           Cali Considine 2006-01-16     146         Cali     Considine
#> 2420              Romie Upton 2005-06-20     156        Romie         Upton
#> 2421           Izetta Stracke 2005-05-04      96       Izetta       Stracke
#> 2422        Maura Schamberger 2005-11-16      52        Maura   Schamberger
#> 2423            Perley Renner 2005-07-28      22       Perley        Renner
#> 2424               Ean Raynor 2005-08-19      30          Ean        Raynor
#> 2425         Julisa Halvorson 2006-03-16      71       Julisa     Halvorson
#> 2426             Joana Kemmer 2005-05-12      38        Joana        Kemmer
#> 2427         Miguelangel Dach 2004-12-23      29  Miguelangel          Dach
#> 2428             Michale Howe 2005-07-12     116      Michale          Howe
#> 2429         Barrett Turcotte 2004-03-23     127      Barrett      Turcotte
#> 2430              Jaime Nader 2005-09-10      41        Jaime         Nader
#> 2431           Arnoldo Grimes 2006-03-24     125      Arnoldo        Grimes
#> 2432          Jeramiah Cronin 2005-04-19     116     Jeramiah        Cronin
#> 2433                Noma Dare 2005-04-27      67         Noma          Dare
#> 2434           Mervin Pfeffer 2005-03-23     118       Mervin       Pfeffer
#> 2435           Oralia Kilback 2006-07-02     128       Oralia       Kilback
#> 2436             Jules Harber 2004-07-03      40        Jules        Harber
#> 2437         Pleasant Ullrich 2006-02-15     186     Pleasant       Ullrich
#> 2438            Liliana Haley 2005-05-08     158      Liliana         Haley
#> 2439            Elinore Doyle 2005-05-19      75      Elinore         Doyle
#> 2440         Casandra Krajcik 2005-05-15      25     Casandra       Krajcik
#> 2441             Milissa Batz 2005-10-17     188      Milissa          Batz
#> 2442            Aileen Barton 2006-07-03      81       Aileen        Barton
#> 2443            Tegan Farrell 2005-10-27      16        Tegan       Farrell
#> 2444             Vick Okuneva 2004-05-06     165         Vick       Okuneva
#> 2445             Aleena Berge 2006-09-20     159       Aleena         Berge
#> 2446        Madelyn Hermiston 2006-03-31     144      Madelyn     Hermiston
#> 2447           Ethyl Botsford 2005-07-09     190        Ethyl      Botsford
#> 2448            Sonny Dickens 2004-05-01     118        Sonny       Dickens
#> 2449        Laurene Considine 2004-09-26     166      Laurene     Considine
#> 2450              Tad Johnson 2005-09-08     151          Tad       Johnson
#> 2451           Jensen Cormier 2006-05-09      47       Jensen       Cormier
#> 2452         Susannah Bernier 2006-07-13     218     Susannah       Bernier
#> 2453            Lorean Stokes 2005-06-30     204       Lorean        Stokes
#> 2454            Isabela Mertz 2004-09-12      46      Isabela         Mertz
#> 2455               Aden Lesch 2005-04-17     149         Aden         Lesch
#> 2456            Blair Cormier 2005-08-04     106        Blair       Cormier
#> 2457        Bonny Breitenberg 2004-06-01      31        Bonny   Breitenberg
#> 2458            Andra Goodwin 2005-04-25      19        Andra       Goodwin
#> 2459           Friend Stracke 2005-04-07      11       Friend       Stracke
#> 2460            Florine Jones 2005-07-13      41      Florine         Jones
#> 2461              Alva Klocko 2004-04-27     182         Alva        Klocko
#> 2462          Gerold Bernhard 2004-08-15      26       Gerold      Bernhard
#> 2463             Jayden Hayes 2004-07-09     103       Jayden         Hayes
#> 2464          Grisel Reichert 2004-08-10      43       Grisel      Reichert
#> 2465            Hardy Leannon 2005-10-13      68        Hardy       Leannon
#> 2466              Halle Davis 2006-05-01      28        Halle         Davis
#> 2467             Lesta Carter 2004-04-25      33        Lesta        Carter
#> 2468           Janiyah Cassin 2005-10-21      11      Janiyah        Cassin
#> 2469              Odie Jacobs 2005-09-03     130         Odie        Jacobs
#> 2470           Colin Prohaska 2004-04-11      36        Colin      Prohaska
#> 2471              Cari Renner 2005-07-04     200         Cari        Renner
#> 2472         Rolla Hodkiewicz 2005-06-15     123        Rolla    Hodkiewicz
#> 2473          Lakeshia Harris 2005-04-13      44     Lakeshia        Harris
#> 2474             Hansel Kiehn 2004-08-15      60       Hansel         Kiehn
#> 2475           Jeremie Wehner 2006-06-28      14      Jeremie        Wehner
#> 2476            Davian Ledner 2006-06-15      44       Davian        Ledner
#> 2477         Hildegard Murray 2004-09-04     148    Hildegard        Murray
#> 2478             Erin Zboncak 2006-12-05      47         Erin       Zboncak
#> 2479            Marla Sanford 2005-09-20     124        Marla       Sanford
#> 2480                Kelis Rau 2004-04-09     110        Kelis           Rau
#> 2481           Mahlon Pfeffer 2004-12-31     114       Mahlon       Pfeffer
#> 2482              Romie Upton 2006-07-10      57        Romie         Upton
#> 2483        Tressie Buckridge 2005-05-13     115      Tressie     Buckridge
#> 2484           Brionna Miller 2004-07-20      66      Brionna        Miller
#> 2485              Handy Walsh 2004-05-19      16        Handy         Walsh
#> 2486           Humphrey Grant 2006-07-20      81     Humphrey         Grant
#> 2487               Rohan Wolf 2004-12-20     143        Rohan          Wolf
#> 2488              Lissa White 2004-09-24      81        Lissa         White
#> 2489           Marti Johnston 2005-04-23      73        Marti      Johnston
#> 2490            Rob Wilderman 2005-04-16      34          Rob     Wilderman
#> 2491            Elinore Doyle 2004-04-30      51      Elinore         Doyle
#> 2492        Alphonse Champlin 2004-04-01      26     Alphonse      Champlin
#> 2493              Tamia Hills 2004-08-04     201        Tamia         Hills
#> 2494            Soren Gleason 2006-09-19     117        Soren       Gleason
#> 2495            Rosina Abbott 2005-03-12      32       Rosina        Abbott
#> 2496         Rosevelt Murazik 2005-02-06     197     Rosevelt       Murazik
#> 2497              Imani Swift 2004-04-13     121        Imani         Swift
#> 2498             Byrd Abshire 2006-08-03      43         Byrd       Abshire
#> 2499          Mansfield Boyle 2005-05-25      98    Mansfield         Boyle
#> 2500         Jevon Rutherford 2005-12-05     128        Jevon    Rutherford
#> 2501            Yoselin Bauch 2005-07-17     129      Yoselin         Bauch
#> 2502             Clemens Torp 2005-07-06      47      Clemens          Torp
#> 2503              Vic Volkman 2004-06-15      10          Vic       Volkman
#> 2504            Isabela Mertz 2004-10-16     208      Isabela         Mertz
#> 2505           Latifah Carter 2006-08-07      81      Latifah        Carter
#> 2506              Tracy Feest 2004-09-29      69        Tracy         Feest
#> 2507           Skyler Windler 2006-09-20     217       Skyler       Windler
#> 2508            Joelle Deckow 2004-05-26     155       Joelle        Deckow
#> 2509           Oralia Kilback 2005-01-19      52       Oralia       Kilback
#> 2510          Lakeshia Harris 2005-06-30      73     Lakeshia        Harris
#> 2511          Halley Johnston 2005-11-27      30       Halley      Johnston
#> 2512             Glennis Howe 2005-04-29      49      Glennis          Howe
#> 2513           William Sawayn 2006-01-22      36      William        Sawayn
#> 2514             Ila Leuschke 2005-01-21      45          Ila      Leuschke
#> 2515         Alton Wintheiser 2005-09-12      67        Alton    Wintheiser
#> 2516           Cristi Quitzon 2005-11-03     110       Cristi       Quitzon
#> 2517           Tamisha Crooks 2004-12-09      99      Tamisha        Crooks
#> 2518     Curtis Runolfsdottir 2004-02-28     132       Curtis Runolfsdottir
#> 2519              Katlyn Mann 2004-05-23     110       Katlyn          Mann
#> 2520              Beda Paucek 2005-04-27     157         Beda        Paucek
#> 2521          Garfield Hammes 2004-04-22      74     Garfield        Hammes
#> 2522       Marlene Runolfsson 2006-05-15      61      Marlene    Runolfsson
#> 2523           Nico Dickinson 2004-07-26     140         Nico     Dickinson
#> 2524          Elmyra Schaefer 2004-06-24      46       Elmyra      Schaefer
#> 2525              Delpha King 2005-03-19     208       Delpha          King
#> 2526              Kittie Dare 2004-07-30      13       Kittie          Dare
#> 2527              Janel Koepp 2005-05-30      60        Janel         Koepp
#> 2528      Lyndsey Heidenreich 2005-05-26     189      Lyndsey   Heidenreich
#> 2529            Bernhard Lind 2005-11-02      82     Bernhard          Lind
#> 2530             Blair Erdman 2006-06-20     160        Blair        Erdman
#> 2531             Elroy Kirlin 2005-02-23      44        Elroy        Kirlin
#> 2532             Chase Skiles 2005-07-24     115        Chase        Skiles
#> 2533          Gilmore Schmitt 2005-06-23      86      Gilmore       Schmitt
#> 2534              Janeen West 2004-09-10      80       Janeen          West
#> 2535             Sherie Mayer 2006-03-02      94       Sherie         Mayer
#> 2536        Alessandra Heaney 2006-07-16      28   Alessandra        Heaney
#> 2537           Alysa Cummings 2006-05-13     112        Alysa      Cummings
#> 2538            Fleming Grant 2005-02-13     128      Fleming         Grant
#> 2539             Lennon Hilll 2004-04-18      81       Lennon         Hilll
#> 2540        Egbert McLaughlin 2005-01-22      48       Egbert    McLaughlin
#> 2541          Samira Medhurst 2005-02-17     150       Samira      Medhurst
#> 2542          Quintin Tillman 2006-10-28     109      Quintin       Tillman
#> 2543            Breann Harris 2005-11-14      56       Breann        Harris
#> 2544       Kadence Morissette 2006-03-14      23      Kadence    Morissette
#> 2545           Tamika Labadie 2005-03-26     197       Tamika       Labadie
#> 2546          Quintin Tillman 2005-04-09     131      Quintin       Tillman
#> 2547             Ingrid O'Kon 2004-06-26     205       Ingrid         O'Kon
#> 2548           Fredrick Klein 2005-07-11     202     Fredrick         Klein
#> 2549       Portia Schamberger 2005-02-20      76       Portia   Schamberger
#> 2550           Phylis Gaylord 2005-06-16      47       Phylis       Gaylord
#> 2551         Lorelai Parisian 2004-05-07     123      Lorelai      Parisian
#> 2552           Helmer Monahan 2005-07-10     211       Helmer       Monahan
#> 2553          Damarcus Erdman 2004-08-21     125     Damarcus        Erdman
#> 2554              Aden Murphy 2006-09-24      12         Aden        Murphy
#> 2555           Zander Lebsack 2004-10-12      18       Zander       Lebsack
#> 2556             Shirl Cremin 2004-04-02     125        Shirl        Cremin
#> 2557          Chiquita Jacobs 2005-06-02      28     Chiquita        Jacobs
#> 2558             Fredric Funk 2005-09-17      71      Fredric          Funk
#> 2559        Hughey Bartoletti 2005-02-05     104       Hughey    Bartoletti
#> 2560           Berkley Ernser 2005-03-12      44      Berkley        Ernser
#> 2561           Mohammad Smith 2006-06-13     202     Mohammad         Smith
#> 2562             Rene Kuhlman 2004-11-24     114         Rene       Kuhlman
#> 2563            Penni Corkery 2004-05-10      98        Penni       Corkery
#> 2564              Burke Boehm 2005-03-09     136        Burke         Boehm
#> 2565             Gayle Kuphal 2004-08-23      35        Gayle        Kuphal
#> 2566               Elgie Cole 2004-10-06      19        Elgie          Cole
#> 2567             Mimi Goldner 2005-07-22     103         Mimi       Goldner
#> 2568         Dominik Anderson 2005-04-18     121      Dominik      Anderson
#> 2569            Bradford Bode 2004-07-03      24     Bradford          Bode
#> 2570              Grady Beier 2005-07-21     103        Grady         Beier
#> 2571              Sol Zboncak 2005-04-09      21          Sol       Zboncak
#> 2572             Armin Klocko 2005-09-05     104        Armin        Klocko
#> 2573          Tamia Langworth 2005-06-03     103        Tamia     Langworth
#> 2574            Ossie Schaden 2006-11-17      25        Ossie       Schaden
#> 2575      Jacqueline Nikolaus 2006-02-07     107   Jacqueline      Nikolaus
#> 2576         Zakary Gleichner 2006-10-02     153       Zakary     Gleichner
#> 2577           Anie Hettinger 2004-06-04     119         Anie     Hettinger
#> 2578             Olaf Witting 2005-09-12      94         Olaf       Witting
#> 2579           Shea Buckridge 2005-07-24     125         Shea     Buckridge
#> 2580           Nery Ankunding 2005-06-05      43         Nery     Ankunding
#> 2581       Claudette Cummings 2004-05-03      20    Claudette      Cummings
#> 2582             Vannie Kunze 2004-07-16     147       Vannie         Kunze
#> 2583         Casandra Krajcik 2005-10-15     122     Casandra       Krajcik
#> 2584               Desi Ortiz 2006-07-30      20         Desi         Ortiz
#> 2585           Oralia Kilback 2006-03-17      15       Oralia       Kilback
#> 2586            Tate Turcotte 2004-08-25     108         Tate      Turcotte
#> 2587           Londyn Reinger 2004-03-08      73       Londyn       Reinger
#> 2588           Colin Prohaska 2005-07-01      18        Colin      Prohaska
#> 2589        Madelyn Hermiston 2006-08-31     190      Madelyn     Hermiston
#> 2590              Jerod Berge 2005-07-23     179        Jerod         Berge
#> 2591           Reynaldo Davis 2004-08-11     164     Reynaldo         Davis
#> 2592              Odie Jacobs 2004-03-10     175         Odie        Jacobs
#> 2593            Iverson Robel 2005-10-07      75      Iverson         Robel
#> 2594           Jacquez Jacobs 2005-12-21      55      Jacquez        Jacobs
#> 2595            Arnoldo Marks 2005-05-31      47      Arnoldo         Marks
#> 2596         Shoji Wintheiser 2005-11-27      44        Shoji    Wintheiser
#> 2597           Avah Schneider 2006-04-04     112         Avah     Schneider
#> 2598           Manuel DuBuque 2005-09-05     164       Manuel       DuBuque
#> 2599        Haleigh Wilkinson 2006-03-27      74      Haleigh     Wilkinson
#> 2600            Cayden Waters 2006-09-02      70       Cayden        Waters
#> 2601              Nada Barton 2005-08-10      67         Nada        Barton
#> 2602            Tate Turcotte 2005-08-02     167         Tate      Turcotte
#> 2603         Marrion Emmerich 2005-12-08      58      Marrion      Emmerich
#> 2604             Blair Erdman 2005-08-20      65        Blair        Erdman
#> 2605           Anastasia Howe 2004-08-24      14    Anastasia          Howe
#> 2606            Aiyanna Bruen 2005-05-15      21      Aiyanna         Bruen
#> 2607             Ronin Beatty 2005-11-19     112        Ronin        Beatty
#> 2608           Ayesha Carroll 2006-02-12      46       Ayesha       Carroll
#> 2609         Lorelai Parisian 2004-06-06      60      Lorelai      Parisian
#> 2610             Chase Skiles 2004-01-31     132        Chase        Skiles
#> 2611             Trudy Stokes 2005-09-15      23        Trudy        Stokes
#> 2612         Lorelai Parisian 2006-06-28      92      Lorelai      Parisian
#> 2613             Hilma Little 2006-08-05      64        Hilma        Little
#> 2614           Christal Wolff 2006-02-15     125     Christal         Wolff
#> 2615          Rafael Mitchell 2005-01-04     135       Rafael      Mitchell
#> 2616         Lillianna Larkin 2004-04-08     103    Lillianna        Larkin
#> 2617           Jeremie Wehner 2005-05-04      22      Jeremie        Wehner
#> 2618             Wendel Hintz 2006-10-05     140       Wendel         Hintz
#> 2619            Fidel Kilback 2005-08-28     134        Fidel       Kilback
#> 2620          Marcello Torphy 2005-05-18     103     Marcello        Torphy
#> 2621       Robert Satterfield 2005-09-05     142       Robert   Satterfield
#> 2622              Werner Hahn 2005-06-25     141       Werner          Hahn
#> 2623         Lovisa Wilkinson 2005-09-16      83       Lovisa     Wilkinson
#> 2624             Verna Hudson 2005-09-07     196        Verna        Hudson
#> 2625       Dominique McKenzie 2005-07-20     176    Dominique      McKenzie
#> 2626           Cristi Quitzon 2006-08-01     122       Cristi       Quitzon
#> 2627            Rosina Abbott 2005-09-01      34       Rosina        Abbott
#> 2628              Dorris Jast 2005-04-11     101       Dorris          Jast
#> 2629          Toccara Lebsack 2004-06-19      30      Toccara       Lebsack
#> 2630         Casandra Krajcik 2005-07-21     102     Casandra       Krajcik
#> 2631           Oralia Kilback 2005-07-10      55       Oralia       Kilback
#> 2632         Malcolm Medhurst 2005-06-04      39      Malcolm      Medhurst
#> 2633           Sharyn Barrows 2004-04-24      23       Sharyn       Barrows
#> 2634        Finnegan Franecki 2005-02-17      14     Finnegan      Franecki
#> 2635           Shakira Stokes 2004-07-13      97      Shakira        Stokes
#> 2636            Carlton Mante 2006-07-20      65      Carlton         Mante
#> 2637         Lorelai Parisian 2005-09-24      32      Lorelai      Parisian
#> 2638              Jerod Berge 2005-11-04      54        Jerod         Berge
#> 2639           Brionna Miller 2004-12-15      85      Brionna        Miller
#> 2640            Triston Mills 2005-08-01     116      Triston         Mills
#> 2641       Mauricio VonRueden 2005-05-18      55     Mauricio     VonRueden
#> 2642            Myrle Krajcik 2006-01-30     125        Myrle       Krajcik
#> 2643           Zander Lebsack 2006-03-13     191       Zander       Lebsack
#> 2644            Odelia Rippin 2004-03-19      44       Odelia        Rippin
#> 2645             Johney Mayer 2006-04-03      12       Johney         Mayer
#> 2646                Roma Rath 2005-08-07      70         Roma          Rath
#> 2647              Saint Doyle 2006-06-24     207        Saint         Doyle
#> 2648            Elda Schmeler 2005-07-01      44         Elda      Schmeler
#> 2649            Derek Witting 2005-04-20     191        Derek       Witting
#> 2650       Johnathon Schimmel 2005-04-18      42    Johnathon      Schimmel
#> 2651            Willian Runte 2005-09-14     217      Willian         Runte
#> 2652            Micayla Kutch 2004-07-01      48      Micayla         Kutch
#> 2653       Tawanda Balistreri 2004-05-14      61      Tawanda    Balistreri
#> 2654          Esequiel Kirlin 2004-07-26      16     Esequiel        Kirlin
#> 2655        Anabel Jakubowski 2006-07-03      67       Anabel    Jakubowski
#> 2656        Lisandro Kassulke 2005-01-24     122     Lisandro      Kassulke
#> 2657            Jazlyn Casper 2005-08-06      18       Jazlyn        Casper
#> 2658         Jayvion Cummings 2005-11-02      46      Jayvion      Cummings
#> 2659        Travis Cartwright 2005-08-25      58       Travis    Cartwright
#> 2660         Jessica Connelly 2004-06-02      79      Jessica      Connelly
#> 2661        Cherrelle Bartell 2005-08-21      31    Cherrelle       Bartell
#> 2662         Morton O'Connell 2005-11-17     126       Morton     O'Connell
#> 2663        Alvera Balistreri 2005-03-22     155       Alvera    Balistreri
#> 2664            Fleming Grant 2004-09-18      44      Fleming         Grant
#> 2665             Trudy Stokes 2004-04-21     114        Trudy        Stokes
#> 2666              Romie Upton 2005-07-15     196        Romie         Upton
#> 2667      Maralyn Greenfelder 2006-05-29      23      Maralyn   Greenfelder
#> 2668               Bree Stehr 2005-05-23     171         Bree         Stehr
#> 2669           Emmaline Stark 2005-10-31      65     Emmaline         Stark
#> 2670           Jerrell Wisozk 2005-02-27     175      Jerrell        Wisozk
#> 2671           Hansel Steuber 2004-04-08      92       Hansel       Steuber
#> 2672             Hampton Rath 2006-08-26      57      Hampton          Rath
#> 2673          Darrian Bartell 2005-04-16     106      Darrian       Bartell
#> 2674             Braulio Haag 2005-05-08     118      Braulio          Haag
#> 2675          Hershel Shields 2004-07-20     198      Hershel       Shields
#> 2676            Davian Stokes 2004-11-06     201       Davian        Stokes
#> 2677               Coley Lind 2004-04-23     135        Coley          Lind
#> 2678         Mathilda Farrell 2005-09-12     101     Mathilda       Farrell
#> 2679             Jimmy Mayert 2005-08-06      34        Jimmy        Mayert
#> 2680              Noma Hessel 2005-08-11     160         Noma        Hessel
#> 2681            Cleveland Fay 2005-06-01     189    Cleveland           Fay
#> 2682              Odis Schoen 2006-08-03      77         Odis        Schoen
#> 2683               Tia Zulauf 2005-06-09     120          Tia        Zulauf
#> 2684         Britni Daugherty 2006-10-30     143       Britni     Daugherty
#> 2685               Tripp Batz 2005-04-23      47        Tripp          Batz
#> 2686         Judyth Lueilwitz 2004-10-06      86       Judyth     Lueilwitz
#> 2687                Shea Feil 2004-07-14     186         Shea          Feil
#> 2688              Brea Nienow 2006-10-02      59         Brea        Nienow
#> 2689                Vic Bauch 2005-11-23     215          Vic         Bauch
#> 2690           Ophelia Ernser 2006-03-25      27      Ophelia        Ernser
#> 2691               Rohan Wolf 2005-03-31      50        Rohan          Wolf
#> 2692            Juliana Sipes 2005-07-05      32      Juliana         Sipes
#> 2693        Hughey Bartoletti 2005-01-29     105       Hughey    Bartoletti
#> 2694       Romaine McCullough 2005-07-01      23      Romaine    McCullough
#> 2695           Mohammad Smith 2005-08-30     153     Mohammad         Smith
#> 2696           Berkley Ernser 2006-04-06     115      Berkley        Ernser
#> 2697            Lashawn Hoppe 2005-06-06      10      Lashawn         Hoppe
#> 2698         Josephus Bradtke 2005-08-23     172     Josephus       Bradtke
#> 2699            Myrle Krajcik 2004-05-23     201        Myrle       Krajcik
#> 2700               Trudy Rath 2005-07-28      31        Trudy          Rath
#> 2701           Fronnie Kemmer 2005-07-18      46      Fronnie        Kemmer
#> 2702           Phylis Gaylord 2006-06-04      21       Phylis       Gaylord
#> 2703              Lesta Davis 2005-07-05      61        Lesta         Davis
#> 2704             Camilo Kiehn 2004-09-01      85       Camilo         Kiehn
#> 2705        Laurene Considine 2005-05-01     100      Laurene     Considine
#> 2706                Dema Beer 2005-05-01      25         Dema          Beer
#> 2707        Jerilynn Schulist 2006-09-06     124     Jerilynn      Schulist
#> 2708           Kenton Dickens 2004-09-03     197       Kenton       Dickens
#> 2709             Brayan Terry 2004-08-21      26       Brayan         Terry
#> 2710       Margarita O'Reilly 2006-08-26     184    Margarita      O'Reilly
#> 2711        Peyton Runolfsson 2005-05-16     211       Peyton    Runolfsson
#> 2712             Braulio Haag 2005-06-17     122      Braulio          Haag
#> 2713           Shea Buckridge 2005-05-20      62         Shea     Buckridge
#> 2714        Laurene Considine 2006-02-23     108      Laurene     Considine
#> 2715           Zackery Spinka 2004-03-30     154      Zackery        Spinka
#> 2716              Jessy Emard 2005-07-04     148        Jessy         Emard
#> 2717              Sadie Upton 2005-08-18      20        Sadie         Upton
#> 2718            Elda Schmeler 2004-07-17     193         Elda      Schmeler
#> 2719         Fronnie Schaefer 2004-12-02      82      Fronnie      Schaefer
#> 2720             Arlie Brekke 2006-02-07     148        Arlie        Brekke
#> 2721               Lyn Parker 2004-05-27      83          Lyn        Parker
#> 2722            Keenen Parker 2006-11-04      92       Keenen        Parker
#> 2723            Davian Stokes 2005-08-09      84       Davian        Stokes
#> 2724           Jeremie Wehner 2005-06-19     109      Jeremie        Wehner
#> 2725           Velma Schulist 2005-04-09     127        Velma      Schulist
#> 2726             Lane Roberts 2005-04-13      96         Lane       Roberts
#> 2727            Almedia Yundt 2005-04-04     108      Almedia         Yundt
#> 2728            Rikki Watsica 2006-11-18      38        Rikki       Watsica
#> 2729                Roma Rath 2005-02-03      14         Roma          Rath
#> 2730 Francisquita Heidenreich 2004-09-21      15 Francisquita   Heidenreich
#> 2731             Gaylen Kiehn 2005-03-19      58       Gaylen         Kiehn
#> 2732           Humphrey Grant 2005-06-20      57     Humphrey         Grant
#> 2733       Waldemar Greenholt 2006-01-08     100     Waldemar     Greenholt
#> 2734            Janell Heller 2005-08-30      46       Janell        Heller
#> 2735              Jessy Emard 2004-07-31      39        Jessy         Emard
#> 2736           Gunner Wiegand 2006-07-28      22       Gunner       Wiegand
#> 2737             Taylor Crist 2005-12-12     115       Taylor         Crist
#> 2738         Prudie Kertzmann 2004-02-29      26       Prudie     Kertzmann
#> 2739            Flint Zboncak 2005-05-28      43        Flint       Zboncak
#> 2740          Keri Williamson 2004-07-17      68         Keri    Williamson
#> 2741            Holland Lynch 2004-07-04     210      Holland         Lynch
#> 2742               Desi Ortiz 2005-09-27     187         Desi         Ortiz
#> 2743             Ras Kshlerin 2005-12-20     198          Ras      Kshlerin
#> 2744             Shania Stamm 2006-06-26     210       Shania         Stamm
#> 2745            Franco Kemmer 2004-08-08     128       Franco        Kemmer
#> 2746          Garfield Hammes 2005-10-24     156     Garfield        Hammes
#> 2747           Tamika Labadie 2004-03-14     206       Tamika       Labadie
#> 2748            Arnett Waters 2006-06-04      77       Arnett        Waters
#> 2749           Anie Hettinger 2004-08-01      23         Anie     Hettinger
#> 2750             Rollie Yundt 2005-04-10      46       Rollie         Yundt
#> 2751            Malaya Russel 2006-09-29     117       Malaya        Russel
#> 2752            Tillie Crooks 2004-12-31      21       Tillie        Crooks
#> 2753        Lisandro Kassulke 2004-03-11     183     Lisandro      Kassulke
#> 2754           Fannie Watsica 2005-05-08      74       Fannie       Watsica
#> 2755         Woodie Gleichner 2005-05-30      20       Woodie     Gleichner
#> 2756          Michell Gerlach 2005-08-07     104      Michell       Gerlach
#> 2757             Kolten Wyman 2004-05-18     144       Kolten         Wyman
#> 2758                Ebb Doyle 2006-03-06      50          Ebb         Doyle
#> 2759             Daryn Hickle 2005-06-15      57        Daryn        Hickle
#> 2760               Ricci Bins 2005-06-15      74        Ricci          Bins
#> 2761            Domingo Block 2004-04-09     140      Domingo         Block
#> 2762         Valencia Keebler 2005-01-18     165     Valencia       Keebler
#> 2763            Almer Osinski 2006-08-30     132        Almer       Osinski
#> 2764         Shirlie Nikolaus 2005-06-20     180      Shirlie      Nikolaus
#> 2765               Bessie Kub 2005-09-30     102       Bessie           Kub
#> 2766            Cayden Waters 2005-11-03      30       Cayden        Waters
#> 2767       Romaine McCullough 2006-02-11      66      Romaine    McCullough
#> 2768            Lacy Connelly 2005-03-15      52         Lacy      Connelly
#> 2769       Georgene Aufderhar 2004-07-29      12     Georgene     Aufderhar
#> 2770             Erin Zboncak 2004-11-05      70         Erin       Zboncak
#> 2771           Corrina Little 2005-05-18     147      Corrina        Little
#> 2772              Jessy Emard 2004-05-07      87        Jessy         Emard
#> 2773             Elsie Parker 2005-07-01     197        Elsie        Parker
#> 2774                Kelis Rau 2005-04-10     141        Kelis           Rau
#> 2775            Claus Bradtke 2004-03-04     138        Claus       Bradtke
#> 2776               Etta Towne 2005-06-27      71         Etta         Towne
#> 2777            Dorathy Nader 2004-07-15      98      Dorathy         Nader
#> 2778       Claudette Cummings 2005-02-01      39    Claudette      Cummings
#> 2779            Lorean Stokes 2004-08-11      50       Lorean        Stokes
#> 2780              Odis Schoen 2004-05-19     122         Odis        Schoen
#> 2781           Collie Krajcik 2005-04-04     216       Collie       Krajcik
#> 2782           Yetta Gorczany 2005-03-08     134        Yetta      Gorczany
#> 2783            Nigel Leannon 2006-09-30     165        Nigel       Leannon
#> 2784         Charolette Klein 2004-05-13     181   Charolette         Klein
#> 2785         Ruthe Macejkovic 2004-11-20      99        Ruthe    Macejkovic
#> 2786           Latrice Stokes 2004-05-19     136      Latrice        Stokes
#> 2787             Pratt Crooks 2006-04-20      56        Pratt        Crooks
#> 2788            Orville Lemke 2004-04-30      42      Orville         Lemke
#> 2789            Naima Treutel 2005-08-22      40        Naima       Treutel
#> 2790             Starr Corwin 2006-07-13      39        Starr        Corwin
#> 2791           Christal Lakin 2005-09-29     118     Christal         Lakin
#> 2792            Alf Lueilwitz 2006-05-01     172          Alf     Lueilwitz
#> 2793          Mansfield Boyle 2005-09-22      32    Mansfield         Boyle
#> 2794         Mathilda Farrell 2005-06-28      99     Mathilda       Farrell
#> 2795            Orville Lemke 2004-03-18      71      Orville         Lemke
#> 2796       Portia Schamberger 2004-11-17     189       Portia   Schamberger
#> 2797             Venice Smith 2004-02-22     120       Venice         Smith
#> 2798           Mohammad Smith 2005-05-22      58     Mohammad         Smith
#> 2799        Alpheus Wilkinson 2005-04-11     180      Alpheus     Wilkinson
#> 2800       Zechariah Gislason 2006-02-18     150    Zechariah      Gislason
#> 2801            Charls Rempel 2005-04-07     142       Charls        Rempel
#> 2802               Ricci Bins 2005-07-14      37        Ricci          Bins
#> 2803        Haleigh Wilkinson 2004-05-14     145      Haleigh     Wilkinson
#> 2804             Elsie Parker 2006-12-18     179        Elsie        Parker
#> 2805            Elda Schmeler 2006-07-13     124         Elda      Schmeler
#> 2806           Madison Lehner 2005-05-05      59      Madison        Lehner
#> 2807           Lavern Pfeffer 2005-09-18      64       Lavern       Pfeffer
#> 2808           Jabbar Dickens 2005-05-10      50       Jabbar       Dickens
#> 2809            Mekhi Goyette 2005-11-10      66        Mekhi       Goyette
#> 2810            Livia Pfeffer 2005-10-21      42        Livia       Pfeffer
#> 2811          Germaine Becker 2005-04-20     100     Germaine        Becker
#> 2812          Hershel Shields 2004-09-13     186      Hershel       Shields
#> 2813                Loy Olson 2006-08-02      68          Loy         Olson
#> 2814              Elam Hirthe 2005-03-19     181         Elam        Hirthe
#> 2815           Fannie Watsica 2006-04-17     218       Fannie       Watsica
#> 2816          Yessenia Rempel 2004-01-20     100     Yessenia        Rempel
#> 2817             Juliet Terry 2005-11-16     174       Juliet         Terry
#> 2818               Zola Nolan 2006-04-03     171         Zola         Nolan
#> 2819          Bush Macejkovic 2006-06-11     210         Bush    Macejkovic
#> 2820            Hobson Barton 2005-08-02     102       Hobson        Barton
#> 2821              Burns Mayer 2005-08-16      65        Burns         Mayer
#> 2822         Hildegard Murray 2005-09-26     106    Hildegard        Murray
#> 2823            Orville Lemke 2006-05-30      34      Orville         Lemke
#> 2824        Gianna Stiedemann 2005-01-01     182       Gianna    Stiedemann
#> 2825        Alvera Balistreri 2005-03-24      45       Alvera    Balistreri
#> 2826         Matthew Schmeler 2006-09-12     211      Matthew      Schmeler
#> 2827             Savion Rohan 2005-08-06     117       Savion         Rohan
#> 2828       Portia Schamberger 2006-11-12      54       Portia   Schamberger
#> 2829              Roger Green 2004-06-16     193        Roger         Green
#> 2830                Louis Toy 2005-05-28     152        Louis           Toy
#> 2831             Wilkie Moore 2004-08-15     130       Wilkie         Moore
#> 2832             Arletta Jast 2006-08-23     119      Arletta          Jast
#> 2833         Casandra Krajcik 2006-07-04     157     Casandra       Krajcik
#> 2834              Halle Davis 2006-05-17     132        Halle         Davis
#> 2835             Nyree Walker 2004-07-21     121        Nyree        Walker
#> 2836             Gaylen Kiehn 2004-05-10      30       Gaylen         Kiehn
#> 2837         Dellar Schroeder 2005-07-18     114       Dellar     Schroeder
#> 2838            Bethel Wunsch 2004-03-26      38       Bethel        Wunsch
#> 2839            Valorie Kling 2006-07-13      12      Valorie         Kling
#> 2840          Crawford Mayert 2005-06-25      11     Crawford        Mayert
#> 2841        Geralyn Rosenbaum 2004-11-19      10      Geralyn     Rosenbaum
#> 2842          Kelcie Schimmel 2006-08-11      72       Kelcie      Schimmel
#> 2843            Rayna Hagenes 2005-07-11      42        Rayna       Hagenes
#> 2844             Anice O'Hara 2004-01-20      57        Anice        O'Hara
#> 2845             Darwyn Berge 2005-09-07      22       Darwyn         Berge
#> 2846             Jules Jacobi 2005-08-08     145        Jules        Jacobi
#> 2847           Nery Ankunding 2004-03-29     203         Nery     Ankunding
#> 2848           Cameron Abbott 2004-07-10     116      Cameron        Abbott
#> 2849            Rice Prohaska 2005-05-29     117         Rice      Prohaska
#> 2850           Latifah Carter 2004-07-15     176      Latifah        Carter
#> 2851             Letta Daniel 2005-08-18      64        Letta        Daniel
#> 2852         Donaciano Corwin 2004-06-29      50    Donaciano        Corwin
#> 2853             Pat Nitzsche 2005-09-24      73          Pat      Nitzsche
#> 2854            Elinore Doyle 2006-10-09      11      Elinore         Doyle
#> 2855           Agness O'Keefe 2005-04-21      46       Agness       O'Keefe
#> 2856          Quintin Tillman 2006-03-14      63      Quintin       Tillman
#> 2857           Catalina Ortiz 2005-09-15      46     Catalina         Ortiz
#> 2858            Cleveland Fay 2004-08-12     102    Cleveland           Fay
#> 2859                Vic Bauch 2006-10-28     105          Vic         Bauch
#> 2860            Isabela Mertz 2004-07-01      81      Isabela         Mertz
#> 2861           William Sawayn 2004-06-28     195      William        Sawayn
#> 2862          Esequiel Kirlin 2005-05-20      53     Esequiel        Kirlin
#> 2863        Rayburn Wilkinson 2004-01-30     217      Rayburn     Wilkinson
#> 2864        Mariano Lueilwitz 2004-04-10     133      Mariano     Lueilwitz
#> 2865           Alyssia Hickle 2006-06-05     127      Alyssia        Hickle
#> 2866             Christ Zieme 2005-08-20     134       Christ         Zieme
#> 2867           Bertina Renner 2005-06-12     151      Bertina        Renner
#> 2868            Rikki Watsica 2005-07-28      59        Rikki       Watsica
#> 2869              Corene Lind 2005-03-20      23       Corene          Lind
#> 2870         Shirlie Nikolaus 2005-07-26      90      Shirlie      Nikolaus
#> 2871               Lani Dicki 2005-07-30      31         Lani         Dicki
#> 2872       Mozell Greenfelder 2006-06-07      18       Mozell   Greenfelder
#> 2873          Eliezer Wuckert 2006-08-23      66      Eliezer       Wuckert
#> 2874             Cali Weimann 2004-09-29     172         Cali       Weimann
#> 2875             Dwain Skiles 2004-06-28     201        Dwain        Skiles
#> 2876           Alexis Cormier 2004-10-10      44       Alexis       Cormier
#> 2877              Dorris Jast 2004-05-24     131       Dorris          Jast
#> 2878            Rakeem Harvey 2005-10-03     137       Rakeem        Harvey
#> 2879             Val McKenzie 2005-04-07     133          Val      McKenzie
#> 2880           Fannie Watsica 2004-11-16      37       Fannie       Watsica
#> 2881           Melvin Schmidt 2005-10-03      38       Melvin       Schmidt
#> 2882            Owens Gaylord 2004-07-05      39        Owens       Gaylord
#> 2883             Kacie Miller 2004-06-29      35        Kacie        Miller
#> 2884           Hosea Schiller 2005-04-26      46        Hosea      Schiller
#> 2885         Schuyler Volkman 2005-07-25      42     Schuyler       Volkman
#> 2886           Latoya Stanton 2005-07-15      86       Latoya       Stanton
#> 2887         Elian Vandervort 2006-01-27      99        Elian    Vandervort
#> 2888            Mittie Jacobs 2006-07-16      69       Mittie        Jacobs
#> 2889            Rayna Hagenes 2004-09-08     146        Rayna       Hagenes
#> 2890          Benson Schulist 2005-08-29     154       Benson      Schulist
#> 2891           Alexis Cormier 2005-04-24      31       Alexis       Cormier
#> 2892       Pierre Stoltenberg 2004-05-27      51       Pierre   Stoltenberg
#> 2893           Oralia Kilback 2004-12-07      21       Oralia       Kilback
#> 2894        Isaak Oberbrunner 2005-07-31      30        Isaak   Oberbrunner
#> 2895             Shania Stamm 2005-04-15      26       Shania         Stamm
#> 2896           Torry Reynolds 2004-07-28     171        Torry      Reynolds
#> 2897            Arnett Waters 2005-04-16      44       Arnett        Waters
#> 2898           Alex Armstrong 2005-03-19      39         Alex     Armstrong
#> 2899           Iverson Herman 2004-03-15     219      Iverson        Herman
#> 2900         Alwina Wilkinson 2006-01-02     119       Alwina     Wilkinson
#> 2901            Bradford Bode 2006-12-18      82     Bradford          Bode
#> 2902              Mila Gibson 2004-11-06     163         Mila        Gibson
#> 2903          Grisel Reichert 2004-04-01      69       Grisel      Reichert
#> 2904           Alvah Bogisich 2004-05-22      33        Alvah      Bogisich
#> 2905        Paulo Stoltenberg 2005-08-31     147        Paulo   Stoltenberg
#> 2906         Susannah Bernier 2004-09-25     150     Susannah       Bernier
#> 2907            Texas Keebler 2005-07-16     204        Texas       Keebler
#> 2908              TRUE Conroy 2006-11-21      62         TRUE        Conroy
#> 2909               Evita Howe 2004-09-09     125        Evita          Howe
#> 2910          Eddie Armstrong 2004-07-25      91        Eddie     Armstrong
#> 2911          Celestino Bosco 2004-09-07     197    Celestino         Bosco
#> 2912             Olen Steuber 2005-07-29      39         Olen       Steuber
#> 2913              Trudie Mraz 2005-06-30     135       Trudie          Mraz
#> 2914           Girtha Douglas 2004-07-12      63       Girtha       Douglas
#> 2915             Lydia Willms 2005-11-14      47        Lydia        Willms
#> 2916            Willian Runte 2004-08-28      92      Willian         Runte
#> 2917              Sydell West 2005-07-01     145       Sydell          West
#> 2918           Alferd Ziemann 2006-04-30     177       Alferd       Ziemann
#> 2919              Elias Huels 2004-11-03     103        Elias         Huels
#> 2920          Toccara Lebsack 2005-06-07      48      Toccara       Lebsack
#> 2921            Carlton Mante 2004-11-18     115      Carlton         Mante
#> 2922          Elmyra Schaefer 2005-07-27      39       Elmyra      Schaefer
#> 2923           Mahlon Pfeffer 2005-08-11      42       Mahlon       Pfeffer
#> 2924           Diandra Brakus 2005-01-06      83      Diandra        Brakus
#> 2925          Esequiel Kirlin 2005-04-07      14     Esequiel        Kirlin
#> 2926             Ginger Stamm 2006-11-27      33       Ginger         Stamm
#> 2927              Lisha Hayes 2005-03-24      82        Lisha         Hayes
#> 2928             Floy Krajcik 2006-04-03      81         Floy       Krajcik
#> 2929            Michal Murphy 2004-09-02     137       Michal        Murphy
#> 2930          Eliezer Wuckert 2006-04-24      30      Eliezer       Wuckert
#> 2931             Mabell Lemke 2005-05-17      65       Mabell         Lemke
#> 2932             Geri Wuckert 2005-05-11      86         Geri       Wuckert
#> 2933          Samira Medhurst 2005-10-27     157       Samira      Medhurst
#> 2934            Jazmin Harvey 2006-11-27     106       Jazmin        Harvey
#> 2935            Kenji Cormier 2004-05-17      75        Kenji       Cormier
#> 2936     Curtis Runolfsdottir 2005-07-17     101       Curtis Runolfsdottir
#> 2937               Desi Ortiz 2004-05-17      48         Desi         Ortiz
#> 2938       Sarita Heidenreich 2005-04-18     190       Sarita   Heidenreich
#> 2939             Anice O'Hara 2005-04-05      47        Anice        O'Hara
#> 2940          Esequiel Kirlin 2005-11-17      55     Esequiel        Kirlin
#> 2941             Tomika Koepp 2004-04-18      21       Tomika         Koepp
#> 2942            Murray Harvey 2006-08-08     113       Murray        Harvey
#> 2943               Add Senger 2005-06-08     114          Add        Senger
#> 2944           Somer Turcotte 2004-11-08     168        Somer      Turcotte
#> 2945           Aurthur Kirlin 2004-07-20     119      Aurthur        Kirlin
#> 2946           Ayesha Carroll 2006-04-05      35       Ayesha       Carroll
#> 2947        Amaris Williamson 2004-08-04      38       Amaris    Williamson
#> 2948           Izetta Stracke 2005-09-29     122       Izetta       Stracke
#> 2949            Penni Corkery 2006-09-24     213        Penni       Corkery
#> 2950            Iverson Robel 2006-06-02      38      Iverson         Robel
#> 2951           Collie Krajcik 2004-05-13     140       Collie       Krajcik
#> 2952        Alpheus Wilkinson 2005-03-14     125      Alpheus     Wilkinson
#> 2953         Julisa Halvorson 2006-01-06     113       Julisa     Halvorson
#> 2954             Karon Torphy 2005-05-18      75        Karon        Torphy
#> 2955             Lydia Willms 2005-06-12     133        Lydia        Willms
#> 2956           Ned Swaniawski 2006-06-06     142          Ned    Swaniawski
#> 2957        Hughey Bartoletti 2005-04-19     189       Hughey    Bartoletti
#> 2958          Nathaly Streich 2005-07-24     151      Nathaly       Streich
#> 2959             Jules Jacobi 2005-03-05      47        Jules        Jacobi
#> 2960              Aleen Kunze 2005-11-30     109        Aleen         Kunze
#> 2961             Val McKenzie 2004-07-22      42          Val      McKenzie
#> 2962         Julisa Halvorson 2006-08-26     102       Julisa     Halvorson
#> 2963        Harrie Swaniawski 2005-02-17      41       Harrie    Swaniawski
#> 2964        Anabel Jakubowski 2004-02-28      21       Anabel    Jakubowski
#> 2965           Bryson Reinger 2006-07-09      76       Bryson       Reinger
#> 2966          Dorotha Kuvalis 2006-11-06      34      Dorotha       Kuvalis
#> 2967             Christ Zieme 2005-01-14      93       Christ         Zieme
#> 2968             Jeffie Johns 2005-04-20      32       Jeffie         Johns
#> 2969          Gerold Bernhard 2006-08-27     123       Gerold      Bernhard
#> 2970           Theo Buckridge 2004-07-24      79         Theo     Buckridge
#> 2971        Geralyn Rosenbaum 2006-10-05     159      Geralyn     Rosenbaum
#> 2972               Olof Swift 2006-10-04      64         Olof         Swift
#> 2973        Cherrelle Bartell 2005-03-16      58    Cherrelle       Bartell
#> 2974              Noma Hessel 2006-03-08     175         Noma        Hessel
#> 2975             Hilma Little 2005-03-23      36        Hilma        Little
#> 2976            Davion Hudson 2006-04-24      66       Davion        Hudson
#> 2977            Dow Halvorson 2004-11-16     205          Dow     Halvorson
#> 2978             Anice O'Hara 2005-06-11     106        Anice        O'Hara
#> 2979         Jessica Connelly 2006-01-13     103      Jessica      Connelly
#> 2980       Dominique McKenzie 2004-07-20     105    Dominique      McKenzie
#> 2981              Josef Lemke 2005-06-28      48        Josef         Lemke
#> 2982               Desi Ortiz 2004-05-26      62         Desi         Ortiz
#> 2983             Brayan Terry 2005-05-09      46       Brayan         Terry
#> 2984      Verlin Christiansen 2005-11-04     196       Verlin  Christiansen
#> 2985              Ewin Torphy 2005-05-31     213         Ewin        Torphy
#> 2986        Zackery Armstrong 2004-10-03     178      Zackery     Armstrong
#> 2987         Willis Bahringer 2004-05-01     173       Willis     Bahringer
#> 2988               Ricci Bins 2005-06-24      42        Ricci          Bins
#> 2989         Suzette Hartmann 2005-08-09      66      Suzette      Hartmann
#> 2990           Porsche Mayert 2004-12-02     143      Porsche        Mayert
#> 2991          Shantel Jenkins 2004-08-21     212      Shantel       Jenkins
#> 2992              Kelcie Yost 2005-04-20      58       Kelcie          Yost
#> 2993         Rosevelt Murazik 2005-06-15      52     Rosevelt       Murazik
#> 2994        Malcolm Heathcote 2004-04-20      49      Malcolm     Heathcote
#> 2995              Mistie Torp 2004-12-17      77       Mistie          Torp
#> 2996             Erin Zboncak 2004-05-04     208         Erin       Zboncak
#> 2997         Caswell Anderson 2005-07-25     126      Caswell      Anderson
#> 2998           Sharyn Barrows 2005-07-29      53       Sharyn       Barrows
#> 2999             Patti Rempel 2004-04-07     174        Patti        Rempel
#> 3000                Katy King 2004-09-01     209         Katy          King
#> 3001        Hughey Bartoletti 2005-09-12     106       Hughey    Bartoletti
#> 3002           Letitia Stokes 2006-01-28      58      Letitia        Stokes
#> 3003           Jerrell Wisozk 2005-07-11      53      Jerrell        Wisozk
#> 3004            Micayla Kutch 2004-03-02     212      Micayla         Kutch
#> 3005                 Link Orn 2004-05-20      61         Link           Orn
#> 3006            Bud Marquardt 2005-07-28     114          Bud     Marquardt
#> 3007         Lillianna Larkin 2004-03-03      89    Lillianna        Larkin
#> 3008             Venice Smith 2005-09-01      52       Venice         Smith
#> 3009            Mykel Johnson 2005-08-22      72        Mykel       Johnson
#> 3010          Esequiel Kirlin 2004-05-06      49     Esequiel        Kirlin
#> 3011            Maxie Steuber 2004-12-15     145        Maxie       Steuber
#> 3012           Christal Wolff 2006-05-02     147     Christal         Wolff
#> 3013              Kyra Littel 2006-01-31     165         Kyra        Littel
#> 3014           Harris Pollich 2006-01-22      31       Harris       Pollich
#> 3015           Hosea Schiller 2005-08-19      17        Hosea      Schiller
#> 3016            Leonel Rippin 2006-02-27      43       Leonel        Rippin
#> 3017                Byrd Kuhn 2006-05-02     100         Byrd          Kuhn
#> 3018             Savion Rohan 2004-10-11     151       Savion         Rohan
#> 3019              Watt Cremin 2006-08-26      52         Watt        Cremin
#> 3020        Amaris Williamson 2006-05-04      27       Amaris    Williamson
#> 3021            Celine Wisozk 2004-01-21      13       Celine        Wisozk
#> 3022               Shari Rowe 2004-09-26     101        Shari          Rowe
#> 3023             Hildur Mante 2005-08-17     192       Hildur         Mante
#> 3024         Katelynn Lebsack 2006-09-23     145     Katelynn       Lebsack
#> 3025            Myrle Krajcik 2004-10-31     129        Myrle       Krajcik
#> 3026           Lidie Gislason 2004-06-26      57        Lidie      Gislason
#> 3027      Jaheem Pfannerstill 2004-04-29     186       Jaheem  Pfannerstill
#> 3028       Chante Stoltenberg 2004-03-22     200       Chante   Stoltenberg
#> 3029          Kelcie Schimmel 2004-06-08     127       Kelcie      Schimmel
#> 3030           Eugenia Barton 2005-07-31      35      Eugenia        Barton
#> 3031             Laurel Morar 2006-01-17      70       Laurel         Morar
#> 3032            Bea Considine 2005-07-12      89          Bea     Considine
#> 3033            Florine Jones 2004-02-29      84      Florine         Jones
#> 3034            Aiyanna Bruen 2006-04-11      33      Aiyanna         Bruen
#> 3035           Nico Dickinson 2004-08-31      90         Nico     Dickinson
#> 3036              Davie Hintz 2004-07-03      67        Davie         Hintz
#> 3037       Sarita Heidenreich 2005-02-19      31       Sarita   Heidenreich
#> 3038     Curtis Runolfsdottir 2005-10-26      67       Curtis Runolfsdottir
#> 3039            Ossie Schaden 2005-07-21      77        Ossie       Schaden
#> 3040             Blair Erdman 2005-09-06      51        Blair        Erdman
#> 3041             Michale Howe 2005-08-19      12      Michale          Howe
#> 3042              Roma Daniel 2004-12-12      27         Roma        Daniel
#> 3043          Cato Cartwright 2004-05-13      45         Cato    Cartwright
#> 3044          Wilfredo Wisozk 2004-11-03     120     Wilfredo        Wisozk
#> 3045          Jeramiah Cronin 2005-03-02      43     Jeramiah        Cronin
#> 3046         Ruthe Macejkovic 2004-09-29      58        Ruthe    Macejkovic
#> 3047            Nikita Becker 2004-07-27     164       Nikita        Becker
#> 3048           Garrison Kling 2006-12-03      38     Garrison         Kling
#> 3049               Collie Von 2005-04-17      32       Collie           Von
#> 3050             Essence Metz 2004-11-10      46      Essence          Metz
#> 3051            Akeelah Walsh 2004-06-16     132      Akeelah         Walsh
#> 3052              Kole Crooks 2006-09-30      68         Kole        Crooks
#> 3053             Savion Rohan 2006-10-08      70       Savion         Rohan
#> 3054                Dema Beer 2006-02-14     100         Dema          Beer
#> 3055          Nathaly Streich 2004-10-23     175      Nathaly       Streich
#> 3056            Lary Champlin 2004-08-01      97         Lary      Champlin
#> 3057             Daija Legros 2006-12-01     191        Daija        Legros
#> 3058         Fronnie Schaefer 2006-08-11      36      Fronnie      Schaefer
#> 3059              Kole Crooks 2005-05-29      62         Kole        Crooks
#> 3060      Alessandro Weissnat 2004-07-01     210   Alessandro      Weissnat
#> 3061           Reanna O'Keefe 2006-03-18     202       Reanna       O'Keefe
#> 3062             Hyman Kemmer 2005-06-13     109        Hyman        Kemmer
#> 3063            Iverson Robel 2006-04-05     114      Iverson         Robel
#> 3064          Esequiel Kirlin 2004-04-07      20     Esequiel        Kirlin
#> 3065         Rochelle Johnson 2004-10-29      50     Rochelle       Johnson
#> 3066           Karren Schuppe 2004-10-21     111       Karren       Schuppe
#> 3067             Karon Torphy 2004-09-26     174        Karon        Torphy
#> 3068         Collie Greenholt 2006-04-14      53       Collie     Greenholt
#> 3069         Valencia Keebler 2004-08-06     133     Valencia       Keebler
#> 3070        Gussie McLaughlin 2006-08-21      69       Gussie    McLaughlin
#> 3071              Burns Mayer 2004-05-07      77        Burns         Mayer
#> 3072              Beda Paucek 2005-08-30      41         Beda        Paucek
#> 3073            Leala Schuppe 2004-03-12      18        Leala       Schuppe
#> 3074           Reggie Leffler 2005-04-05     123       Reggie       Leffler
#> 3075            Isabela Mertz 2006-08-24     126      Isabela         Mertz
#> 3076             Kristy Kunde 2006-01-15      37       Kristy         Kunde
#> 3077           Fronnie Kemmer 2005-06-29     110      Fronnie        Kemmer
#> 3078         Lorelai Parisian 2005-05-06      35      Lorelai      Parisian
#> 3079             Kenny Wisozk 2006-07-02      73        Kenny        Wisozk
#> 3080             Pratt Crooks 2006-07-02      66        Pratt        Crooks
#> 3081             Exie Gutmann 2006-09-19      21         Exie       Gutmann
#> 3082         Jesse Schowalter 2005-08-26      10        Jesse    Schowalter
#> 3083            Luciano Kling 2006-09-21     144      Luciano         Kling
#> 3084         Josephus Bradtke 2004-11-26      40     Josephus       Bradtke
#> 3085              Myer Stokes 2005-05-28     103         Myer        Stokes
#> 3086             Shaun Rempel 2005-05-25     134        Shaun        Rempel
#> 3087           Verona Langosh 2004-05-04     116       Verona       Langosh
#> 3088           Fredrick Klein 2004-07-08      29     Fredrick         Klein
#> 3089           Grecia Schultz 2004-07-18     102       Grecia       Schultz
#> 3090             Amina Renner 2006-03-15     168        Amina        Renner
#> 3091        Gianna Stiedemann 2004-06-20      33       Gianna    Stiedemann
#> 3092            Bea Considine 2004-09-01      53          Bea     Considine
#> 3093            Daisha Torphy 2004-09-07      30       Daisha        Torphy
#> 3094          Benson Schulist 2006-05-28     109       Benson      Schulist
#> 3095       Jeannie Rutherford 2005-08-07     172      Jeannie    Rutherford
#> 3096              Lupe Kohler 2006-03-07      10         Lupe        Kohler
#> 3097           Karren Schuppe 2005-10-07      49       Karren       Schuppe
#> 3098             Tera Collins 2004-09-06     109         Tera       Collins
#> 3099             Lydia Willms 2004-12-14      38        Lydia        Willms
#> 3100            Almedia Yundt 2006-07-18      56      Almedia         Yundt
#> 3101           Karren Schuppe 2004-05-15      71       Karren       Schuppe
#> 3102         Ronan McLaughlin 2006-03-17     176        Ronan    McLaughlin
#> 3103            Joe McDermott 2005-03-21     109          Joe     McDermott
#> 3104        Hughey Bartoletti 2006-01-09      73       Hughey    Bartoletti
#> 3105           Gunner Wiegand 2006-04-14     104       Gunner       Wiegand
#> 3106           Fredrick Klein 2006-06-15     101     Fredrick         Klein
#> 3107            Jeanette Lind 2004-05-06      70     Jeanette          Lind
#> 3108          Celestino Bosco 2005-07-06      76    Celestino         Bosco
#> 3109                Vic Bauch 2004-08-24      35          Vic         Bauch
#> 3110                Lute Batz 2005-06-15     129         Lute          Batz
#> 3111            Hollie Crooks 2004-06-17      28       Hollie        Crooks
#> 3112         Christi Connelly 2006-09-08      45      Christi      Connelly
#> 3113            Davy Leuschke 2005-05-29      20         Davy      Leuschke
#> 3114               Arno Blick 2006-11-15      79         Arno         Blick
#> 3115         Caswell Anderson 2004-10-29      49      Caswell      Anderson
#> 3116            Robbin Herzog 2005-08-26      30       Robbin        Herzog
#> 3117            Erla Schulist 2004-04-12     180         Erla      Schulist
#> 3118          Sherlyn Gutmann 2004-08-01      53      Sherlyn       Gutmann
#> 3119             Raheem Bosco 2004-07-28      60       Raheem         Bosco
#> 3120             Ingrid O'Kon 2004-04-11      28       Ingrid         O'Kon
#> 3121             Mikeal Block 2005-07-20      18       Mikeal         Block
#> 3122           Starling Welch 2006-05-03     149     Starling         Welch
#> 3123              Carma Wyman 2006-07-23     138        Carma         Wyman
#> 3124              Cari Renner 2005-04-19      15         Cari        Renner
#> 3125               Deion Auer 2004-09-05      68        Deion          Auer
#> 3126             Savion Rohan 2005-03-03     104       Savion         Rohan
#> 3127               Ivy Kohler 2004-06-06     142          Ivy        Kohler
#> 3128           Caylee Carroll 2006-01-23      53       Caylee       Carroll
#> 3129              Lindy Pagac 2005-06-04      39        Lindy         Pagac
#> 3130            Rice Prohaska 2005-09-10      45         Rice      Prohaska
#> 3131          Garfield Hammes 2005-05-22     201     Garfield        Hammes
#> 3132           Shea Buckridge 2004-06-28      53         Shea     Buckridge
#> 3133             Jules Jacobi 2005-05-03     118        Jules        Jacobi
#> 3134             Camilo Kiehn 2005-10-12      62       Camilo         Kiehn
#> 3135           Reggie Leffler 2004-07-21     108       Reggie       Leffler
#> 3136             Michale Howe 2004-06-09      53      Michale          Howe
#> 3137              Burns Mayer 2006-04-09     194        Burns         Mayer
#> 3138           Jensen Cormier 2004-04-22     112       Jensen       Cormier
#> 3139         Corrine Champlin 2006-04-10      24      Corrine      Champlin
#> 3140          Latosha O'Keefe 2005-08-29     123      Latosha       O'Keefe
#> 3141             Michale Howe 2004-04-18     173      Michale          Howe
#> 3142        Vivienne Medhurst 2005-05-04     210     Vivienne      Medhurst
#> 3143             Juliet Terry 2005-07-26      44       Juliet         Terry
#> 3144             Savion Rohan 2004-10-22      74       Savion         Rohan
#> 3145              Alfred Metz 2005-08-01      55       Alfred          Metz
#> 3146               Mont Mertz 2005-03-30      33         Mont         Mertz
#> 3147           Delisa Kilback 2004-07-17      23       Delisa       Kilback
#> 3148            Jazlyn Casper 2004-05-22     101       Jazlyn        Casper
#> 3149        Chantelle Gaylord 2005-04-17     211    Chantelle       Gaylord
#> 3150          Earnest Rolfson 2005-05-30      87      Earnest       Rolfson
#> 3151             Kesha Daniel 2005-08-18     103        Kesha        Daniel
#> 3152            Jerold Sporer 2005-11-08      79       Jerold        Sporer
#> 3153        Zackery Armstrong 2006-01-24      64      Zackery     Armstrong
#> 3154            Jett Schaefer 2004-07-12     175         Jett      Schaefer
#> 3155         Dominik Anderson 2005-05-06     139      Dominik      Anderson
#> 3156        Jerilynn Schulist 2005-06-13     118     Jerilynn      Schulist
#> 3157           Emmaline Stark 2005-09-05      51     Emmaline         Stark
#> 3158          Iliana O'Conner 2005-01-04      38       Iliana      O'Conner
#> 3159           Letitia Stokes 2005-07-20     176      Letitia        Stokes
#> 3160             Clemens Torp 2006-02-16     187      Clemens          Torp
#> 3161              Corda Towne 2005-09-30      83        Corda         Towne
#> 3162           Reanna O'Keefe 2005-09-30     122       Reanna       O'Keefe
#> 3163              Wendi Purdy 2005-07-05     117        Wendi         Purdy
#> 3164               Elgie Cole 2004-10-19      71        Elgie          Cole
#> 3165           Cameron Abbott 2006-06-29      65      Cameron        Abbott
#> 3166          Anjelica Klocko 2005-06-10     211     Anjelica        Klocko
#> 3167            Rayna Hagenes 2005-07-08     216        Rayna       Hagenes
#> 3168           Londyn Reinger 2004-02-27      69       Londyn       Reinger
#> 3169            Lacy Connelly 2004-02-01      31         Lacy      Connelly
#> 3170            Andra Goodwin 2006-07-21      75        Andra       Goodwin
#> 3171        Hughey Bartoletti 2004-10-08      76       Hughey    Bartoletti
#> 3172     Jammie Runolfsdottir 2004-06-28     117       Jammie Runolfsdottir
#> 3173         Hildegard Murray 2006-06-01      65    Hildegard        Murray
#> 3174              Ela Treutel 2005-03-30     156          Ela       Treutel
#> 3175              Deann Dicki 2004-06-05      88        Deann         Dicki
#> 3176           Burton Kuvalis 2005-01-24     128       Burton       Kuvalis
#> 3177           Tilden Hermann 2005-07-04      28       Tilden       Hermann
#> 3178          Melbourne Johns 2006-07-11      56    Melbourne         Johns
#> 3179        Jeraldine Waelchi 2005-12-10      48    Jeraldine       Waelchi
#> 3180              Roni Carter 2004-04-10     131         Roni        Carter
#> 3181             Clemens Torp 2004-05-22     138      Clemens          Torp
#> 3182              Odessa Haag 2005-05-24     217       Odessa          Haag
#> 3183                Edw Frami 2004-08-12      22          Edw         Frami
#> 3184            Alberto Kunze 2005-03-02     117      Alberto         Kunze
#> 3185             Elaine Emard 2004-11-02      62       Elaine         Emard
#> 3186            Perley Renner 2004-05-16      78       Perley        Renner
#> 3187             Lesta Carter 2004-07-18      43        Lesta        Carter
#> 3188           Theo Buckridge 2004-12-12     125         Theo     Buckridge
#> 3189           Theo Buckridge 2004-06-02     142         Theo     Buckridge
#> 3190            Bud Marquardt 2005-04-03      31          Bud     Marquardt
#> 3191            Myrtis Larkin 2005-04-18     208       Myrtis        Larkin
#> 3192             Floy Krajcik 2005-05-12      40         Floy       Krajcik
#> 3193              Corda Towne 2005-07-13      44        Corda         Towne
#> 3194            Dorr Lindgren 2005-05-10      33         Dorr      Lindgren
#> 3195          Elenora Trantow 2006-01-27      94      Elenora       Trantow
#> 3196             Arlie Brekke 2005-04-19      91        Arlie        Brekke
#> 3197           Mahlon Pfeffer 2004-04-29      10       Mahlon       Pfeffer
#> 3198            Imelda Harber 2005-01-28      66       Imelda        Harber
#> 3199           Reanna O'Keefe 2005-03-02      70       Reanna       O'Keefe
#> 3200             Lydia Willms 2006-09-06      22        Lydia        Willms
#> 3201        Zackery Armstrong 2005-08-22      31      Zackery     Armstrong
#> 3202             Shea Gerlach 2005-04-22     157         Shea       Gerlach
#> 3203            Lorean Stokes 2006-10-10      36       Lorean        Stokes
#> 3204       Portia Schamberger 2006-08-19     146       Portia   Schamberger
#> 3205               Olof Swift 2004-08-01      39         Olof         Swift
#> 3206          Keri Williamson 2006-05-14      44         Keri    Williamson
#> 3207           Jerald Gaylord 2004-08-19      42       Jerald       Gaylord
#> 3208         Shoji Wintheiser 2005-07-18     104        Shoji    Wintheiser
#> 3209            Ariane Hansen 2005-01-22     207       Ariane        Hansen
#> 3210       Kadence Morissette 2005-04-21      62      Kadence    Morissette
#> 3211              Tad Johnson 2005-11-18      29          Tad       Johnson
#> 3212           Cali Considine 2005-07-12      42         Cali     Considine
#> 3213             Masao Deckow 2004-12-20      62        Masao        Deckow
#> 3214        Gussie Bartoletti 2005-04-18     188       Gussie    Bartoletti
#> 3215         Prudie Kertzmann 2005-07-09      48       Prudie     Kertzmann
#> 3216             Lennon Hilll 2005-10-26      28       Lennon         Hilll
#> 3217         Ruthe Macejkovic 2005-10-27      63        Ruthe    Macejkovic
#> 3218              Shane Haley 2004-04-12      15        Shane         Haley
#> 3219         Pleasant Ullrich 2005-10-19     211     Pleasant       Ullrich
#> 3220         Madyson Bergnaum 2005-03-19      80      Madyson      Bergnaum
#> 3221            Almer Osinski 2006-01-28     185        Almer       Osinski
#> 3222            Bea Considine 2005-05-22      73          Bea     Considine
#> 3223             Gerard Bauch 2006-07-11      36       Gerard         Bauch
#> 3224                Shea Feil 2005-03-08     104         Shea          Feil
#> 3225            Isabela Mertz 2005-04-04      26      Isabela         Mertz
#> 3226              Boyd Cronin 2005-10-18     162         Boyd        Cronin
#> 3227             Herman Kling 2005-10-29      53       Herman         Kling
#> 3228              Odessa Haag 2004-07-19      63       Odessa          Haag
#> 3229              Marci Nader 2005-08-17      32        Marci         Nader
#> 3230            Lollie Conroy 2004-08-10      39       Lollie        Conroy
#> 3231       Portia Schamberger 2006-10-20      57       Portia   Schamberger
#> 3232           Ophelia Ernser 2005-01-13     112      Ophelia        Ernser
#> 3233             Kacie Miller 2004-07-19      50        Kacie        Miller
#> 3234             Ruel Ruecker 2005-02-07     202         Ruel       Ruecker
#> 3235            Jazmin Harvey 2005-10-05     204       Jazmin        Harvey
#> 3236              Lupe Kohler 2005-08-11     105         Lupe        Kohler
#> 3237       Chante Stoltenberg 2006-02-18     145       Chante   Stoltenberg
#> 3238         Hessie Gleichner 2004-06-03      20       Hessie     Gleichner
#> 3239             Anice O'Hara 2005-06-11      11        Anice        O'Hara
#> 3240           Lisandro Swift 2004-06-29      58     Lisandro         Swift
#> 3241      Devontae Swaniawski 2004-05-08      28     Devontae    Swaniawski
#> 3242           Zander Lebsack 2006-01-23      54       Zander       Lebsack
#> 3243           Lisandro Swift 2005-01-01      40     Lisandro         Swift
#> 3244         Latesha Bernhard 2005-09-21      75      Latesha      Bernhard
#> 3245           Eugenia Barton 2005-05-04      39      Eugenia        Barton
#> 3246            Ossie Schaden 2006-10-23     151        Ossie       Schaden
#> 3247            Liliana Haley 2005-07-04      24      Liliana         Haley
#> 3248             Rollie Yundt 2005-01-16     210       Rollie         Yundt
#> 3249         Nikolas Shanahan 2006-01-27      48      Nikolas      Shanahan
#> 3250           Britany O'Hara 2006-05-13      10      Britany        O'Hara
#> 3251           Cameron Abbott 2006-09-14      35      Cameron        Abbott
#> 3252              Vernie Ryan 2004-04-08     182       Vernie          Ryan
#> 3253           Shelton Hudson 2004-06-04      89      Shelton        Hudson
#> 3254            Rice Prohaska 2006-01-17      44         Rice      Prohaska
#> 3255         Julisa Halvorson 2005-05-09      33       Julisa     Halvorson
#> 3256            Odelia Rippin 2004-12-12      78       Odelia        Rippin
#> 3257           Butler Schmitt 2005-06-20      62       Butler       Schmitt
#> 3258            Leaner Jacobs 2004-05-30     146       Leaner        Jacobs
#> 3259           Asha Ankunding 2004-09-11      17         Asha     Ankunding
#> 3260           Porsche Mayert 2005-08-22      77      Porsche        Mayert
#> 3261           Letitia Stokes 2005-08-11      20      Letitia        Stokes
#> 3262               Iesha Mraz 2005-08-08      74        Iesha          Mraz
#> 3263            Hansford Moen 2005-04-07     163     Hansford          Moen
#> 3264              Kizzy Doyle 2006-05-09      39        Kizzy         Doyle
#> 3265         Shirlie Nikolaus 2005-08-25      39      Shirlie      Nikolaus
#> 3266            Parker Bailey 2004-01-09     105       Parker        Bailey
#> 3267            Yoselin Bauch 2004-06-15      39      Yoselin         Bauch
#> 3268              Brion Stark 2005-04-02      33        Brion         Stark
#> 3269           Ailene Hermann 2005-10-20      47       Ailene       Hermann
#> 3270         Lillianna Larkin 2005-06-07     172    Lillianna        Larkin
#> 3271           Warren Osinski 2004-07-07     152       Warren       Osinski
#> 3272           Jacklyn Casper 2005-03-26      39      Jacklyn        Casper
#> 3273           Jabbar Dickens 2006-07-24      77       Jabbar       Dickens
#> 3274           Collie Krajcik 2004-05-24      17       Collie       Krajcik
#> 3275          Latosha O'Keefe 2006-06-17      77      Latosha       O'Keefe
#> 3276          Hershel Shields 2005-11-27     111      Hershel       Shields
#> 3277          Kalvin Prosacco 2004-03-09      30       Kalvin      Prosacco
#> 3278             Arletta Jast 2005-05-01     159      Arletta          Jast
#> 3279      Hayleigh Swaniawski 2004-07-06      57     Hayleigh    Swaniawski
#> 3280              Delpha King 2006-08-19      44       Delpha          King
#> 3281           Kelsey Pollich 2005-08-24     152       Kelsey       Pollich
#> 3282            Rakeem Harvey 2004-05-21      52       Rakeem        Harvey
#> 3283              Halle Davis 2005-02-25      49        Halle         Davis
#> 3284       Chante Stoltenberg 2004-11-11     169       Chante   Stoltenberg
#> 3285          Dominick Jewess 2006-06-28      40     Dominick        Jewess
#> 3286            Leala Schuppe 2006-06-21      77        Leala       Schuppe
#> 3287            Franco Kemmer 2006-04-15      45       Franco        Kemmer
#> 3288             Mabell Lemke 2006-07-20     101       Mabell         Lemke
#> 3289           Alysa Cummings 2006-04-13      16        Alysa      Cummings
#> 3290            Maebell Terry 2006-09-15      12      Maebell         Terry
#> 3291      Cristofer VonRueden 2004-06-23      45    Cristofer     VonRueden
#> 3292     Jammie Runolfsdottir 2006-01-15     109       Jammie Runolfsdottir
#> 3293               Elgie Cole 2005-10-22     102        Elgie          Cole
#> 3294           Burton Kuvalis 2005-07-23      58       Burton       Kuvalis
#> 3295            Nikita Becker 2006-03-25     201       Nikita        Becker
#> 3296            Bea Considine 2006-02-22     169          Bea     Considine
#> 3297       Kadence Morissette 2005-01-07      61      Kadence    Morissette
#> 3298             Dwain Skiles 2004-10-27      30        Dwain        Skiles
#> 3299             Vivien Bauch 2004-06-28     128       Vivien         Bauch
#> 3300              Torry Bogan 2006-09-15     127        Torry         Bogan
#> 3301        Demetric Franecki 2006-08-04      33     Demetric      Franecki
#> 3302          Samira Medhurst 2005-05-31     185       Samira      Medhurst
#> 3303       Marlene Runolfsson 2004-05-25     159      Marlene    Runolfsson
#> 3304             Rene Kuhlman 2005-08-03     105         Rene       Kuhlman
#> 3305       Robert Satterfield 2005-07-28      33       Robert   Satterfield
#> 3306            Tobie Carroll 2004-10-10      26        Tobie       Carroll
#> 3307             Anice O'Hara 2005-06-28      30        Anice        O'Hara
#> 3308            Flint Zboncak 2006-02-07     160        Flint       Zboncak
#> 3309            Cheyenne Dach 2004-07-01      56     Cheyenne          Dach
#> 3310               Rohan Wolf 2005-08-16     160        Rohan          Wolf
#> 3311            Tillie Crooks 2005-01-08      76       Tillie        Crooks
#> 3312            Cathey Beatty 2006-04-25      32       Cathey        Beatty
#> 3313            Penni Corkery 2005-06-28      96        Penni       Corkery
#> 3314           Phylis Gaylord 2006-01-28      32       Phylis       Gaylord
#> 3315           Butler Schmitt 2004-09-02      79       Butler       Schmitt
#> 3316            Lovett Legros 2004-07-14     134       Lovett        Legros
#> 3317         Casandra Krajcik 2005-08-08      22     Casandra       Krajcik
#> 3318        Rayburn Wilkinson 2005-02-21      55      Rayburn     Wilkinson
#> 3319          Elmyra Schaefer 2006-02-08      79       Elmyra      Schaefer
#> 3320          Kalvin Prosacco 2004-11-29      34       Kalvin      Prosacco
#> 3321             Herman Kling 2005-11-15      57       Herman         Kling
#> 3322           Jaquelin Weber 2005-02-12     113     Jaquelin         Weber
#> 3323           Britton Brekke 2004-08-23     189      Britton        Brekke
#> 3324            Irwin Ritchie 2004-09-23      53        Irwin       Ritchie
#> 3325            Gracelyn Dare 2005-04-24      49     Gracelyn          Dare
#> 3326             Buddie Terry 2004-08-24     155       Buddie         Terry
#> 3327          Ezzard Bernhard 2005-11-03     102       Ezzard      Bernhard
#> 3328        Carolann Anderson 2004-10-14      37     Carolann      Anderson
#> 3329              Lisha Hayes 2004-03-29      37        Lisha         Hayes
#> 3330          Lillard McGlynn 2005-05-22      35      Lillard       McGlynn
#> 3331          Karissa Kerluke 2005-01-30      57      Karissa       Kerluke
#> 3332          Gilmore Schmitt 2005-04-14     117      Gilmore       Schmitt
#> 3333 Francisquita Heidenreich 2004-12-27      36 Francisquita   Heidenreich
#> 3334             Karen Harvey 2005-06-18     130        Karen        Harvey
#> 3335              Vic Volkman 2005-10-10     140          Vic       Volkman
#> 3336            Rosina Abbott 2004-07-18     197       Rosina        Abbott
#> 3337         Donaciano Corwin 2006-12-19     120    Donaciano        Corwin
#> 3338            Mac Kertzmann 2004-02-14     194          Mac     Kertzmann
#> 3339             Elaine Emard 2005-06-07     126       Elaine         Emard
#> 3340           Nico Dickinson 2004-09-13      53         Nico     Dickinson
#> 3341      Marquise Swaniawski 2004-06-25      98     Marquise    Swaniawski
#> 3342         Hessie Gleichner 2004-06-06      18       Hessie     Gleichner
#> 3343        Gussie McLaughlin 2006-02-07      42       Gussie    McLaughlin
#> 3344            Dow Halvorson 2006-02-17      30          Dow     Halvorson
#> 3345           Ailene Hermann 2005-08-01      50       Ailene       Hermann
#> 3346            Zenas Pacocha 2005-02-06     118        Zenas       Pacocha
#> 3347              Halle Davis 2004-08-28     179        Halle         Davis
#> 3348            Iverson Robel 2005-04-16     157      Iverson         Robel
#> 3349            Mekhi Goyette 2004-11-05      24        Mekhi       Goyette
#> 3350           Shellie Brekke 2004-07-14     118      Shellie        Brekke
#> 3351             Enid Reinger 2005-08-05     188         Enid       Reinger
#> 3352             Mikeal Block 2005-07-23      91       Mikeal         Block
#> 3353     Katherine Balistreri 2006-03-18      36    Katherine    Balistreri
#> 3354          Anjelica Klocko 2005-02-24     173     Anjelica        Klocko
#> 3355        Ginger Wintheiser 2004-09-02     182       Ginger    Wintheiser
#> 3356           Diego Gislason 2005-04-25      42        Diego      Gislason
#> 3357             Eugenie Conn 2004-10-08      72      Eugenie          Conn
#> 3358        Ashleigh Eichmann 2004-10-06     176     Ashleigh      Eichmann
#> 3359                Katy King 2006-04-29      71         Katy          King
#> 3360             Karon Torphy 2005-11-28     217        Karon        Torphy
#> 3361           Helyn Ondricka 2004-04-09      48        Helyn      Ondricka
#> 3362       Marlene Runolfsson 2004-08-17     189      Marlene    Runolfsson
#> 3363           Delisa Kilback 2005-09-15     171       Delisa       Kilback
#> 3364             Floy Krajcik 2004-07-13     176         Floy       Krajcik
#> 3365          Candido Krajcik 2006-07-05     216      Candido       Krajcik
#> 3366          Candido Krajcik 2006-10-21      11      Candido       Krajcik
#> 3367         Gilmer Kertzmann 2004-12-27     213       Gilmer     Kertzmann
#> 3368          Shantel Jenkins 2005-01-06      54      Shantel       Jenkins
#> 3369       Claudette Cummings 2005-08-18      33    Claudette      Cummings
#> 3370           Jerrell Wisozk 2005-05-25      78      Jerrell        Wisozk
#> 3371           Enos VonRueden 2005-04-11      45         Enos     VonRueden
#> 3372             Jeffie Johns 2004-06-18      37       Jeffie         Johns
#> 3373          Monique Reichel 2005-07-04     139      Monique       Reichel
#> 3374               Donal Auer 2004-08-09     107        Donal          Auer
#> 3375            Willian Runte 2004-08-06     109      Willian         Runte
#> 3376             Pratt Crooks 2004-11-10      50        Pratt        Crooks
#> 3377              Hoke Jacobs 2006-08-20      68         Hoke        Jacobs
#> 3378      Jaheem Pfannerstill 2005-09-09      83       Jaheem  Pfannerstill
#> 3379              Saint Doyle 2006-04-27      29        Saint         Doyle
#> 3380            Jeanette Lind 2005-07-25     146     Jeanette          Lind
#> 3381          Jeff Bartoletti 2004-12-30      18         Jeff    Bartoletti
#> 3382          Ryland Predovic 2004-11-15     147       Ryland      Predovic
#> 3383              Vernie Ryan 2005-08-27      50       Vernie          Ryan
#> 3384               Mont Mertz 2006-08-28     112         Mont         Mertz
#> 3385            Alberto Kunze 2006-06-04      61      Alberto         Kunze
#> 3386          Kalvin Prosacco 2005-06-24     157       Kalvin      Prosacco
#> 3387          Kelcie Schimmel 2004-12-05     132       Kelcie      Schimmel
#> 3388           Orpha Bernhard 2005-04-10      46        Orpha      Bernhard
#> 3389             Cary McGlynn 2006-05-23      60         Cary       McGlynn
#> 3390              Grady Beier 2005-11-18     145        Grady         Beier
#> 3391              Carlyn Mann 2006-07-12      57       Carlyn          Mann
#> 3392             Gee Nitzsche 2004-05-06      62          Gee      Nitzsche
#> 3393         Elian Vandervort 2004-08-19      51        Elian    Vandervort
#> 3394             Marty Wisozk 2005-02-10      42        Marty        Wisozk
#> 3395          Lucious Langosh 2005-03-29      78      Lucious       Langosh
#> 3396           Berkley Ernser 2004-08-14     136      Berkley        Ernser
#> 3397         Pleasant Ullrich 2005-08-10     207     Pleasant       Ullrich
#> 3398        Cherrelle Bartell 2006-03-25      28    Cherrelle       Bartell
#> 3399            Triston Mills 2006-02-02      15      Triston         Mills
#> 3400              Noma Hessel 2005-07-29      72         Noma        Hessel
#> 3401              Alva Klocko 2004-09-24     146         Alva        Klocko
#> 3402         Schuyler Volkman 2005-09-15      64     Schuyler       Volkman
#> 3403           Nico Dickinson 2004-08-04      43         Nico     Dickinson
#> 3404            Donie Stroman 2005-08-25      63        Donie       Stroman
#> 3405            Jaliyah Purdy 2006-05-04      30      Jaliyah         Purdy
#> 3406            Cleveland Fay 2005-08-12      58    Cleveland           Fay
#> 3407           Isidore Skiles 2004-11-26      19      Isidore        Skiles
#> 3408        Carmella Schiller 2004-09-08     143     Carmella      Schiller
#> 3409            Lacey Sanford 2005-08-18      24        Lacey       Sanford
#> 3410           Ophelia Ernser 2004-10-08     154      Ophelia        Ernser
#> 3411              Delpha King 2004-09-04      89       Delpha          King
#> 3412         Suzette Hartmann 2006-03-15      56      Suzette      Hartmann
#> 3413             Link Carroll 2005-07-08      30         Link       Carroll
#> 3414               Ewart Haag 2005-06-03      43        Ewart          Haag
#> 3415        Mariano Lueilwitz 2004-03-28      17      Mariano     Lueilwitz
#> 3416           Reanna O'Keefe 2006-04-02     217       Reanna       O'Keefe
#> 3417       Mozell Greenfelder 2006-06-30      46       Mozell   Greenfelder
#> 3418          Wilfredo Wisozk 2005-08-15     168     Wilfredo        Wisozk
#> 3419             Jimmy Mayert 2004-12-03      65        Jimmy        Mayert
#> 3420       Chante Stoltenberg 2005-05-26      21       Chante   Stoltenberg
#> 3421              Ala Schmidt 2006-01-16     149          Ala       Schmidt
#> 3422           Warner Kessler 2006-03-16      59       Warner       Kessler
#> 3423         Hildegard Murray 2005-03-04      68    Hildegard        Murray
#> 3424            Texas Keebler 2005-05-22     192        Texas       Keebler
#> 3425              Janeen West 2004-04-04      78       Janeen          West
#> 3426           Madison Lehner 2004-12-21     115      Madison        Lehner
#> 3427      Verlin Christiansen 2005-07-11     120       Verlin  Christiansen
#> 3428            Howard Zulauf 2005-06-10     113       Howard        Zulauf
#> 3429             Ila Leuschke 2004-11-24      65          Ila      Leuschke
#> 3430        Demetric Franecki 2005-11-18     123     Demetric      Franecki
#> 3431              Marci Nader 2004-04-22      46        Marci         Nader
#> 3432           Charlton Kutch 2004-05-20     103     Charlton         Kutch
#> 3433         Stephaine Graham 2006-07-16      75    Stephaine        Graham
#> 3434           Alysa Cummings 2006-12-30      71        Alysa      Cummings
#> 3435              Handy Walsh 2005-10-20      51        Handy         Walsh
#> 3436        Alvera Balistreri 2004-02-23      66       Alvera    Balistreri
#> 3437         Prudie Kertzmann 2006-10-04      36       Prudie     Kertzmann
#> 3438        Rayburn Wilkinson 2004-09-01      35      Rayburn     Wilkinson
#> 3439           Sharyn Barrows 2006-07-29      26       Sharyn       Barrows
#> 3440            Deena Ziemann 2005-02-04      72        Deena       Ziemann
#> 3441        Haleigh Wilkinson 2006-06-16      38      Haleigh     Wilkinson
#> 3442               Ewart Haag 2004-09-02      56        Ewart          Haag
#> 3443              Semaj Sauer 2004-12-18      46        Semaj         Sauer
#> 3444          Dominick Jewess 2004-05-16     215     Dominick        Jewess
#> 3445             Chase Skiles 2004-09-11     149        Chase        Skiles
#> 3446              Lott Larkin 2004-08-23      65         Lott        Larkin
#> 3447             Raheem Bosco 2006-08-29      58       Raheem         Bosco
#> 3448            Soren Gleason 2004-03-03      78        Soren       Gleason
#> 3449          Hassie Schiller 2006-06-27      59       Hassie      Schiller
#> 3450          Benjamin Barton 2005-09-17     110     Benjamin        Barton
#> 3451           Fronnie Kemmer 2004-04-17     207      Fronnie        Kemmer
#> 3452          Suzette Pollich 2006-01-29      80      Suzette       Pollich
#> 3453            Malcolm Bogan 2004-11-23      46      Malcolm         Bogan
#> 3454             Michale Howe 2004-12-10      31      Michale          Howe
#> 3455            Malcolm Bogan 2004-12-27      29      Malcolm         Bogan
#> 3456               Ivy Kohler 2005-08-03      26          Ivy        Kohler
#> 3457           Izetta Stracke 2004-03-05      63       Izetta       Stracke
#> 3458          Pansy Bergstrom 2005-09-05      29        Pansy     Bergstrom
#> 3459             Riley Heller 2005-05-29      76        Riley        Heller
#> 3460            Nealy Stanton 2004-10-07      34        Nealy       Stanton
#> 3461              Kizzy Doyle 2005-08-08      56        Kizzy         Doyle
#> 3462          Kelcie Schimmel 2005-06-20      19       Kelcie      Schimmel
#> 3463            Lucia Flatley 2006-02-25     168        Lucia       Flatley
#> 3464         Jessica Connelly 2005-11-09      16      Jessica      Connelly
#> 3465             Karen Harvey 2004-10-01      31        Karen        Harvey
#> 3466           Agness O'Keefe 2006-10-02     170       Agness       O'Keefe
#> 3467           Jerrell Wisozk 2006-09-09     213      Jerrell        Wisozk
#> 3468          Danika Schulist 2005-10-14     116       Danika      Schulist
#> 3469               Kyle Doyle 2004-06-15      72         Kyle         Doyle
#> 3470            Jadiel Wunsch 2005-03-20     131       Jadiel        Wunsch
#> 3471                Vic Bauch 2006-10-28     178          Vic         Bauch
#> 3472         Gilmer Kertzmann 2004-05-12     187       Gilmer     Kertzmann
#> 3473           Arnoldo Grimes 2005-07-14      58      Arnoldo        Grimes
#> 3474        Gianna Stiedemann 2005-04-28     147       Gianna    Stiedemann
#> 3475        Travis Cartwright 2005-01-22      65       Travis    Cartwright
#> 3476                 Kyla Orn 2004-03-10      75         Kyla           Orn
#> 3477        Malcolm Heathcote 2005-08-14     155      Malcolm     Heathcote
#> 3478              Hoke Jacobs 2004-05-31     208         Hoke        Jacobs
#> 3479             Elroy Kirlin 2004-06-06      59        Elroy        Kirlin
#> 3480         Dennie Powlowski 2004-02-27     107       Dennie     Powlowski
#> 3481           Eugenia Barton 2005-06-02      74      Eugenia        Barton
#> 3482              Nada Barton 2005-10-17     153         Nada        Barton
#> 3483             Hosie Howell 2005-03-30      31        Hosie        Howell
#> 3484           Ailene Hermann 2004-07-11      75       Ailene       Hermann
#> 3485           Warren Osinski 2006-01-17      18       Warren       Osinski
#> 3486           Catalina Ortiz 2005-05-02     164     Catalina         Ortiz
#> 3487           Kendrick Boyle 2005-08-17      98     Kendrick         Boyle
#> 3488              Elam Hirthe 2004-06-05      32         Elam        Hirthe
#> 3489           Giada Weissnat 2005-04-30      79        Giada      Weissnat
#> 3490        Hjalmar Langworth 2006-09-03      92      Hjalmar     Langworth
#> 3491          Hunter Botsford 2004-05-28     100       Hunter      Botsford
#> 3492            Mykel Johnson 2006-01-02      87        Mykel       Johnson
#> 3493               Rohan Wolf 2004-07-10     156        Rohan          Wolf
#> 3494        Anabel Jakubowski 2006-07-20      51       Anabel    Jakubowski
#> 3495             Lennon Hilll 2004-09-26     146       Lennon         Hilll
#> 3496         Herschel Flatley 2005-05-05      96     Herschel       Flatley
#> 3497             Enid Reinger 2004-10-19      44         Enid       Reinger
#> 3498            Hiroshi Terry 2005-04-25      23      Hiroshi         Terry
#> 3499         Nikolas Shanahan 2005-08-25      60      Nikolas      Shanahan
#> 3500         Kingston Waelchi 2004-07-14     163     Kingston       Waelchi
#> 3501           Abbey O'Reilly 2006-06-09      20        Abbey      O'Reilly
#> 3502           Josette Bailey 2005-10-08     204      Josette        Bailey
#> 3503              Boyd Cronin 2005-09-29     135         Boyd        Cronin
#> 3504         Christi Connelly 2004-06-23      32      Christi      Connelly
#> 3505         Dustyn Rodriguez 2005-06-10      34       Dustyn     Rodriguez
#> 3506               Von Cassin 2005-06-26      29          Von        Cassin
#> 3507            Rakeem Harvey 2004-03-28      39       Rakeem        Harvey
#> 3508           Nico Dickinson 2005-04-24      15         Nico     Dickinson
#> 3509        Loretta Lueilwitz 2005-03-20      79      Loretta     Lueilwitz
#> 3510           Vinson Tillman 2005-05-10      52       Vinson       Tillman
#> 3511            Hiroshi Terry 2006-05-06      28      Hiroshi         Terry
#> 3512         Marrion Emmerich 2006-08-04      95      Marrion      Emmerich
#> 3513           Regina Collins 2004-04-11      26       Regina       Collins
#> 3514             Rebeca Kling 2004-06-17     193       Rebeca         Kling
#> 3515             Dwain Skiles 2004-08-10     137        Dwain        Skiles
#> 3516           Jabbar Dickens 2005-08-28     137       Jabbar       Dickens
#> 3517           Kendal Wiegand 2005-04-22      30       Kendal       Wiegand
#> 3518           Cristen Hammes 2005-12-04     158      Cristen        Hammes
#> 3519           Omie Cummerata 2005-07-30      21         Omie     Cummerata
#> 3520        Egbert McLaughlin 2006-10-29      63       Egbert    McLaughlin
#> 3521            Aileen Barton 2004-03-07     147       Aileen        Barton
#> 3522           Lavern Pfeffer 2005-06-30     186       Lavern       Pfeffer
#> 3523          Arlyn Dickinson 2005-08-30      68        Arlyn     Dickinson
#> 3524              Michal Feil 2005-03-02     116       Michal          Feil
#> 3525         Lillianna Larkin 2005-04-01      13    Lillianna        Larkin
#> 3526            Alf Lueilwitz 2005-09-06     155          Alf     Lueilwitz
#> 3527        Vivian McLaughlin 2004-05-08      39       Vivian    McLaughlin
#> 3528             Hildur Mante 2005-07-19      61       Hildur         Mante
#> 3529             Laurel Morar 2005-10-27      55       Laurel         Morar
#> 3530           Cristi Quitzon 2005-04-18     125       Cristi       Quitzon
#> 3531             Fredric Funk 2004-08-07     116      Fredric          Funk
#> 3532           William Sawayn 2006-02-13     167      William        Sawayn
#> 3533           Shellie Brekke 2005-05-11     146      Shellie        Brekke
#> 3534         Rochelle Johnson 2006-04-06     170     Rochelle       Johnson
#> 3535           Winifred Hills 2005-03-13     215     Winifred         Hills
#> 3536             Amina Renner 2005-07-12      77        Amina        Renner
#> 3537             Kacie Miller 2005-04-18      83        Kacie        Miller
#> 3538            Iverson Robel 2006-03-07      47      Iverson         Robel
#> 3539     Katherine Balistreri 2005-09-12      46    Katherine    Balistreri
#> 3540          Dorotha Kuvalis 2006-05-16     216      Dorotha       Kuvalis
#> 3541           Caylee Carroll 2005-09-30      51       Caylee       Carroll
#> 3542           Hosea Schiller 2005-11-16     205        Hosea      Schiller
#> 3543          Eddie Armstrong 2004-07-22      64        Eddie     Armstrong
#> 3544                Roma Rath 2004-04-05      24         Roma          Rath
#> 3545             Jeff Denesik 2006-04-15     175         Jeff       Denesik
#> 3546               Arno Blick 2006-09-13     103         Arno         Blick
#> 3547               Ean Raynor 2004-05-20      47          Ean        Raynor
#> 3548            Michal Murphy 2004-03-14     164       Michal        Murphy
#> 3549          Jeff Bartoletti 2004-02-24      24         Jeff    Bartoletti
#> 3550              Shane Haley 2004-10-14     188        Shane         Haley
#> 3551             Tarik Marvin 2005-05-25      36        Tarik        Marvin
#> 3552          Cato Cartwright 2004-04-12      56         Cato    Cartwright
#> 3553            Haden Kautzer 2005-10-23     169        Haden       Kautzer
#> 3554             Vick Okuneva 2006-04-07     108         Vick       Okuneva
#> 3555            Breann Harris 2004-09-08      79       Breann        Harris
#> 3556              Carlyn Mann 2004-06-25     114       Carlyn          Mann
#> 3557             Lilah Blanda 2005-10-18      42        Lilah        Blanda
#> 3558           Warren Osinski 2005-03-01      14       Warren       Osinski
#> 3559           Hattie Roberts 2005-03-13      25       Hattie       Roberts
#> 3560            Jessica Koepp 2004-05-17      34      Jessica         Koepp
#> 3561       Margarita O'Reilly 2006-07-22     103    Margarita      O'Reilly
#> 3562                Kelis Rau 2005-07-25      35        Kelis           Rau
#> 3563           Rosanne Maggio 2006-04-30     167      Rosanne        Maggio
#> 3564              Josef Lemke 2004-09-04     182        Josef         Lemke
#> 3565              Sadie Upton 2004-02-10     187        Sadie         Upton
#> 3566            Ariane Hansen 2005-03-26      39       Ariane        Hansen
#> 3567         Alwina Wilkinson 2005-05-16     217       Alwina     Wilkinson
#> 3568         Neppie Armstrong 2005-05-03     219       Neppie     Armstrong
#> 3569         Anderson Quitzon 2004-05-21     110     Anderson       Quitzon
#> 3570         Niles Altenwerth 2004-06-14     102        Niles    Altenwerth
#> 3571             Sherie Mayer 2005-09-07     199       Sherie         Mayer
#> 3572         Dulce Wintheiser 2004-06-22      65        Dulce    Wintheiser
#> 3573             Claire Terry 2004-08-20      85       Claire         Terry
#> 3574             Rebeca Kling 2005-06-19     101       Rebeca         Kling
#> 3575      Margarette Eichmann 2005-09-06     119   Margarette      Eichmann
#> 3576             Elaine Emard 2004-09-13      37       Elaine         Emard
#> 3577           Caylee Carroll 2006-05-05     105       Caylee       Carroll
#> 3578        Hughey Bartoletti 2004-04-01      63       Hughey    Bartoletti
#> 3579             Mabell Lemke 2004-03-21      48       Mabell         Lemke
#> 3580            Hansford Moen 2005-05-19      99     Hansford          Moen
#> 3581              Corda Towne 2006-07-01     219        Corda         Towne
#> 3582             Jules Jacobi 2004-05-26     198        Jules        Jacobi
#> 3583           Aubrey Witting 2005-01-28      38       Aubrey       Witting
#> 3584          Elmyra Schaefer 2004-06-04      51       Elmyra      Schaefer
#> 3585           Aubrey Witting 2006-11-08      49       Aubrey       Witting
#> 3586         Fronnie Schaefer 2006-11-10     177      Fronnie      Schaefer
#> 3587           Leyla Dietrich 2004-10-25      50        Leyla      Dietrich
#> 3588              Nada Barton 2006-09-08      91         Nada        Barton
#> 3589            Valorie Kling 2005-09-08      55      Valorie         Kling
#> 3590             Jimmy Mayert 2005-01-07     116        Jimmy        Mayert
#> 3591           Shakira Stokes 2006-10-17      68      Shakira        Stokes
#> 3592          Dorotha Kuvalis 2005-04-18      96      Dorotha       Kuvalis
#> 3593               Posey Metz 2006-07-01     188        Posey          Metz
#> 3594         Laisha VonRueden 2006-12-04      13       Laisha     VonRueden
#> 3595           Mervin Pfeffer 2004-04-16     218       Mervin       Pfeffer
#> 3596           Sharyn Barrows 2004-07-02      28       Sharyn       Barrows
#> 3597           Manuel DuBuque 2004-04-18     143       Manuel       DuBuque
#> 3598              Ariel Yundt 2005-11-15      95        Ariel         Yundt
#> 3599                Art Hyatt 2004-06-29     112          Art         Hyatt
#> 3600           Ailene Hermann 2004-02-22      68       Ailene       Hermann
#> 3601           Eugenia Barton 2006-05-27     100      Eugenia        Barton
#> 3602              Kole Crooks 2004-06-16     111         Kole        Crooks
#> 3603             Lynn Gleason 2004-07-21      36         Lynn       Gleason
#> 3604           Jabbar Dickens 2005-06-01     146       Jabbar       Dickens
#> 3605          Garfield Hammes 2004-01-09     111     Garfield        Hammes
#> 3606          Iliana O'Conner 2004-01-10      33       Iliana      O'Conner
#> 3607           Rosanne Maggio 2006-10-25      50      Rosanne        Maggio
#> 3608             Exie Shields 2006-05-18      12         Exie       Shields
#> 3609             Kristy Kunde 2004-05-18     113       Kristy         Kunde
#> 3610        Gussie Bartoletti 2005-05-12      32       Gussie    Bartoletti
#> 3611            Davian Stokes 2006-08-10      25       Davian        Stokes
#> 3612         Donaciano Corwin 2005-05-18     104    Donaciano        Corwin
#> 3613           Marcelo Wunsch 2005-10-11      52      Marcelo        Wunsch
#> 3614         Rochelle Johnson 2004-04-07     173     Rochelle       Johnson
#> 3615           Friend Stracke 2005-10-01     141       Friend       Stracke
#> 3616          Forest Hartmann 2004-08-05     146       Forest      Hartmann
#> 3617              Roni Carter 2006-05-20     142         Roni        Carter
#> 3618             Aleena Berge 2005-09-22     143       Aleena         Berge
#> 3619          Vernell Lockman 2006-05-09     153      Vernell       Lockman
#> 3620         Mathilda Farrell 2005-07-24      75     Mathilda       Farrell
#> 3621              Jaime Nader 2004-12-22     105        Jaime         Nader
#> 3622         Emanuel Reichert 2005-07-12     168      Emanuel      Reichert
#> 3623             Letta Daniel 2004-03-09     105        Letta        Daniel
#> 3624           Warren Osinski 2006-04-10     210       Warren       Osinski
#> 3625           Letitia Stokes 2005-07-16      27      Letitia        Stokes
#> 3626             Dandre Nolan 2004-05-24      30       Dandre         Nolan
#> 3627            Keenen Parker 2006-06-12      20       Keenen        Parker
#> 3628           Eugenia Barton 2005-02-23     117      Eugenia        Barton
#> 3629     Jammie Runolfsdottir 2004-12-17      65       Jammie Runolfsdottir
#> 3630             Lydia Willms 2005-09-13      63        Lydia        Willms
#> 3631            Iverson Robel 2004-04-26      28      Iverson         Robel
#> 3632               Bessie Kub 2005-04-20      63       Bessie           Kub
#> 3633        Haleigh Wilkinson 2005-02-09      78      Haleigh     Wilkinson
#> 3634             Herman Kling 2005-06-14     112       Herman         Kling
#> 3635             Ras Kshlerin 2006-10-14     115          Ras      Kshlerin
#> 3636           Gregg Franecki 2004-04-13      27        Gregg      Franecki
#> 3637        Rayburn Wilkinson 2005-06-18      20      Rayburn     Wilkinson
#> 3638            Valorie Kling 2006-07-29      71      Valorie         Kling
#> 3639           Nery Ankunding 2004-08-12      35         Nery     Ankunding
#> 3640              Sol Zboncak 2005-08-10      43          Sol       Zboncak
#> 3641            Rakeem Harvey 2004-05-11      46       Rakeem        Harvey
#> 3642            Etta Franecki 2005-09-06     117         Etta      Franecki
#> 3643        Gussie McLaughlin 2005-05-08     155       Gussie    McLaughlin
#> 3644            Malcolm Bogan 2006-04-07     146      Malcolm         Bogan
#> 3645            Hansford Moen 2006-06-28     166     Hansford          Moen
#> 3646             Jerald Hintz 2005-07-09      14       Jerald         Hintz
#> 3647                 Kyla Orn 2005-08-29      36         Kyla           Orn
#> 3648           Ned Swaniawski 2005-07-23     101          Ned    Swaniawski
#> 3649               Ewart Haag 2004-02-20      28        Ewart          Haag
#> 3650         Latesha Bernhard 2005-05-06      61      Latesha      Bernhard
#> 3651         Marrion Emmerich 2004-09-29     113      Marrion      Emmerich
#> 3652              Elam Hirthe 2004-04-22     192         Elam        Hirthe
#> 3653            Cheyenne Dach 2006-07-31      22     Cheyenne          Dach
#> 3654          Hurley Schiller 2005-06-30     117       Hurley      Schiller
#> 3655        Catharine Pacocha 2004-10-29      48    Catharine       Pacocha
#> 3656            Gracelyn Dare 2006-09-10      37     Gracelyn          Dare
#> 3657          Elenora Trantow 2005-03-24      49      Elenora       Trantow
#> 3658        Harrie Swaniawski 2005-02-16     218       Harrie    Swaniawski
#> 3659            Magdalen Ward 2005-07-16      72     Magdalen          Ward
#> 3660               Donal Auer 2006-03-22     155        Donal          Auer
#> 3661             Exie Gutmann 2005-10-20     100         Exie       Gutmann
#> 3662             Shania Stamm 2004-07-15      19       Shania         Stamm
#> 3663            Triston Mills 2004-06-13     195      Triston         Mills
#> 3664         Buffy Williamson 2006-03-08      32        Buffy    Williamson
#> 3665              Fount Towne 2006-08-15     145        Fount         Towne
#> 3666        Catharine Pacocha 2005-05-09     196    Catharine       Pacocha
#> 3667            Mekhi Goyette 2004-12-03      77        Mekhi       Goyette
#> 3668         Dulce Wintheiser 2004-03-02      68        Dulce    Wintheiser
#> 3669           Diego Gislason 2006-04-14      42        Diego      Gislason
#> 3670              Werner Hahn 2006-07-15     132       Werner          Hahn
#> 3671       Claudette Cummings 2004-02-27      41    Claudette      Cummings
#> 3672              Ray Stanton 2004-09-18     188          Ray       Stanton
#> 3673              Michal Feil 2004-05-19      48       Michal          Feil
#> 3674       Waldemar Greenholt 2006-04-08     108     Waldemar     Greenholt
#> 3675           Somer Turcotte 2004-01-14      38        Somer      Turcotte
#> 3676          Iliana Donnelly 2004-07-01     114       Iliana      Donnelly
#> 3677             Hansel Kiehn 2006-08-19      44       Hansel         Kiehn
#> 3678               Zola Nolan 2006-04-25      52         Zola         Nolan
#> 3679            Cheyenne Dach 2004-07-29     165     Cheyenne          Dach
#> 3680           Omie Cummerata 2005-06-16      79         Omie     Cummerata
#> 3681        Madelyn Hermiston 2004-07-27      45      Madelyn     Hermiston
#> 3682           Asha Ankunding 2005-10-29      35         Asha     Ankunding
#> 3683        Bernetta O'Conner 2006-09-08      95     Bernetta      O'Conner
#> 3684           Britany O'Hara 2005-07-17      62      Britany        O'Hara
#> 3685           Latifah Carter 2005-11-28     193      Latifah        Carter
#> 3686            Jazlyn Casper 2005-07-11     117       Jazlyn        Casper
#> 3687       Erastus Macejkovic 2005-11-03     125      Erastus    Macejkovic
#> 3688            Soren Gleason 2005-05-14      16        Soren       Gleason
#> 3689         Mathilda Farrell 2005-07-12     101     Mathilda       Farrell
#> 3690            Ariane Hansen 2005-03-25      39       Ariane        Hansen
#> 3691               Bree Stehr 2004-08-16     200         Bree         Stehr
#> 3692          Jeramiah Cronin 2006-10-27     102     Jeramiah        Cronin
#> 3693         Lovisa Wilkinson 2005-07-24      24       Lovisa     Wilkinson
#> 3694            Elda Schmeler 2005-07-10     107         Elda      Schmeler
#> 3695            Deena Ziemann 2006-08-16     201        Deena       Ziemann
#> 3696            Aiyanna Bruen 2006-04-29      71      Aiyanna         Bruen
#> 3697              Vito Ernser 2006-12-18     123         Vito        Ernser
#> 3698      Alessandro Weissnat 2005-08-07     136   Alessandro      Weissnat
#> 3699            Lacy Connelly 2005-09-21      11         Lacy      Connelly
#> 3700           Avah Schneider 2004-04-14      72         Avah     Schneider
#> 3701             Marty Wisozk 2004-10-31     189        Marty        Wisozk
#> 3702             Sherie Mayer 2004-02-19      53       Sherie         Mayer
#> 3703            Elinore Doyle 2005-03-28      31      Elinore         Doyle
#> 3704              Burke Boehm 2004-05-27     146        Burke         Boehm
#> 3705      Cristofer VonRueden 2005-12-26      84    Cristofer     VonRueden
#> 3706           Erica Gottlieb 2004-09-07     117        Erica      Gottlieb
#> 3707            Tillie Crooks 2006-07-20     120       Tillie        Crooks
#> 3708            Mac Kertzmann 2005-06-07     115          Mac     Kertzmann
#> 3709           Letitia Stokes 2004-08-08     117      Letitia        Stokes
#> 3710           Christal Wolff 2005-05-10      46     Christal         Wolff
#> 3711               Collie Von 2005-08-07      31       Collie           Von
#> 3712             Shaun Rempel 2004-08-12      63        Shaun        Rempel
#> 3713             Claire Terry 2006-07-17     115       Claire         Terry
#> 3714             Lennon Hilll 2004-07-15      51       Lennon         Hilll
#> 3715               Julia Koch 2004-05-25      18        Julia          Koch
#> 3716           Jerrell Wisozk 2004-06-19     177      Jerrell        Wisozk
#> 3717           Tegan O'Conner 2006-07-07     100        Tegan      O'Conner
#> 3718               Posey Metz 2006-02-16      34        Posey          Metz
#> 3719       Waldemar Greenholt 2005-07-01     202     Waldemar     Greenholt
#> 3720             Alcide Rohan 2005-04-15      44       Alcide         Rohan
#> 3721         Prudie Kertzmann 2005-11-17     211       Prudie     Kertzmann
#> 3722            Davian Ledner 2005-06-03     182       Davian        Ledner
#> 3723          Arlyn Dickinson 2004-12-31     115        Arlyn     Dickinson
#> 3724             Paulo Torphy 2004-06-15      64        Paulo        Torphy
#> 3725              Kelcie Yost 2005-06-19     103       Kelcie          Yost
#> 3726           Murl Wilkinson 2005-04-23     117         Murl     Wilkinson
#> 3727           Nico Dickinson 2004-02-26      91         Nico     Dickinson
#> 3728           Verona Langosh 2004-12-25      92       Verona       Langosh
#> 3729              Wendi Purdy 2004-01-05     145        Wendi         Purdy
#> 3730            Deena Ziemann 2006-07-07      41        Deena       Ziemann
#> 3731           Gunner Wiegand 2005-10-05      57       Gunner       Wiegand
#> 3732             Raheem Bosco 2006-08-22      38       Raheem         Bosco
#> 3733            Parker Bailey 2004-05-01      52       Parker        Bailey
#> 3734        Finnegan Franecki 2004-11-24      53     Finnegan      Franecki
#> 3735           Admiral Senger 2005-06-25     115      Admiral        Senger
#> 3736               Coley Lind 2005-10-13     115        Coley          Lind
#> 3737             Exie Shields 2005-03-23      34         Exie       Shields
#> 3738              Hoke Jacobs 2005-06-21     122         Hoke        Jacobs
#> 3739             Cary McGlynn 2005-05-08      48         Cary       McGlynn
#> 3740            Nikolai Welch 2005-03-07      64      Nikolai         Welch
#> 3741              Vito Ernser 2005-03-23      55         Vito        Ernser
#> 3742            Peyton Larson 2005-08-20      72       Peyton        Larson
#> 3743         Pleasant Ullrich 2005-10-04      63     Pleasant       Ullrich
#> 3744             Blair Erdman 2006-06-30     151        Blair        Erdman
#> 3745            Leala Schuppe 2004-03-09     109        Leala       Schuppe
#> 3746            Perley Renner 2004-04-24      45       Perley        Renner
#> 3747                Edw Frami 2004-06-07     116          Edw         Frami
#> 3748     Katherine Balistreri 2004-12-26     208    Katherine    Balistreri
#> 3749        Giuseppe Tremblay 2004-05-13      72     Giuseppe      Tremblay
#> 3750             Lesta Carter 2005-04-23      70        Lesta        Carter
#> 3751             Mendy Ledner 2006-08-11     154        Mendy        Ledner
#> 3752           Orpha Bernhard 2005-03-21     177        Orpha      Bernhard
#> 3753           Errol Bogisich 2005-02-15      81        Errol      Bogisich
#> 3754          Ryland Predovic 2004-03-28     204       Ryland      Predovic
#> 3755             Jerald Hintz 2006-07-05     148       Jerald         Hintz
#> 3756              Ray Stanton 2005-08-16      67          Ray       Stanton
#> 3757             Tomika Koepp 2004-06-01     213       Tomika         Koepp
#> 3758        Cristine Baumbach 2005-05-06     117     Cristine      Baumbach
#> 3759      Katherine Schroeder 2005-08-01      39    Katherine     Schroeder
#> 3760            Elinore Doyle 2004-02-13     113      Elinore         Doyle
#> 3761           Abbey O'Reilly 2005-07-16      47        Abbey      O'Reilly
#> 3762            Lary Champlin 2006-08-29      89         Lary      Champlin
#> 3763             Kacie Miller 2005-05-27      22        Kacie        Miller
#> 3764          Lucious Langosh 2005-05-27      64      Lucious       Langosh
#> 3765         Valencia Keebler 2006-02-06      10     Valencia       Keebler
#> 3766            Florine Jones 2004-06-22      16      Florine         Jones
#> 3767             Lilah Blanda 2006-06-12      28        Lilah        Blanda
#> 3768                Katy King 2005-05-26      69         Katy          King
#> 3769           Eugenia Barton 2006-01-10      63      Eugenia        Barton
#> 3770           Jeremie Wehner 2004-08-02      56      Jeremie        Wehner
#> 3771             Enid Reinger 2005-09-08      68         Enid       Reinger
#> 3772             Shania Stamm 2006-05-16     121       Shania         Stamm
#> 3773             Fredric Funk 2005-10-18      41      Fredric          Funk
#> 3774           Butler Schmitt 2005-11-19     149       Butler       Schmitt
#> 3775            Virgel Grimes 2005-06-21     158       Virgel        Grimes
#> 3776              Kamren Moen 2005-09-23      45       Kamren          Moen
#> 3777            Tegan Farrell 2004-08-03     120        Tegan       Farrell
#> 3778             Pink Murazik 2004-03-04     192         Pink       Murazik
#> 3779              Tad Johnson 2005-08-28     156          Tad       Johnson
#> 3780           Goldie Smitham 2005-07-12      28       Goldie       Smitham
#> 3781           Oley Schroeder 2004-06-02     196         Oley     Schroeder
#> 3782          Damarcus Erdman 2005-09-27     189     Damarcus        Erdman
#> 3783            Esker Cormier 2006-01-12      75        Esker       Cormier
#> 3784           Patience Ferry 2005-06-07      33     Patience         Ferry
#> 3785           Devante O'Hara 2006-10-11      37      Devante        O'Hara
#> 3786          Marissa Goyette 2005-10-14     107      Marissa       Goyette
#> 3787             Braelyn King 2005-02-08      44      Braelyn          King
#> 3788              Joann Yundt 2005-04-15      35        Joann         Yundt
#> 3789            Olena Kessler 2006-05-31     120        Olena       Kessler
#> 3790             Hampton Rath 2004-10-19      63      Hampton          Rath
#> 3791           Izetta Stracke 2005-08-03      62       Izetta       Stracke
#> 3792              Karren Funk 2005-05-16      47       Karren          Funk
#> 3793           Collie Krajcik 2005-07-12     115       Collie       Krajcik
#> 3794           Fredrick Klein 2005-11-06      64     Fredrick         Klein
#> 3795          Krista Hartmann 2005-02-04      20       Krista      Hartmann
#> 3796          Michell Gerlach 2005-05-23      66      Michell       Gerlach
#> 3797           Anastasia Howe 2004-06-06     119    Anastasia          Howe
#> 3798           Mohammad Smith 2005-06-20      56     Mohammad         Smith
#> 3799             Verna Hudson 2005-11-23     177        Verna        Hudson
#> 3800              Burns Mayer 2005-07-04      30        Burns         Mayer
#> 3801           Tamika Labadie 2004-10-11      63       Tamika       Labadie
#> 3802              Janel Koepp 2006-01-17      38        Janel         Koepp
#> 3803              Mistie Torp 2005-05-11      35       Mistie          Torp
#> 3804              Tori Bailey 2006-08-08      77         Tori        Bailey
#> 3805         Latesha Bernhard 2005-11-11      42      Latesha      Bernhard
#> 3806           Jaquelin Weber 2006-02-18      26     Jaquelin         Weber
#> 3807               Etta Towne 2004-07-07     177         Etta         Towne
#> 3808              Elias Huels 2005-04-18      44        Elias         Huels
#> 3809             Enid Reinger 2006-07-29      72         Enid       Reinger
#> 3810           Harlon Rolfson 2005-10-08     121       Harlon       Rolfson
#> 3811            Jeanette Lind 2004-08-04      70     Jeanette          Lind
#> 3812              Elias Huels 2004-12-12     215        Elias         Huels
#> 3813            Tobie Carroll 2004-09-11     108        Tobie       Carroll
#> 3814             Kem Medhurst 2006-03-19      61          Kem      Medhurst
#> 3815          Samira Medhurst 2004-09-08     133       Samira      Medhurst
#> 3816                Art Hyatt 2004-08-29     186          Art         Hyatt
#> 3817          Halley Johnston 2005-09-07     196       Halley      Johnston
#> 3818             Hansel Kiehn 2004-04-15      47       Hansel         Kiehn
#> 3819             Tarik Marvin 2004-09-28     103        Tarik        Marvin
#> 3820            Fount Flatley 2004-09-10      78        Fount       Flatley
#> 3821                Darl Rice 2005-10-24      32         Darl          Rice
#> 3822            Braiden Bogan 2005-07-02      23      Braiden         Bogan
#> 3823         Niles Altenwerth 2005-07-26      68        Niles    Altenwerth
#> 3824           Alysa Cummings 2006-01-12     182        Alysa      Cummings
#> 3825           Orpha Bernhard 2005-12-25      63        Orpha      Bernhard
#> 3826             Raheem Bosco 2004-08-16      26       Raheem         Bosco
#> 3827                Shea Feil 2004-08-16      27         Shea          Feil
#> 3828            Lacy Connelly 2004-12-04      19         Lacy      Connelly
#> 3829           Catalina Ortiz 2005-04-07      96     Catalina         Ortiz
#> 3830        Haleigh Wilkinson 2004-05-19      41      Haleigh     Wilkinson
#> 3831           Corrina Little 2004-12-11     189      Corrina        Little
#> 3832           Tamika Labadie 2006-05-25      46       Tamika       Labadie
#> 3833            Franco Kemmer 2005-02-13      54       Franco        Kemmer
#> 3834               Uriah West 2005-03-18      59        Uriah          West
#> 3835        Gianna Stiedemann 2005-06-19     156       Gianna    Stiedemann
#> 3836               Donta Veum 2004-11-10     121        Donta          Veum
#> 3837              Davie Hintz 2005-10-27      90        Davie         Hintz
#> 3838          Hershel Shields 2005-12-24     114      Hershel       Shields
#> 3839         Dominik Anderson 2004-09-15     219      Dominik      Anderson
#> 3840        Carolann Anderson 2005-05-20     128     Carolann      Anderson
#> 3841            Flo Gulgowski 2005-12-17     155          Flo     Gulgowski
#> 3842           Helyn Ondricka 2004-07-06     138        Helyn      Ondricka
#> 3843             Astrid Bayer 2005-08-30      94       Astrid         Bayer
#> 3844            Joe McDermott 2005-12-06     147          Joe     McDermott
#> 3845               Aden Lesch 2004-08-16     100         Aden         Lesch
#> 3846       Mozell Greenfelder 2006-11-24      97       Mozell   Greenfelder
#> 3847          Eliezer Wuckert 2005-06-01     169      Eliezer       Wuckert
#> 3848          Cato Cartwright 2005-08-25      50         Cato    Cartwright
#> 3849            Jazmin Harvey 2004-10-18     189       Jazmin        Harvey
#> 3850            Jazmin Harvey 2005-04-13     199       Jazmin        Harvey
#> 3851             Patti Rempel 2004-01-20     182        Patti        Rempel
#> 3852           Patience Ferry 2006-04-26     104     Patience         Ferry
#> 3853             Joana Kemmer 2006-07-31      31        Joana        Kemmer
#> 3854         Kamron Halvorson 2004-03-15     128       Kamron     Halvorson
#> 3855            Leone Fritsch 2004-09-23      79        Leone       Fritsch
#> 3856             Astrid Bayer 2004-07-22     207       Astrid         Bayer
#> 3857          Melbourne Johns 2004-06-18      95    Melbourne         Johns
#> 3858         Niles Altenwerth 2005-11-30     174        Niles    Altenwerth
#> 3859               Moe Sawayn 2005-07-27      71          Moe        Sawayn
#> 3860              Kraig Hayes 2006-07-13     179        Kraig         Hayes
#> 3861               Bilal Hahn 2004-05-24      58        Bilal          Hahn
#> 3862        Bonny Breitenberg 2005-06-06      17        Bonny   Breitenberg
#> 3863              Romie Upton 2004-06-22      38        Romie         Upton
#> 3864           Velma Schulist 2005-09-23      66        Velma      Schulist
#> 3865              Brion Stark 2005-05-17     165        Brion         Stark
#> 3866     Curtis Runolfsdottir 2004-07-23      73       Curtis Runolfsdottir
#> 3867            Matteo Little 2005-07-22      37       Matteo        Little
#> 3868              Corda Towne 2004-11-29     183        Corda         Towne
#> 3869           Letitia Stokes 2005-09-06      11      Letitia        Stokes
#> 3870             Joana Kemmer 2006-02-27     193        Joana        Kemmer
#> 3871             Rebeca Kling 2006-02-22      46       Rebeca         Kling
#> 3872         Herschel Flatley 2005-12-17     184     Herschel       Flatley
#> 3873           Alexis Cormier 2004-06-17     115       Alexis       Cormier
#> 3874              Kloe Parker 2005-03-23     141         Kloe        Parker
#> 3875           Alex Armstrong 2005-07-12     199         Alex     Armstrong
#> 3876          Iliana O'Conner 2006-06-20     218       Iliana      O'Conner
#> 3877         Stephaine Graham 2005-03-09     203    Stephaine        Graham
#> 3878               Ewart Haag 2005-07-26      34        Ewart          Haag
#> 3879          Iyanna Schmeler 2005-02-16     103       Iyanna      Schmeler
#> 3880            Cayden Waters 2004-08-13     102       Cayden        Waters
#> 3881                Lesa Hane 2006-10-15      68         Lesa          Hane
#> 3882         Shirlie Nikolaus 2005-12-15      25      Shirlie      Nikolaus
#> 3883            Rakeem Harvey 2005-03-29      47       Rakeem        Harvey
#> 3884           Alferd Ziemann 2006-03-07      83       Alferd       Ziemann
#> 3885         Kamron Halvorson 2004-09-13      99       Kamron     Halvorson
#> 3886               Franz Mohr 2005-07-22     125        Franz          Mohr
#> 3887          Celestino Bosco 2005-05-31      30    Celestino         Bosco
#> 3888        Alphonse Champlin 2005-04-21      12     Alphonse      Champlin
#> 3889         Lorelai Parisian 2005-09-07     169      Lorelai      Parisian
#> 3890          Elenora Trantow 2005-06-19      75      Elenora       Trantow
#> 3891            Bradford Bode 2004-06-17      25     Bradford          Bode
#> 3892              Handy Walsh 2005-06-27     143        Handy         Walsh
#> 3893            Iverson Robel 2006-06-24      34      Iverson         Robel
#> 3894         Corrine Champlin 2005-08-24     185      Corrine      Champlin
#> 3895           Makenzie Hintz 2005-08-21      83     Makenzie         Hintz
#> 3896            Nikita Becker 2006-08-13      57       Nikita        Becker
#> 3897               Olof Swift 2005-05-07     162         Olof         Swift
#> 3898               Collie Von 2005-06-19     208       Collie           Von
#> 3899           Latrice Stokes 2006-07-03     185      Latrice        Stokes
#> 3900              Kizzy Doyle 2004-01-24     140        Kizzy         Doyle
#> 3901         Willis Bahringer 2006-11-19     146       Willis     Bahringer
#> 3902              Alfred Metz 2005-09-10     188       Alfred          Metz
#> 3903             Shirl Wisozk 2005-04-10     114        Shirl        Wisozk
#> 3904           Alexis Cormier 2006-08-03      54       Alexis       Cormier
#> 3905                Darl Rice 2005-05-16     110         Darl          Rice
#> 3906             Elsie Parker 2006-06-18      67        Elsie        Parker
#> 3907          Saverio Weimann 2005-07-05      83      Saverio       Weimann
#> 3908           Karlie Treutel 2006-07-01      71       Karlie       Treutel
#> 3909            Owens Gaylord 2006-08-30      66        Owens       Gaylord
#> 3910              Aden Murphy 2005-07-18      97         Aden        Murphy
#> 3911        Antonio Bechtelar 2005-03-05     183      Antonio     Bechtelar
#> 3912             Astrid Bayer 2006-08-12     137       Astrid         Bayer
#> 3913            Gonzalo Jones 2004-06-02     173      Gonzalo         Jones
#> 3914            Dell Mitchell 2006-01-06     147         Dell      Mitchell
#> 3915           Charlton Kutch 2005-03-06     109     Charlton         Kutch
#> 3916            Perley Renner 2005-05-11      13       Perley        Renner
#> 3917        Alpheus Wilkinson 2004-07-01     141      Alpheus     Wilkinson
#> 3918           Londyn Reinger 2005-08-16      32       Londyn       Reinger
#> 3919             Glennis Howe 2006-08-29      91      Glennis          Howe
#> 3920         Josephus Bradtke 2005-12-22     120     Josephus       Bradtke
#> 3921           Rosanne Maggio 2005-09-10      31      Rosanne        Maggio
#> 3922            Tobie Carroll 2005-11-24     200        Tobie       Carroll
#> 3923         Zakary Gleichner 2004-08-31      54       Zakary     Gleichner
#> 3924            Imelda Harber 2004-06-25      36       Imelda        Harber
#> 3925            Pershing Torp 2005-08-28      26     Pershing          Torp
#> 3926             Sylva Littel 2006-07-06      82        Sylva        Littel
#> 3927           Friend Stracke 2005-04-18     112       Friend       Stracke
#> 3928         Emanuel Reichert 2005-09-28      44      Emanuel      Reichert
#> 3929             Cary McGlynn 2005-03-31     188         Cary       McGlynn
#> 3930            Etta Franecki 2004-06-13     114         Etta      Franecki
#> 3931           Doshia Stroman 2004-09-21      41       Doshia       Stroman
#> 3932            Peyton Larson 2004-04-18      35       Peyton        Larson
#> 3933          Lakeshia Harris 2004-04-26      52     Lakeshia        Harris
#> 3934         Niles Altenwerth 2005-07-14      29        Niles    Altenwerth
#> 3935        Pershing Johnston 2006-03-10      48     Pershing      Johnston
#> 3936           Diandra Brakus 2005-06-07     102      Diandra        Brakus
#> 3937      Lyndsey Heidenreich 2004-02-11      55      Lyndsey   Heidenreich
#> 3938               Aden Lesch 2006-06-20      47         Aden         Lesch
#> 3939           Zackery Spinka 2005-05-24      23      Zackery        Spinka
#> 3940             Lane Roberts 2005-12-24     126         Lane       Roberts
#> 3941             Tomika Koepp 2005-05-26      57       Tomika         Koepp
#> 3942            Virgel Grimes 2006-02-24     218       Virgel        Grimes
#> 3943           Manuel DuBuque 2005-07-17      96       Manuel       DuBuque
#> 3944           Erica Gottlieb 2005-08-19     114        Erica      Gottlieb
#> 3945           Warren Osinski 2005-04-26     170       Warren       Osinski
#> 3946           Kenton Dickens 2004-06-28      58       Kenton       Dickens
#> 3947         Mathilda Farrell 2005-06-18     102     Mathilda       Farrell
#> 3948           Catalina Ortiz 2004-07-04      78     Catalina         Ortiz
#> 3949              Mistie Torp 2005-05-03     115       Mistie          Torp
#> 3950         Shirlie Nikolaus 2005-10-29     128      Shirlie      Nikolaus
#> 3951           Cameron Abbott 2004-08-17     167      Cameron        Abbott
#> 3952             Kristy Kunde 2004-03-18      73       Kristy         Kunde
#> 3953                Katy King 2005-08-21     130         Katy          King
#> 3954        Tressie Buckridge 2004-12-30      36      Tressie     Buckridge
#> 3955           Regina Collins 2005-05-14      72       Regina       Collins
#> 3956           Skyler Windler 2005-05-30      31       Skyler       Windler
#> 3957           Theo Buckridge 2006-12-16      21         Theo     Buckridge
#> 3958           Ismael Stracke 2005-06-02      57       Ismael       Stracke
#> 3959            Celine Wisozk 2006-09-27     140       Celine        Wisozk
#> 3960          Ryland Predovic 2004-05-26      22       Ryland      Predovic
#> 3961         Zakary Gleichner 2005-09-07     150       Zakary     Gleichner
#> 3962             Riley Heller 2005-09-20     106        Riley        Heller
#> 3963             Jerald Hintz 2004-08-07     124       Jerald         Hintz
#> 3964          Quintin Tillman 2005-12-02      59      Quintin       Tillman
#> 3965       Romaine McCullough 2005-07-02     174      Romaine    McCullough
#> 3966           Manuel DuBuque 2006-08-23      58       Manuel       DuBuque
#> 3967          Santana Schultz 2005-06-21     146      Santana       Schultz
#> 3968            Russell Boyle 2005-04-26     106      Russell         Boyle
#> 3969              Halle Davis 2006-08-15      16        Halle         Davis
#> 3970           Hakeem Leffler 2005-01-11      20       Hakeem       Leffler
#> 3971          Mansfield Boyle 2004-07-19     187    Mansfield         Boyle
#> 3972             Dwain Skiles 2005-09-06     184        Dwain        Skiles
#> 3973       Waldemar Greenholt 2005-06-04      48     Waldemar     Greenholt
#> 3974         Dennie Powlowski 2005-08-10      58       Dennie     Powlowski
#> 3975         Anderson Quitzon 2004-08-15     124     Anderson       Quitzon
#> 3976            Gonzalo Jones 2004-04-10     122      Gonzalo         Jones
#> 3977             Kacie Miller 2005-08-08     181        Kacie        Miller
#> 3978           Vinson Tillman 2005-07-25     169       Vinson       Tillman
#> 3979      Alessandro Weissnat 2005-09-28      60   Alessandro      Weissnat
#> 3980            Kieth Wiegand 2005-08-15     179        Kieth       Wiegand
#> 3981              Werner Hahn 2005-07-08      19       Werner          Hahn
#> 3982            Robbin Herzog 2005-12-30      61       Robbin        Herzog
#> 3983            Aileen Barton 2004-07-17      46       Aileen        Barton
#> 3984        Carolann Anderson 2005-03-20      52     Carolann      Anderson
#> 3985            Shirl Kuvalis 2005-06-27      92        Shirl       Kuvalis
#> 3986          Hurley Schiller 2005-05-07     153       Hurley      Schiller
#> 3987                Louis Toy 2005-05-26     140        Louis           Toy
#> 3988          Kalvin Prosacco 2005-06-08     142       Kalvin      Prosacco
#> 3989              Kelcie Yost 2005-01-09     136       Kelcie          Yost
#> 3990             Erving Pagac 2006-10-30     109       Erving         Pagac
#> 3991           Ismael Stracke 2004-05-13     121       Ismael       Stracke
#> 3992           Friend Stracke 2005-09-11      31       Friend       Stracke
#> 3993            Gracia Wunsch 2004-12-20      83       Gracia        Wunsch
#> 3994             Buddie Terry 2004-03-23     119       Buddie         Terry
#> 3995        Gussie Bartoletti 2005-08-19      46       Gussie    Bartoletti
#> 3996               Elgie Cole 2006-07-12     112        Elgie          Cole
#> 3997          Jeff Bartoletti 2005-11-15      88         Jeff    Bartoletti
#> 3998             Auther Haley 2006-11-04      41       Auther         Haley
#> 3999               Collie Von 2005-09-25     175       Collie           Von
#> 4000          Rafael Mitchell 2005-06-29     180       Rafael      Mitchell
#> 4001         Stefani Kshlerin 2005-07-29      21      Stefani      Kshlerin
#> 4002             Jeffie Johns 2006-02-08     131       Jeffie         Johns
#> 4003            Nobie Hermann 2004-09-10     101        Nobie       Hermann
#> 4004             Elroy Kirlin 2005-07-14      37        Elroy        Kirlin
#> 4005          Lassie Lindgren 2005-05-14      41       Lassie      Lindgren
#> 4006            Lary Champlin 2006-04-03     164         Lary      Champlin
#> 4007           Porsche Mayert 2005-05-14     107      Porsche        Mayert
#> 4008           Gregg Franecki 2006-03-08      26        Gregg      Franecki
#> 4009              Semaj Sauer 2005-10-15     195        Semaj         Sauer
#> 4010            Perley Renner 2005-10-30     105       Perley        Renner
#> 4011          Delfina Watsica 2005-07-21      64      Delfina       Watsica
#> 4012           Kenton Dickens 2005-05-30      65       Kenton       Dickens
#> 4013                Louis Toy 2004-12-19      35        Louis           Toy
#> 4014            Nigel Leannon 2005-08-31     117        Nigel       Leannon
#> 4015        Alphonse Champlin 2005-05-25      17     Alphonse      Champlin
#> 4016           Dereck Denesik 2006-12-22     120       Dereck       Denesik
#> 4017               Von Cassin 2005-10-01     124          Von        Cassin
#> 4018           Mazie Predovic 2005-09-16      29        Mazie      Predovic
#> 4019         Stefani Kshlerin 2005-11-02      33      Stefani      Kshlerin
#> 4020          Evelyn Schinner 2006-02-17      60       Evelyn      Schinner
#> 4021               Ewart Haag 2004-05-03      35        Ewart          Haag
#> 4022        Carmella Schiller 2005-10-01      64     Carmella      Schiller
#> 4023           Alysa Cummings 2006-02-15     126        Alysa      Cummings
#> 4024            Yoselin Bauch 2006-01-19      47      Yoselin         Bauch
#> 4025                Elon Haag 2005-02-03      32         Elon          Haag
#> 4026             Jeffie Johns 2006-03-12      93       Jeffie         Johns
#> 4027           Colin Prohaska 2004-07-31     215        Colin      Prohaska
#> 4028          Yessenia Rempel 2006-07-21      28     Yessenia        Rempel
#> 4029            Odelia Rippin 2005-05-04     146       Odelia        Rippin
#> 4030            Shirl Kuvalis 2005-08-15      97        Shirl       Kuvalis
#> 4031        Antonio Bechtelar 2004-08-16     101      Antonio     Bechtelar
#> 4032            Shirl Kuvalis 2004-06-11     107        Shirl       Kuvalis
#> 4033          Eddie Armstrong 2004-09-23      10        Eddie     Armstrong
#> 4034       Angeles McLaughlin 2001-10-29     178      Angeles    McLaughlin
#> 4035            Ossie Schaden 2004-06-11      21        Ossie       Schaden
#> 4036               Donta Veum 2005-03-26      33        Donta          Veum
#> 4037          Iliana Donnelly 2005-11-18      65       Iliana      Donnelly
#> 4038              Tad Johnson 2004-08-19      79          Tad       Johnson
#> 4039                Mae O'Kon 2006-07-13     112          Mae         O'Kon
#> 4040         Prudie Kertzmann 2005-06-20      54       Prudie     Kertzmann
#> 4041          Esequiel Kirlin 2006-07-25      59     Esequiel        Kirlin
#> 4042           Harlon Rolfson 2004-12-01      78       Harlon       Rolfson
#> 4043            Tegan Farrell 2005-04-28      35        Tegan       Farrell
#> 4044           Symone McClure 2004-11-06     132       Symone       McClure
#> 4045            Jaliyah Purdy 2004-11-22     103      Jaliyah         Purdy
#> 4046         Donaciano Corwin 2004-07-05      61    Donaciano        Corwin
#> 4047             Enid Reinger 2006-05-16     152         Enid       Reinger
#> 4048             Tierra Hayes 2005-09-24     169       Tierra         Hayes
#> 4049               Lyn Parker 2004-03-15     204          Lyn        Parker
#> 4050            Kieth Wiegand 2004-09-01      28        Kieth       Wiegand
#> 4051             Karon Torphy 2005-05-19      24        Karon        Torphy
#> 4052       Kadence Morissette 2004-11-27     128      Kadence    Morissette
#> 4053           Marcus Langosh 2006-09-24     101       Marcus       Langosh
#> 4054            Fidel Kilback 2006-09-28     124        Fidel       Kilback
#> 4055              Kizzy Doyle 2005-12-27     211        Kizzy         Doyle
#> 4056            Derek Witting 2005-04-23     120        Derek       Witting
#> 4057            Hardy Leannon 2006-08-17      62        Hardy       Leannon
#> 4058         Alwina Wilkinson 2004-11-14      40       Alwina     Wilkinson
#> 4059            Keenen Parker 2005-02-26      38       Keenen        Parker
#> 4060        Marguerite Heaney 2006-09-08      22   Marguerite        Heaney
#> 4061             Ingrid O'Kon 2005-09-24     135       Ingrid         O'Kon
#> 4062          Wilfredo Wisozk 2005-09-10      44     Wilfredo        Wisozk
#> 4063             Kesha Daniel 2005-07-06     154        Kesha        Daniel
#> 4064              Casen Blick 2005-09-20      28        Casen         Blick
#> 4065            Anaya Kerluke 2005-02-12     104        Anaya       Kerluke
#> 4066        Malcolm Heathcote 2006-12-22     127      Malcolm     Heathcote
#> 4067             Savion Rohan 2004-12-09      51       Savion         Rohan
#> 4068             Sylva Littel 2005-05-15     117        Sylva        Littel
#> 4069           Arnoldo Grimes 2004-12-27     215      Arnoldo        Grimes
#> 4070            Lucia Flatley 2004-05-20      25        Lucia       Flatley
#> 4071            Arnoldo Marks 2006-08-24      45      Arnoldo         Marks
#> 4072           Harlon Rolfson 2005-05-02      32       Harlon       Rolfson
#> 4073          Chiquita Jacobs 2006-07-26      44     Chiquita        Jacobs
#> 4074               Lani Dicki 2005-08-21      11         Lani         Dicki
#> 4075           Ewart Luettgen 2005-07-21     182        Ewart      Luettgen
#> 4076            Malaya Russel 2006-06-14      48       Malaya        Russel
#> 4077             Ila Leuschke 2005-09-25      43          Ila      Leuschke
#> 4078           Madison Lehner 2005-05-27     118      Madison        Lehner
#> 4079              Lesta Davis 2005-07-30      28        Lesta         Davis
#> 4080           Bertina Renner 2004-07-02      90      Bertina        Renner
#> 4081            Alex Bergnaum 2006-05-06     175         Alex      Bergnaum
#> 4082           Madison Lehner 2004-07-13     114      Madison        Lehner
#> 4083              Imani Swift 2005-10-14     107        Imani         Swift
#> 4084           Letitia Stokes 2006-07-09      70      Letitia        Stokes
#> 4085              Kyra Littel 2004-07-07      47         Kyra        Littel
#> 4086                Art Hyatt 2006-02-16      42          Art         Hyatt
#> 4087           Melvin Schmidt 2004-05-06     113       Melvin       Schmidt
#> 4088               Shari Rowe 2004-01-20     180        Shari          Rowe
#> 4089          Bartley Collier 2004-08-11     109      Bartley       Collier
#> 4090           Ayesha Carroll 2006-11-26     153       Ayesha       Carroll
#> 4091           Christal Lakin 2005-06-22     155     Christal         Lakin
#> 4092               Franz Mohr 2004-08-05     127        Franz          Mohr
#> 4093              Vito Ernser 2005-12-12     196         Vito        Ernser
#> 4094              Andra Bosco 2006-07-28      73        Andra         Bosco
#> 4095            Cathey Beatty 2005-01-22      17       Cathey        Beatty
#> 4096          Earnest Rolfson 2004-10-05      70      Earnest       Rolfson
#> 4097            Alberto Kunze 2005-08-06      39      Alberto         Kunze
#> 4098               Case Weber 2005-06-10     210         Case         Weber
#> 4099      Jacqueline Nikolaus 2006-01-11     119   Jacqueline      Nikolaus
#> 4100         Matthew Schmeler 2006-02-25      57      Matthew      Schmeler
#> 4101           Murl Wilkinson 2006-08-18     202         Murl     Wilkinson
#> 4102            Pearl Schmidt 2005-01-26      29        Pearl       Schmidt
#> 4103         Barrett Turcotte 2006-06-28     127      Barrett      Turcotte
#> 4104         Niles Altenwerth 2005-12-16     113        Niles    Altenwerth
#> 4105         Stephaine Graham 2005-07-15     214    Stephaine        Graham
#> 4106             Enid Reinger 2006-03-24      23         Enid       Reinger
#> 4107               Donta Veum 2004-11-11     164        Donta          Veum
#> 4108            Elinore Doyle 2004-01-15     107      Elinore         Doyle
#> 4109             Karen Harvey 2005-07-12      35        Karen        Harvey
#> 4110               Deion Auer 2004-08-22     190        Deion          Auer
#> 4111              Myer Stokes 2004-06-27      74         Myer        Stokes
#> 4112              Kittie Dare 2005-10-29     160       Kittie          Dare
#> 4113            Flint Zboncak 2004-01-27      33        Flint       Zboncak
#> 4114          Elenora Trantow 2005-07-09     140      Elenora       Trantow
#> 4115            Luciano Kling 2005-04-07      69      Luciano         Kling
#> 4116          Latosha O'Keefe 2004-05-27     185      Latosha       O'Keefe
#> 4117        Haleigh Wilkinson 2004-06-10     120      Haleigh     Wilkinson
#> 4118         Charolette Klein 2004-04-02     167   Charolette         Klein
#> 4119             Mettie Green 2006-07-05     102       Mettie         Green
#> 4120            Forest Pouros 2005-04-27     100       Forest        Pouros
#> 4121              Mistie Torp 2004-04-26      19       Mistie          Torp
#> 4122        Rexford Greenholt 2005-08-26      86      Rexford     Greenholt
#> 4123          Elenora Trantow 2005-07-16      22      Elenora       Trantow
#> 4124             Glennis Howe 2006-09-21      48      Glennis          Howe
#> 4125            Lovett Legros 2005-09-11      43       Lovett        Legros
#> 4126             Hilma Little 2005-10-03     100        Hilma        Little
#> 4127          Makenna Bernier 2005-11-16      71      Makenna       Bernier
#> 4128               Kyle Doyle 2004-07-26      94         Kyle         Doyle
#> 4129            Davian Stokes 2006-04-27      75       Davian        Stokes
#> 4130            Parker Bailey 2004-08-31      68       Parker        Bailey
#> 4131              Laila Bayer 2005-04-25     102        Laila         Bayer
#> 4132             Sherie Mayer 2006-03-13      41       Sherie         Mayer
#> 4133           Hattie Roberts 2006-08-31     103       Hattie       Roberts
#> 4134          Tyshawn Witting 2004-04-06      19      Tyshawn       Witting
#> 4135             Daija Legros 2005-06-29     123        Daija        Legros
#> 4136           Friend Stracke 2005-04-29     171       Friend       Stracke
#> 4137            Franco Kemmer 2004-10-22     103       Franco        Kemmer
#> 4138          Elmyra Schaefer 2004-05-08      81       Elmyra      Schaefer
#> 4139          Marissa Goyette 2005-04-03      56      Marissa       Goyette
#> 4140             Marty Wisozk 2005-02-27      17        Marty        Wisozk
#> 4141              Kizzy Doyle 2005-05-20      23        Kizzy         Doyle
#> 4142        Anabel Jakubowski 2005-07-20     147       Anabel    Jakubowski
#> 4143        Ashleigh Eichmann 2006-03-17     219     Ashleigh      Eichmann
#> 4144            Imelda Harber 2005-08-25     135       Imelda        Harber
#> 4145          Sherlyn Gutmann 2004-04-08      29      Sherlyn       Gutmann
#> 4146              Trudie Mraz 2006-10-03     181       Trudie          Mraz
#> 4147          Dudley Franecki 2005-07-27     199       Dudley      Franecki
#> 4148           Kendal Wiegand 2005-09-07     126       Kendal       Wiegand
#> 4149       Georgene Aufderhar 2004-04-03      30     Georgene     Aufderhar
#> 4150         Shoji Wintheiser 2005-05-14      27        Shoji    Wintheiser
#> 4151         Suzette Hartmann 2005-08-03      37      Suzette      Hartmann
#> 4152           Erica Gottlieb 2006-01-25     101        Erica      Gottlieb
#> 4153            Almer Osinski 2005-07-09      44        Almer       Osinski
#> 4154            Livia Pfeffer 2004-05-08      97        Livia       Pfeffer
#> 4155          Marissa Goyette 2006-07-10     115      Marissa       Goyette
#> 4156            Bradford Bode 2004-09-18      23     Bradford          Bode
#> 4157            Elda Schmeler 2005-04-16     121         Elda      Schmeler
#> 4158              Andra Bosco 2004-07-01      35        Andra         Bosco
#> 4159      Katherine Schroeder 2005-01-20      19    Katherine     Schroeder
#> 4160             Clemens Torp 2005-05-07     174      Clemens          Torp
#> 4161          Samira Medhurst 2005-02-28      75       Samira      Medhurst
#> 4162           Catalina Ortiz 2005-05-06     139     Catalina         Ortiz
#> 4163             Venice Smith 2005-09-03      47       Venice         Smith
#> 4164            Isabela Mertz 2006-04-29      76      Isabela         Mertz
#> 4165               Deion Auer 2004-07-22      47        Deion          Auer
#> 4166       Johnathon Schimmel 2005-05-25     191    Johnathon      Schimmel
#> 4167          Nathaly Streich 2005-06-18      24      Nathaly       Streich
#> 4168           Tallie Gleason 2006-05-18      81       Tallie       Gleason
#> 4169         Suzette Hartmann 2005-09-03      75      Suzette      Hartmann
#> 4170             Rebeca Kling 2006-08-24      68       Rebeca         Kling
#> 4171         Laisha VonRueden 2005-06-22      22       Laisha     VonRueden
#> 4172              Romeo Sauer 2006-03-30     141        Romeo         Sauer
#> 4173             Jayden Hayes 2005-09-09      45       Jayden         Hayes
#> 4174        Dashawn Schroeder 2004-07-21      46      Dashawn     Schroeder
#> 4175              Kizzy Doyle 2005-06-19     199        Kizzy         Doyle
#> 4176              Saint Doyle 2005-10-02     142        Saint         Doyle
#> 4177       Mozell Greenfelder 2004-07-06     185       Mozell   Greenfelder
#> 4178              Donell Dach 2005-06-22      48       Donell          Dach
#> 4179              Roma Daniel 2004-06-10      31         Roma        Daniel
#> 4180           Jerrell Wisozk 2006-03-24      51      Jerrell        Wisozk
#> 4181           Abbey O'Reilly 2005-11-03      41        Abbey      O'Reilly
#> 4182         Katelynn Lebsack 2004-06-16      57     Katelynn       Lebsack
#> 4183                Dema Beer 2006-12-08      10         Dema          Beer
#> 4184                 Kyla Orn 2004-05-08      91         Kyla           Orn
#> 4185            Claus Bradtke 2004-07-16      34        Claus       Bradtke
#> 4186       Dominique McKenzie 2005-12-07      35    Dominique      McKenzie
#> 4187        Gussie Bartoletti 2004-12-18      88       Gussie    Bartoletti
#> 4188          Keri Williamson 2005-08-28      50         Keri    Williamson
#> 4189            Cathey Beatty 2004-07-10      22       Cathey        Beatty
#> 4190           Jabbar Dickens 2005-10-07     196       Jabbar       Dickens
#> 4191            Marolyn Walsh 2005-09-04      17      Marolyn         Walsh
#> 4192             Trudy Stokes 2005-03-22     105        Trudy        Stokes
#> 4193            Gracia Wunsch 2004-03-14     196       Gracia        Wunsch
#> 4194            Lim Langworth 2006-09-16     113          Lim     Langworth
#> 4195      Jaheem Pfannerstill 2006-05-30     198       Jaheem  Pfannerstill
#> 4196           Josette Bailey 2005-02-26     126      Josette        Bailey
#> 4197            Micayla Kutch 2006-11-29      17      Micayla         Kutch
#> 4198          Darrian Bartell 2006-01-26     112      Darrian       Bartell
#> 4199      Verlin Christiansen 2005-09-21     109       Verlin  Christiansen
#> 4200             Daija Legros 2004-09-07      68        Daija        Legros
#> 4201           Butler Schmitt 2005-04-19     119       Butler       Schmitt
#> 4202              Brea Nienow 2005-10-14     155         Brea        Nienow
#> 4203                Katy King 2005-09-15     134         Katy          King
#> 4204          Santana Schultz 2004-08-03      48      Santana       Schultz
#> 4205         Rosevelt Murazik 2005-07-25      15     Rosevelt       Murazik
#> 4206            Lacey Sanford 2006-03-22     203        Lacey       Sanford
#> 4207               Olof Swift 2006-06-08     140         Olof         Swift
#> 4208           Dereck Denesik 2004-10-22     175       Dereck       Denesik
#> 4209            Rakeem Harvey 2004-08-21     142       Rakeem        Harvey
#> 4210               Deion Auer 2004-08-13      23        Deion          Auer
#> 4211              Vernie Ryan 2004-03-06      31       Vernie          Ryan
#> 4212           Dillon Pollich 2005-06-21      46       Dillon       Pollich
#> 4213            Marvin Wisozk 2005-06-26     202       Marvin        Wisozk
#> 4214              Tamia Hills 2005-10-14     181        Tamia         Hills
#> 4215              Myer Stokes 2004-03-08     178         Myer        Stokes
#> 4216         Katelynn Lebsack 2005-01-27      24     Katelynn       Lebsack
#> 4217           Kenton Dickens 2005-06-04      72       Kenton       Dickens
#> 4218           Izetta Stracke 2006-01-02      82       Izetta       Stracke
#> 4219            Leala Schuppe 2006-04-13      97        Leala       Schuppe
#> 4220            Isabela Mertz 2004-04-05      16      Isabela         Mertz
#> 4221              Lissa White 2005-10-08     184        Lissa         White
#> 4222            Isabela Mertz 2004-02-16      32      Isabela         Mertz
#> 4223             Shania Stamm 2004-02-06     218       Shania         Stamm
#> 4224               Desi Ortiz 2005-08-11      46         Desi         Ortiz
#> 4225          Germaine Becker 2005-10-13      66     Germaine        Becker
#> 4226             Vannie Kunze 2005-05-19     100       Vannie         Kunze
#> 4227          Santana Schultz 2004-09-06     106      Santana       Schultz
#> 4228              Jessy Emard 2006-03-25     115        Jessy         Emard
#> 4229               Etta Towne 2005-07-25     146         Etta         Towne
#> 4230            Lovett Legros 2004-06-27      39       Lovett        Legros
#> 4231        Jarred Stiedemann 2005-12-24     144       Jarred    Stiedemann
#> 4232        Valentine Volkman 2005-06-12     171    Valentine       Volkman
#> 4233           Manuel DuBuque 2006-07-01      62       Manuel       DuBuque
#> 4234               Uriah West 2004-03-07      14        Uriah          West
#> 4235             Kristy Kunde 2005-09-28      19       Kristy         Kunde
#> 4236           Berkley Ernser 2005-07-01      26      Berkley        Ernser
#> 4237                 Kyla Orn 2006-10-02      49         Kyla           Orn
#> 4238      Marquise Swaniawski 2005-04-27      74     Marquise    Swaniawski
#> 4239            Juliana Sipes 2004-11-29     214      Juliana         Sipes
#> 4240              Nevin Boehm 2006-04-08      67        Nevin         Boehm
#> 4241             Shania Stamm 2005-04-22     158       Shania         Stamm
#> 4242           Darci Schaefer 2005-05-27      22        Darci      Schaefer
#> 4243            Winifred Kris 2005-05-29     105     Winifred          Kris
#> 4244        Chantelle Gaylord 2005-07-18      50    Chantelle       Gaylord
#> 4245             Joana Kemmer 2004-09-19     127        Joana        Kemmer
#> 4246              Corene Lind 2006-11-02      61       Corene          Lind
#> 4247            Nealy Stanton 2004-04-10     176        Nealy       Stanton
#> 4248           Christal Wolff 2004-08-07      68     Christal         Wolff
#> 4249            Lucia Flatley 2005-06-01      57        Lucia       Flatley
#> 4250            Elda Schmeler 2004-05-18      66         Elda      Schmeler
#> 4251           Alysa Cummings 2004-07-20     175        Alysa      Cummings
#> 4252          Jeff Bartoletti 2004-04-12     162         Jeff    Bartoletti
#> 4253           Burke Connelly 2005-10-21      19        Burke      Connelly
#> 4254            Flint Zboncak 2005-06-04      41        Flint       Zboncak
#> 4255       Marlene Runolfsson 2005-07-12     108      Marlene    Runolfsson
#> 4256      Chadrick Williamson 2006-11-15     107     Chadrick    Williamson
#> 4257           Cameron Abbott 2005-03-28     145      Cameron        Abbott
#> 4258         Ronan McLaughlin 2005-06-08     212        Ronan    McLaughlin
#> 4259              Lott Larkin 2004-07-10     103         Lott        Larkin
#> 4260            Liliana Haley 2005-09-14      75      Liliana         Haley
#> 4261              Corda Towne 2004-06-11      62        Corda         Towne
#> 4262            Gracia Wunsch 2006-05-20     157       Gracia        Wunsch
#> 4263           Hansel Steuber 2005-12-03     110       Hansel       Steuber
#> 4264             Lydia Willms 2006-02-03      22        Lydia        Willms
#> 4265             Ruel Ruecker 2005-06-27     133         Ruel       Ruecker
#> 4266          Candido Krajcik 2005-11-08      49      Candido       Krajcik
#> 4267        Harrie Swaniawski 2005-01-19      25       Harrie    Swaniawski
#> 4268             Ingrid O'Kon 2005-04-18      74       Ingrid         O'Kon
#> 4269                Loy Olson 2004-10-07      96          Loy         Olson
#> 4270               Shari Rowe 2004-03-21      29        Shari          Rowe
#> 4271            Juliana Sipes 2006-06-24      51      Juliana         Sipes
#> 4272            Jeanette Lind 2005-06-28     125     Jeanette          Lind
#> 4273           Winifred Hills 2005-07-19     116     Winifred         Hills
#> 4274            Valorie Kling 2005-04-28     122      Valorie         Kling
#> 4275            Bud Marquardt 2005-07-05      60          Bud     Marquardt
#> 4276         Jesse Schowalter 2005-07-15      96        Jesse    Schowalter
#> 4277         Jessica Connelly 2005-04-19      85      Jessica      Connelly
#> 4278           Jacklyn Casper 2006-09-17     211      Jacklyn        Casper
#> 4279         Latesha Bernhard 2006-03-06      10      Latesha      Bernhard
#> 4280              Barrie Bins 2005-05-30      35       Barrie          Bins
#> 4281           Wally Nikolaus 2005-08-03      23        Wally      Nikolaus
#> 4282             Clemens Torp 2006-05-24     127      Clemens          Torp
#> 4283           Dillon Pollich 2004-05-18      42       Dillon       Pollich
#> 4284         Rochelle Johnson 2004-07-21     188     Rochelle       Johnson
#> 4285           Torry Reynolds 2004-03-22      19        Torry      Reynolds
#> 4286          Pansy Bergstrom 2006-10-04      82        Pansy     Bergstrom
#> 4287             Yazmin Borer 2005-05-26     164       Yazmin         Borer
#> 4288          Ezzard Bernhard 2005-03-08      18       Ezzard      Bernhard
#> 4289               Iesha Mraz 2005-07-08      88        Iesha          Mraz
#> 4290            Tisa Mosciski 2005-09-05      20         Tisa      Mosciski
#> 4291            Jerold Sporer 2004-03-10      46       Jerold        Sporer
#> 4292            Almer Osinski 2006-07-08     134        Almer       Osinski
#> 4293              TRUE Conroy 2005-05-31      18         TRUE        Conroy
#> 4294           Tamisha Crooks 2005-04-30     203      Tamisha        Crooks
#> 4295           Garrison Kling 2006-06-13      79     Garrison         Kling
#> 4296             Hampton Rath 2005-03-09      54      Hampton          Rath
#> 4297          Toccara Lebsack 2005-03-22      41      Toccara       Lebsack
#> 4298              Ray Stanton 2004-05-22      56          Ray       Stanton
#> 4299              Andra Bosco 2004-12-17      41        Andra         Bosco
#> 4300 Wellington Runolfsdottir 2005-09-07      19   Wellington Runolfsdottir
#> 4301           Christal Lakin 2005-08-12     218     Christal         Lakin
#> 4302            Willian Runte 2005-10-24      76      Willian         Runte
#> 4303            Parker Bailey 2004-04-15      19       Parker        Bailey
#> 4304            Jadiel Wunsch 2005-07-03      59       Jadiel        Wunsch
#> 4305            Florine Jones 2005-08-09     128      Florine         Jones
#> 4306           Gregg Franecki 2006-05-20      66        Gregg      Franecki
#> 4307               Flem Kozey 2005-06-24     115         Flem         Kozey
#> 4308             Enid Reinger 2006-05-03     137         Enid       Reinger
#> 4309             Vivien Bauch 2005-04-28      50       Vivien         Bauch
#> 4310         Jesse Schowalter 2005-03-30     166        Jesse    Schowalter
#> 4311             Buddie Terry 2005-10-12      59       Buddie         Terry
#> 4312         Jessica Connelly 2004-06-09      46      Jessica      Connelly
#> 4313            Micayla Kutch 2006-08-15      68      Micayla         Kutch
#> 4314              Corda Towne 2005-07-08     177        Corda         Towne
#> 4315          Michell Gerlach 2006-03-27     155      Michell       Gerlach
#> 4316        Cherrelle Bartell 2006-10-08      36    Cherrelle       Bartell
#> 4317            Cathey Beatty 2004-06-02      79       Cathey        Beatty
#> 4318              Werner Hahn 2004-08-08     132       Werner          Hahn
#> 4319             Carmel Emard 2005-03-05      30       Carmel         Emard
#> 4320            Gracelyn Dare 2004-11-01      35     Gracelyn          Dare
#> 4321             Christ Zieme 2005-08-17      74       Christ         Zieme
#> 4322            Bud Marquardt 2004-12-07      54          Bud     Marquardt
#> 4323        Gianna Stiedemann 2005-05-28      96       Gianna    Stiedemann
#> 4324              Jerod Berge 2004-03-22      20        Jerod         Berge
#> 4325             Christ Zieme 2006-09-11      30       Christ         Zieme
#> 4326                Lute Batz 2004-08-06      84         Lute          Batz
#> 4327            Gracelyn Dare 2004-07-12     115     Gracelyn          Dare
#> 4328             Jules Jacobi 2004-06-14     138        Jules        Jacobi
#> 4329           Somer Turcotte 2005-06-11      83        Somer      Turcotte
#> 4330           Reggie Leffler 2005-10-02     103       Reggie       Leffler
#> 4331           Hosteen Jacobi 2005-01-15      32      Hosteen        Jacobi
#> 4332             Tierra Hayes 2004-08-21      27       Tierra         Hayes
#> 4333            Bethel Wunsch 2005-06-19     116       Bethel        Wunsch
#> 4334                Louis Toy 2005-10-03      63        Louis           Toy
#> 4335             Jules Jacobi 2005-05-30      59        Jules        Jacobi
#> 4336               Kyrie Funk 2004-03-06     185        Kyrie          Funk
#> 4337           Somer Turcotte 2004-06-05     103        Somer      Turcotte
#> 4338           Marti Johnston 2004-03-22     119        Marti      Johnston
#> 4339          Aryan Bahringer 2005-02-18     178        Aryan     Bahringer
#> 4340          Germaine Becker 2005-08-22      93     Germaine        Becker
#> 4341              Mistie Torp 2004-07-01      40       Mistie          Torp
#> 4342           Yetta Gorczany 2006-09-02      48        Yetta      Gorczany
#> 4343        Geralyn Rosenbaum 2006-10-12      13      Geralyn     Rosenbaum
#> 4344          Robert Schmeler 2005-04-21     186       Robert      Schmeler
#> 4345      Alessandro Weissnat 2006-07-10      19   Alessandro      Weissnat
#> 4346           Velma Schulist 2004-06-01      31        Velma      Schulist
#> 4347              Jessy Emard 2004-07-14      30        Jessy         Emard
#> 4348             Shaun Rempel 2006-07-04      15        Shaun        Rempel
#> 4349          Devante Gerhold 2005-01-29      12      Devante       Gerhold
#> 4350       Zechariah Gislason 2005-10-04     219    Zechariah      Gislason
#> 4351              Kloe Parker 2006-09-09      68         Kloe        Parker
#> 4352              Wendi Purdy 2005-05-02      75        Wendi         Purdy
#> 4353         Miguelangel Dach 2006-12-15     210  Miguelangel          Dach
#> 4354        Lisandro Kassulke 2004-09-24     131     Lisandro      Kassulke
#> 4355           Grecia Schultz 2006-07-20      26       Grecia       Schultz
#> 4356            Elizah Abbott 2004-06-12      29       Elizah        Abbott
#> 4357              Katlyn Mann 2006-03-09     219       Katlyn          Mann
#> 4358             Trudy Stokes 2004-12-29     120        Trudy        Stokes
#> 4359            Arnett Waters 2006-03-02     108       Arnett        Waters
#> 4360               Kyle Doyle 2005-08-17      49         Kyle         Doyle
#> 4361            Oneta Lebsack 2004-03-13     161        Oneta       Lebsack
#> 4362             Braelyn King 2005-11-30      73      Braelyn          King
#> 4363      Alessandro Weissnat 2004-04-08      78   Alessandro      Weissnat
#> 4364               Bessie Kub 2004-07-08     164       Bessie           Kub
#> 4365           Shea Buckridge 2004-04-30      11         Shea     Buckridge
#> 4366           Helyn Ondricka 2006-03-29     105        Helyn      Ondricka
#> 4367         Madyson Bergnaum 2004-04-01     113      Madyson      Bergnaum
#> 4368              Michal Feil 2005-05-26     107       Michal          Feil
#> 4369             Ingrid O'Kon 2004-02-01      45       Ingrid         O'Kon
#> 4370           Harlon Rolfson 2004-06-11      57       Harlon       Rolfson
#> 4371              Tracy Feest 2005-03-06      20        Tracy         Feest
#> 4372           Yetta Gorczany 2005-06-26      54        Yetta      Gorczany
#> 4373           Hakeem Leffler 2006-04-11     104       Hakeem       Leffler
#> 4374           Burke Connelly 2005-07-17      33        Burke      Connelly
#> 4375      Darrion Stoltenberg 2004-06-04      53      Darrion   Stoltenberg
#> 4376              Lon Witting 2005-10-22     169          Lon       Witting
#> 4377         Charolette Klein 2004-05-08     132   Charolette         Klein
#> 4378              Lisha Hayes 2006-09-17      39        Lisha         Hayes
#> 4379        Darrell Heathcote 2006-07-21      74      Darrell     Heathcote
#> 4380           Iverson Herman 2004-05-15      61      Iverson        Herman
#> 4381             Vannie Kunze 2005-07-11     100       Vannie         Kunze
#> 4382      Lyndsey Heidenreich 2005-12-12      48      Lyndsey   Heidenreich
#> 4383            Matteo Little 2005-05-25      46       Matteo        Little
#> 4384             Laurel Morar 2004-10-31      82       Laurel         Morar
#> 4385              Ray Stanton 2004-03-20      46          Ray       Stanton
#> 4386            Davion Hudson 2004-12-28     106       Davion        Hudson
#> 4387                Byrd Kuhn 2005-08-20     154         Byrd          Kuhn
#> 4388               Shari Rowe 2004-09-05     146        Shari          Rowe
#> 4389                Edw Frami 2006-08-09     201          Edw         Frami
#> 4390             Lockie Fahey 2005-05-03     186       Lockie         Fahey
#> 4391           Cristen Hammes 2005-05-18     139      Cristen        Hammes
#> 4392            Elizbeth West 2006-06-27     138     Elizbeth          West
#> 4393         Avery Bartoletti 2006-07-01     193        Avery    Bartoletti
#> 4394          Darrian Bartell 2006-06-28      76      Darrian       Bartell
#> 4395             Carmel Emard 2005-02-08      22       Carmel         Emard
#> 4396           Avah Schneider 2006-04-21     104         Avah     Schneider
#> 4397             Sylva Littel 2005-05-01      43        Sylva        Littel
#> 4398              Suzann Koss 2006-03-18      37       Suzann          Koss
#> 4399                Edw Frami 2005-10-20      50          Edw         Frami
#> 4400           Oley Schroeder 2005-11-24     112         Oley     Schroeder
#> 4401             Jeanie Berge 2004-10-01     209       Jeanie         Berge
#> 4402          Esequiel Kirlin 2005-07-07      49     Esequiel        Kirlin
#> 4403           Tyreke DuBuque 2004-12-20      89       Tyreke       DuBuque
#> 4404         Judyth Lueilwitz 2004-07-15     198       Judyth     Lueilwitz
#> 4405              Laila Bayer 2004-08-04     185        Laila         Bayer
#> 4406            Fount Flatley 2005-08-20      42        Fount       Flatley
#> 4407             Lockie Fahey 2005-04-02      71       Lockie         Fahey
#> 4408             Byrd Abshire 2005-08-12     206         Byrd       Abshire
#> 4409         Dennie Powlowski 2005-06-06     214       Dennie     Powlowski
#> 4410            Bernard Bruen 2005-07-25      29      Bernard         Bruen
#> 4411         Ruthe Macejkovic 2004-06-18      69        Ruthe    Macejkovic
#> 4412         Lorelai Parisian 2005-06-24      79      Lorelai      Parisian
#> 4413             Vick Okuneva 2005-09-29      98         Vick       Okuneva
#> 4414            Keenen Parker 2005-05-06      56       Keenen        Parker
#> 4415            Lollie Conroy 2005-06-01      55       Lollie        Conroy
#> 4416            Lashawn Hoppe 2005-09-18     163      Lashawn         Hoppe
#> 4417              Lupe Kohler 2004-07-19      66         Lupe        Kohler
#> 4418               Burr O'Kon 2006-07-12     113         Burr         O'Kon
#> 4419           Abbey O'Reilly 2005-09-04     152        Abbey      O'Reilly
#> 4420            Sonny Dickens 2006-04-25      57        Sonny       Dickens
#> 4421             Patti Rempel 2005-04-01      33        Patti        Rempel
#> 4422           Reanna O'Keefe 2005-01-02     104       Reanna       O'Keefe
#> 4423            Almer Osinski 2006-01-08      52        Almer       Osinski
#> 4424         Verlene Emmerich 2004-12-20     119      Verlene      Emmerich
#> 4425           Violette O'Kon 2005-06-23     129     Violette         O'Kon
#> 4426           Wally Nikolaus 2005-10-01      28        Wally      Nikolaus
#> 4427              Kelcie Yost 2004-03-24     103       Kelcie          Yost
#> 4428           Shelton Hudson 2006-02-26     182      Shelton        Hudson
#> 4429          Mansfield Boyle 2005-07-15      42    Mansfield         Boyle
#> 4430        Harrie Swaniawski 2004-05-16      64       Harrie    Swaniawski
#> 4431              Juana Bogan 2005-04-14     119        Juana         Bogan
#> 4432            Nobie Hermann 2005-05-13      13        Nobie       Hermann
#> 4433             Elsie Parker 2004-09-16     106        Elsie        Parker
#> 4434      Chadrick Williamson 2006-10-25      30     Chadrick    Williamson
#> 4435             Jeffie Johns 2004-06-10      95       Jeffie         Johns
#> 4436          Suzette Pollich 2005-09-14     145      Suzette       Pollich
#> 4437             Malaya White 2006-10-06     212       Malaya         White
#> 4438       Sarita Heidenreich 2004-10-09      55       Sarita   Heidenreich
#> 4439            Bernard Bruen 2006-06-27      43      Bernard         Bruen
#> 4440          Piper Buckridge 2004-11-13      66        Piper     Buckridge
#> 4441         Susannah Bernier 2005-11-03      76     Susannah       Bernier
#> 4442          Jeramiah Cronin 2005-09-03     135     Jeramiah        Cronin
#> 4443             Darwyn Berge 2005-08-04      40       Darwyn         Berge
#> 4444          Esequiel Kirlin 2005-10-22      44     Esequiel        Kirlin
#> 4445       Mozell Greenfelder 2004-01-30      71       Mozell   Greenfelder
#> 4446            Almer Osinski 2005-09-13      31        Almer       Osinski
#> 4447            Joelle Deckow 2005-02-09     171       Joelle        Deckow
#> 4448           Katrina Barton 2004-03-10      62      Katrina        Barton
#> 4449             Karen Harvey 2006-04-26      33        Karen        Harvey
#> 4450              Brooks Funk 2005-02-26      73       Brooks          Funk
#> 4451            Micayla Kutch 2005-08-22     126      Micayla         Kutch
#> 4452               Ewart Haag 2005-07-31      74        Ewart          Haag
#> 4453           Jabbar Dickens 2004-02-23     219       Jabbar       Dickens
#> 4454            Lacey Sanford 2005-07-20     214        Lacey       Sanford
#> 4455            Cleveland Fay 2006-09-12      52    Cleveland           Fay
#> 4456            Mykel Johnson 2004-11-04      14        Mykel       Johnson
#> 4457           Jensen Cormier 2004-05-20     114       Jensen       Cormier
#> 4458               Ewart Haag 2004-06-28      77        Ewart          Haag
#> 4459         Madyson Bergnaum 2006-10-07      20      Madyson      Bergnaum
#> 4460                Ebb Doyle 2006-07-14      42          Ebb         Doyle
#> 4461            Nan O'Connell 2005-06-05      64          Nan     O'Connell
#> 4462            Lovie Keeling 2004-06-13      75        Lovie       Keeling
#> 4463         Alton Wintheiser 2005-05-31      50        Alton    Wintheiser
#> 4464              Odie Jacobs 2005-07-18      48         Odie        Jacobs
#> 4465            Jimmie Herzog 2005-08-20      39       Jimmie        Herzog
#> 4466          Deontae Effertz 2005-06-27      32      Deontae       Effertz
#> 4467            Devon Osinski 2005-07-04     170        Devon       Osinski
#> 4468        Carmella Schiller 2005-11-20     205     Carmella      Schiller
#> 4469              Sydell West 2004-05-09     169       Sydell          West
#> 4470         Marrion Emmerich 2005-08-30      30      Marrion      Emmerich
#> 4471            Tobie Carroll 2004-04-25     109        Tobie       Carroll
#> 4472             Lesta Carter 2004-09-13     102        Lesta        Carter
#> 4473            Blair Cormier 2006-04-25     182        Blair       Cormier
#> 4474                Edw Frami 2005-04-14     104          Edw         Frami
#> 4475               Coley Lind 2006-02-27     189        Coley          Lind
#> 4476           Dorcas Friesen 2004-09-24     212       Dorcas       Friesen
#> 4477          Ezzard Bernhard 2005-07-15      12       Ezzard      Bernhard
#> 4478           Alex Armstrong 2005-04-15     136         Alex     Armstrong
#> 4479       Zechariah Gislason 2005-08-20      39    Zechariah      Gislason
#> 4480         Dellar Schroeder 2006-11-22     111       Dellar     Schroeder
#> 4481             Jayden Hayes 2005-08-24      66       Jayden         Hayes
#> 4482            Rosario Boyle 2005-09-27     158      Rosario         Boyle
#> 4483               Trudy Rath 2005-04-12     169        Trudy          Rath
#> 4484            Luciano Kling 2004-08-07      25      Luciano         Kling
#> 4485            Leonel Rippin 2004-06-15     201       Leonel        Rippin
#> 4486            Carlton Mante 2004-03-31      42      Carlton         Mante
#> 4487             Olaf Witting 2006-06-23      49         Olaf       Witting
#> 4488           Kingston Hayes 2004-07-04     144     Kingston         Hayes
#> 4489           Cali Considine 2004-06-30      13         Cali     Considine
#> 4490           Cristen Hammes 2005-06-19      53      Cristen        Hammes
#> 4491          Bush Macejkovic 2005-06-14      34         Bush    Macejkovic
#> 4492             Vivien Bauch 2006-05-28     109       Vivien         Bauch
#> 4493           Britany O'Hara 2004-04-08      38      Britany        O'Hara
#> 4494          Halley Johnston 2004-07-16      40       Halley      Johnston
#> 4495           Mazie Predovic 2005-09-03     100        Mazie      Predovic
#> 4496          Iliana O'Conner 2004-09-08     168       Iliana      O'Conner
#> 4497             Keri Schuppe 2006-06-08     153         Keri       Schuppe
#> 4498           Grecia Schultz 2005-05-01      75       Grecia       Schultz
#> 4499           Cleone Hagenes 2005-07-12      38       Cleone       Hagenes
#> 4500           Erica Gottlieb 2004-11-07      55        Erica      Gottlieb
#> 4501      Cristofer VonRueden 2005-07-24      64    Cristofer     VonRueden
#> 4502           Girtha Douglas 2004-09-20      54       Girtha       Douglas
#> 4503         Dustyn Rodriguez 2004-07-20      36       Dustyn     Rodriguez
#> 4504           Ismael Stracke 2005-07-22     159       Ismael       Stracke
#> 4505          Monique Reichel 2005-07-17     154      Monique       Reichel
#> 4506            Imelda Harber 2004-07-30      69       Imelda        Harber
#> 4507          Lassie Lindgren 2004-11-04      56       Lassie      Lindgren
#> 4508          Shaniece Herzog 2005-10-13     124     Shaniece        Herzog
#> 4509        Jeraldine Waelchi 2006-08-07     112    Jeraldine       Waelchi
#> 4510           Tamisha Crooks 2006-12-20      30      Tamisha        Crooks
#> 4511           Tegan O'Conner 2005-03-10      99        Tegan      O'Conner
#> 4512        Vivian McLaughlin 2005-04-25     155       Vivian    McLaughlin
#> 4513               Donal Auer 2004-11-22      30        Donal          Auer
#> 4514        Gussie Bartoletti 2005-04-14      35       Gussie    Bartoletti
#> 4515            Elzy Anderson 2006-07-16      51         Elzy      Anderson
#> 4516      Jaheem Pfannerstill 2005-07-08      61       Jaheem  Pfannerstill
#> 4517              Cari Renner 2004-06-03      76         Cari        Renner
#> 4518            Hansford Moen 2005-11-06     219     Hansford          Moen
#> 4519              Vic Volkman 2005-09-23      43          Vic       Volkman
#> 4520            Alf Lueilwitz 2006-06-12      49          Alf     Lueilwitz
#> 4521           Josette Bailey 2005-06-27      70      Josette        Bailey
#> 4522           Burton Kuvalis 2006-04-16     140       Burton       Kuvalis
#> 4523            Dell Baumbach 2006-10-12      17         Dell      Baumbach
#> 4524           Iverson Herman 2005-05-15      24      Iverson        Herman
#> 4525             Vannie Kunze 2005-09-06     174       Vannie         Kunze
#> 4526            Naima Treutel 2006-08-03     119        Naima       Treutel
#> 4527        Isaak Oberbrunner 2005-09-16      48        Isaak   Oberbrunner
#> 4528           Karren Schuppe 2005-12-15     155       Karren       Schuppe
#> 4529           Ailene Hermann 2006-03-25     158       Ailene       Hermann
#> 4530           Melvin Schmidt 2004-10-29     212       Melvin       Schmidt
#> 4531             Tarik Marvin 2005-05-10     124        Tarik        Marvin
#> 4532            Cletus Corwin 2005-03-20      22       Cletus        Corwin
#> 4533              Aleen Kunze 2004-10-18     211        Aleen         Kunze
#> 4534              Corene Lind 2005-10-01      57       Corene          Lind
#> 4535          Danika Schulist 2005-07-22     163       Danika      Schulist
#> 4536            Soren Gleason 2006-01-24     140        Soren       Gleason
#> 4537             Lilah Blanda 2006-06-08     113        Lilah        Blanda
#> 4538      Marquise Swaniawski 2005-05-19      23     Marquise    Swaniawski
#> 4539              Joann Yundt 2005-05-06     188        Joann         Yundt
#> 4540             Clemens Torp 2004-07-18     188      Clemens          Torp
#> 4541          Iverson Hilpert 2005-07-30     125      Iverson       Hilpert
#> 4542             Sylva Littel 2005-04-27     115        Sylva        Littel
#> 4543            Elda Schmeler 2005-03-02      15         Elda      Schmeler
#> 4544             Ferd Stroman 2006-07-01     132         Ferd       Stroman
#> 4545           Lisandro Swift 2006-09-25     215     Lisandro         Swift
#> 4546        Gianna Stiedemann 2006-12-01     117       Gianna    Stiedemann
#> 4547         Donaciano Corwin 2004-02-28     136    Donaciano        Corwin
#> 4548              Brion Stark 2005-02-15      26        Brion         Stark
#> 4549             Nyree Walker 2004-08-07      33        Nyree        Walker
#> 4550           Benji Jacobson 2005-04-08      30        Benji      Jacobson
#> 4551           Winifred Hills 2005-07-05     152     Winifred         Hills
#> 4552            Elizah Abbott 2005-02-13     125       Elizah        Abbott
#> 4553             Mendy Ledner 2006-02-05     159        Mendy        Ledner
#> 4554            Jeanette Lind 2004-02-17     184     Jeanette          Lind
#> 4555          Mansfield Boyle 2005-03-01     154    Mansfield         Boyle
#> 4556              Noma Hessel 2004-07-29      59         Noma        Hessel
#> 4557               Uriel Kuhn 2005-04-15      64        Uriel          Kuhn
#> 4558             Paulo Torphy 2004-07-22     155        Paulo        Torphy
#> 4559      Jacqueline Nikolaus 2005-06-30      11   Jacqueline      Nikolaus
#> 4560            Dorr Lindgren 2004-04-29     145         Dorr      Lindgren
#> 4561            Aiyanna Bruen 2005-07-01      32      Aiyanna         Bruen
#> 4562            Mykel Johnson 2004-05-08     147        Mykel       Johnson
#> 4563           Skyler Windler 2004-03-30     110       Skyler       Windler
#> 4564             Gayle Kuphal 2004-01-25      44        Gayle        Kuphal
#> 4565          Sherlyn Gutmann 2005-03-10     175      Sherlyn       Gutmann
#> 4566          Devante Gerhold 2005-02-27     181      Devante       Gerhold
#> 4567            Breann Harris 2006-02-24     213       Breann        Harris
#> 4568            Celine Wisozk 2004-03-07      26       Celine        Wisozk
#> 4569            Jerold Sporer 2005-09-07     129       Jerold        Sporer
#> 4570        Darrell Heathcote 2006-07-24     176      Darrell     Heathcote
#> 4571            Rosario Boyle 2005-11-09      35      Rosario         Boyle
#> 4572           Reanna O'Keefe 2006-11-26     132       Reanna       O'Keefe
#> 4573            Bernhard Lind 2004-04-22     143     Bernhard          Lind
#> 4574          Jeramiah Cronin 2005-06-27      36     Jeramiah        Cronin
#> 4575             Vannie Kunze 2005-06-22      81       Vannie         Kunze
#> 4576       Margarita O'Reilly 2004-12-31     149    Margarita      O'Reilly
#> 4577             Jeanie Berge 2005-07-10     208       Jeanie         Berge
#> 4578            Cathey Beatty 2005-10-26     113       Cathey        Beatty
#> 4579        Travis Cartwright 2005-10-06      48       Travis    Cartwright
#> 4580           Dillon Pollich 2004-09-27      87       Dillon       Pollich
#> 4581         Anderson Quitzon 2005-02-23      53     Anderson       Quitzon
#> 4582        Travis Cartwright 2005-01-04      29       Travis    Cartwright
#> 4583           Violette O'Kon 2005-06-22     206     Violette         O'Kon
#> 4584               Kyle Doyle 2006-07-01     114         Kyle         Doyle
#> 4585            Ariane Hansen 2004-10-03      77       Ariane        Hansen
#> 4586       Erastus Macejkovic 2006-10-12      57      Erastus    Macejkovic
#> 4587           Alex Armstrong 2005-09-05      18         Alex     Armstrong
#> 4588           Bryson Reinger 2004-06-28     184       Bryson       Reinger
#> 4589         Morton O'Connell 2004-08-09      69       Morton     O'Connell
#> 4590          Kristian Heaney 2004-08-12     219     Kristian        Heaney
#> 4591          Lassie Lindgren 2005-07-10     206       Lassie      Lindgren
#> 4592             Rollie Yundt 2005-05-10     211       Rollie         Yundt
#> 4593        Alphonse Champlin 2004-07-13     174     Alphonse      Champlin
#> 4594          Dorotha Kuvalis 2004-08-29     118      Dorotha       Kuvalis
#> 4595             Elroy Kirlin 2006-12-03      38        Elroy        Kirlin
#> 4596            Elinore Doyle 2004-04-30     143      Elinore         Doyle
#> 4597             Kesha Daniel 2004-07-22      84        Kesha        Daniel
#> 4598           Devante O'Hara 2004-08-20      60      Devante        O'Hara
#> 4599              Cari Renner 2005-05-27     133         Cari        Renner
#> 4600           Bryson Reinger 2005-05-19      46       Bryson       Reinger
#> 4601           Starling Welch 2006-08-25     111     Starling         Welch
#> 4602         Pleasant Ullrich 2004-10-28     180     Pleasant       Ullrich
#> 4603          Keri Williamson 2004-10-15     118         Keri    Williamson
#> 4604            Marla Sanford 2006-07-20      47        Marla       Sanford
#> 4605             Laurel Morar 2005-07-30      10       Laurel         Morar
#> 4606        Finnegan Franecki 2005-06-07      50     Finnegan      Franecki
#> 4607            Imelda Harber 2005-10-02      25       Imelda        Harber
#> 4608          Michell Gerlach 2005-07-04      19      Michell       Gerlach
#> 4609           Scottie Beahan 2006-03-31     146      Scottie        Beahan
#> 4610        Luverne Rodriguez 2004-03-22      97      Luverne     Rodriguez
#> 4611             Gerard Bauch 2004-06-16      23       Gerard         Bauch
#> 4612            Elzy Anderson 2005-10-06      83         Elzy      Anderson
#> 4613           Helmer Monahan 2006-02-03      21       Helmer       Monahan
#> 4614             Howell Blick 2004-08-24      47       Howell         Blick
#> 4615               Iesha Mraz 2006-08-22     115        Iesha          Mraz
#> 4616           Kenton Dickens 2004-05-26     208       Kenton       Dickens
#> 4617          Makenna Bernier 2004-01-28     105      Makenna       Bernier
#> 4618           Zackery Spinka 2005-12-09      40      Zackery        Spinka
#> 4619           Kendal Wiegand 2005-12-13     134       Kendal       Wiegand
#> 4620            Nigel Leannon 2006-10-29     118        Nigel       Leannon
#> 4621             Aleena Berge 2005-07-31      39       Aleena         Berge
#> 4622           Agness O'Keefe 2005-08-24     167       Agness       O'Keefe
#> 4623             Hilma Little 2004-02-25      54        Hilma        Little
#> 4624              Vic Volkman 2004-01-27      38          Vic       Volkman
#> 4625       Chante Stoltenberg 2004-02-27     109       Chante   Stoltenberg
#> 4626            Maebell Terry 2005-03-02     139      Maebell         Terry
#> 4627             Vannie Kunze 2005-04-28     117       Vannie         Kunze
#> 4628             Vivien Bauch 2006-09-13      57       Vivien         Bauch
#> 4629           Dorcas Friesen 2004-11-19     198       Dorcas       Friesen
#> 4630           Collie Krajcik 2005-07-01      15       Collie       Krajcik
#> 4631              Tracy Feest 2005-07-19     110        Tracy         Feest
#> 4632                Loy Olson 2004-05-02      15          Loy         Olson
#> 4633            Lashawn Hoppe 2005-01-01     142      Lashawn         Hoppe
#> 4634           Alexis Cormier 2006-02-23     175       Alexis       Cormier
#> 4635           Aurthur Kirlin 2006-09-06      14      Aurthur        Kirlin
#> 4636               Trudy Rath 2005-10-05     118        Trudy          Rath
#> 4637                Luda Kihn 2005-12-16     104         Luda          Kihn
#> 4638             Savion Rohan 2005-03-26     115       Savion         Rohan
#> 4639          Sherlyn Gutmann 2004-10-03      35      Sherlyn       Gutmann
#> 4640           Harris Pollich 2006-12-10     159       Harris       Pollich
#> 4641            Oneta Lebsack 2004-11-23     107        Oneta       Lebsack
#> 4642           Ethyl Botsford 2006-04-23      86        Ethyl      Botsford
#> 4643           Hakeem Leffler 2005-05-26     146       Hakeem       Leffler
#> 4644          Chiquita Jacobs 2006-01-15      33     Chiquita        Jacobs
#> 4645           Eugenia Barton 2006-05-16      51      Eugenia        Barton
#> 4646         Nikolas Shanahan 2004-07-23      68      Nikolas      Shanahan
#> 4647             Savion Rohan 2004-09-14     211       Savion         Rohan
#> 4648           Fredrick Klein 2004-03-31      36     Fredrick         Klein
#> 4649            Robbin Herzog 2005-07-13     184       Robbin        Herzog
#> 4650           Katrina Barton 2006-08-17      89      Katrina        Barton
#> 4651              Kelcie Yost 2004-05-19     113       Kelcie          Yost
#> 4652              Ela Treutel 2005-04-21     136          Ela       Treutel
#> 4653             Essence Metz 2005-10-18     212      Essence          Metz
#> 4654           Harlon Rolfson 2005-06-02      97       Harlon       Rolfson
#> 4655            Marla Sanford 2005-07-21      10        Marla       Sanford
#> 4656          Jeramiah Cronin 2006-12-25     115     Jeramiah        Cronin
#> 4657         Torrance Pollich 2006-11-07     117     Torrance       Pollich
#> 4658           Winifred Hills 2005-09-01      63     Winifred         Hills
#> 4659               Julia Koch 2005-08-27      67        Julia          Koch
#> 4660           Garrison Kling 2004-10-11     177     Garrison         Kling
#> 4661            Lary Champlin 2005-06-02      21         Lary      Champlin
#> 4662           Asha Ankunding 2005-11-27      29         Asha     Ankunding
#> 4663              Brea Nienow 2006-06-20     141         Brea        Nienow
#> 4664            Virgel Grimes 2006-07-11     164       Virgel        Grimes
#> 4665              Romeo Sauer 2004-09-12      22        Romeo         Sauer
#> 4666         Dustyn Rodriguez 2005-08-10      19       Dustyn     Rodriguez
#> 4667           Sharyn Barrows 2005-04-10      59       Sharyn       Barrows
#> 4668           Ismael Stracke 2005-08-27      27       Ismael       Stracke
#> 4669          Dudley Franecki 2006-05-23     176       Dudley      Franecki
#> 4670            Erla Schulist 2005-06-06      79         Erla      Schulist
#> 4671           Mazie Predovic 2005-05-06      65        Mazie      Predovic
#> 4672       Waldemar Greenholt 2005-08-21      59     Waldemar     Greenholt
#> 4673            Hiroshi Terry 2004-02-27     207      Hiroshi         Terry
#> 4674         Buffy Williamson 2004-07-04     206        Buffy    Williamson
#> 4675         Suzette Hartmann 2006-01-28     178      Suzette      Hartmann
#> 4676           Reanna O'Keefe 2005-11-18     103       Reanna       O'Keefe
#> 4677          Quintin Tillman 2004-06-20     127      Quintin       Tillman
#> 4678             Linn Schuppe 2006-04-14      21         Linn       Schuppe
#> 4679         Kamron Halvorson 2004-09-18      39       Kamron     Halvorson
#> 4680             Nyree Walker 2005-06-29      57        Nyree        Walker
#> 4681         Donaciano Corwin 2004-04-21     109    Donaciano        Corwin
#> 4682           Avah Schneider 2006-08-31      65         Avah     Schneider
#> 4683           Marti Johnston 2005-11-20      71        Marti      Johnston
#> 4684               Lyn Parker 2006-07-01     147          Lyn        Parker
#> 4685            Matteo Little 2006-09-19     158       Matteo        Little
#> 4686              Janeen West 2004-08-16      74       Janeen          West
#> 4687            Penni Corkery 2006-01-21      47        Penni       Corkery
#> 4688            Naima Treutel 2004-10-28     136        Naima       Treutel
#> 4689               Ottis Wiza 2006-05-01      91        Ottis          Wiza
#> 4690             Exie Gutmann 2004-12-24      14         Exie       Gutmann
#> 4691          Deontae Effertz 2004-05-27      14      Deontae       Effertz
#> 4692          Hurley Schiller 2004-09-06     102       Hurley      Schiller
#> 4693      Chadrick Williamson 2004-09-21      51     Chadrick    Williamson
#> 4694            Hiroshi Terry 2004-03-06     104      Hiroshi         Terry
#> 4695            Velda Goyette 2005-01-31     184        Velda       Goyette
#> 4696           Enos VonRueden 2005-03-22      38         Enos     VonRueden
#> 4697          Arlyn Dickinson 2005-09-01      18        Arlyn     Dickinson
#> 4698             Ginger Stamm 2005-07-20     179       Ginger         Stamm
#> 4699        Loretto Romaguera 2006-10-08     176      Loretto     Romaguera
#> 4700            Almer Osinski 2004-12-29      56        Almer       Osinski
#> 4701          Rafael Mitchell 2005-04-13     106       Rafael      Mitchell
#> 4702           Shea Buckridge 2006-07-18      57         Shea     Buckridge
#> 4703          Crawford Mayert 2005-02-19      17     Crawford        Mayert
#> 4704              Ariel Yundt 2005-07-06      45        Ariel         Yundt
#> 4705             Blair Erdman 2004-11-05     133        Blair        Erdman
#> 4706               Lyn Parker 2006-10-24     171          Lyn        Parker
#> 4707           Torry Reynolds 2005-01-04      30        Torry      Reynolds
#> 4708               Evita Howe 2004-05-11     118        Evita          Howe
#> 4709      Marquise Swaniawski 2005-06-10     116     Marquise    Swaniawski
#> 4710           Londyn Reinger 2006-11-16     107       Londyn       Reinger
#> 4711            Virgel Grimes 2005-03-19      97       Virgel        Grimes
#> 4712            Fount Flatley 2004-02-06     202        Fount       Flatley
#> 4713      Lyndsey Heidenreich 2005-09-03     162      Lyndsey   Heidenreich
#> 4714          Eller Marquardt 2005-08-30      26        Eller     Marquardt
#> 4715          Benjamin Barton 2004-05-12      46     Benjamin        Barton
#> 4716            Iverson Robel 2006-07-24     177      Iverson         Robel
#> 4717              Aden Murphy 2005-09-22     121         Aden        Murphy
#> 4718          Lexi Altenwerth 2005-10-30      91         Lexi    Altenwerth
#> 4719           Latoya Stanton 2004-02-22      43       Latoya       Stanton
#> 4720          Kalvin Prosacco 2005-04-30     218       Kalvin      Prosacco
#> 4721            Shirl Keebler 2004-04-19     132        Shirl       Keebler
#> 4722         Shoji Wintheiser 2006-08-13     105        Shoji    Wintheiser
#> 4723            Isabela Mertz 2005-04-29      29      Isabela         Mertz
#> 4724               Uriel Kuhn 2004-10-15     214        Uriel          Kuhn
#> 4725        Hughey Bartoletti 2006-10-19      34       Hughey    Bartoletti
#> 4726             Auther Haley 2006-05-05     189       Auther         Haley
#> 4727            Yoselin Bauch 2004-03-08     168      Yoselin         Bauch
#> 4728        Rexford Greenholt 2004-05-23     190      Rexford     Greenholt
#> 4729          Benjamin Barton 2006-07-03     205     Benjamin        Barton
#> 4730           Christal Wolff 2005-08-10     203     Christal         Wolff
#> 4731          Fletcher Hudson 2005-05-10     123     Fletcher        Hudson
#> 4732          Eliezer Wuckert 2005-07-07     118      Eliezer       Wuckert
#> 4733            Winifred Kris 2005-10-05      91     Winifred          Kris
#> 4734              Kyra Littel 2005-05-05      34         Kyra        Littel
#> 4735              Karan Weber 2006-10-25      31        Karan         Weber
#> 4736           Anastasia Howe 2005-08-17     128    Anastasia          Howe
#> 4737           Iverson Herman 2005-02-20      29      Iverson        Herman
#> 4738             Milissa Batz 2005-06-13     179      Milissa          Batz
#> 4739           Ailene Hermann 2004-01-02      41       Ailene       Hermann
#> 4740           Reynaldo Davis 2005-02-18      45     Reynaldo         Davis
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#> 4742           Porsche Mayert 2005-07-07      83      Porsche        Mayert
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#> 4744            Shirl Keebler 2005-06-03     166        Shirl       Keebler
#> 4745         Susannah Bernier 2006-11-28      59     Susannah       Bernier
#> 4746           Corrina Little 2004-07-04     148      Corrina        Little
#> 4747           Patience Ferry 2005-06-25      39     Patience         Ferry
#> 4748        Valentine Volkman 2005-05-01     214    Valentine       Volkman
#> 4749             Kem Medhurst 2005-08-23      31          Kem      Medhurst
#> 4750              Saint Doyle 2004-11-29      52        Saint         Doyle
#> 4751               Uriel Kuhn 2005-01-28     104        Uriel          Kuhn
#> 4752               Bessie Kub 2005-05-02      31       Bessie           Kub
#> 4753         Julisa Halvorson 2004-02-17     104       Julisa     Halvorson
#> 4754          Michell Gerlach 2004-09-24      69      Michell       Gerlach
#> 4755         Julisa Halvorson 2004-05-10      55       Julisa     Halvorson
#> 4756               Trudy Rath 2005-12-09     182        Trudy          Rath
#> 4757            Akeelah Walsh 2006-07-24      41      Akeelah         Walsh
#> 4758             Pat Nitzsche 2004-02-04      72          Pat      Nitzsche
#> 4759                Byrd Kuhn 2006-05-20     205         Byrd          Kuhn
#> 4760           Ned Swaniawski 2005-11-04      37          Ned    Swaniawski
#> 4761            Lary Champlin 2004-06-18      11         Lary      Champlin
#> 4762           Bush Schroeder 2005-06-11      38         Bush     Schroeder
#> 4763           Con Altenwerth 2005-06-12     200          Con    Altenwerth
#> 4764              Zillah Koch 2004-11-08     146       Zillah          Koch
#> 4765             Daija Legros 2004-11-25      50        Daija        Legros
#> 4766             Elsie Parker 2004-05-08      43        Elsie        Parker
#> 4767              Alva Klocko 2004-08-08      39         Alva        Klocko
#> 4768          Aryan Bahringer 2005-04-16     124        Aryan     Bahringer
#> 4769              Delpha King 2004-09-28      65       Delpha          King
#> 4770          Deontae Effertz 2005-06-15     100      Deontae       Effertz
#> 4771              Sadie Upton 2004-10-16     145        Sadie         Upton
#> 4772            Maxie Steuber 2006-09-09      36        Maxie       Steuber
#> 4773               Tripp Batz 2005-08-02      55        Tripp          Batz
#> 4774            Willian Runte 2005-09-05     117      Willian         Runte
#> 4775              Katlyn Mann 2005-06-14      25       Katlyn          Mann
#> 4776             Wong Bradtke 2005-04-30      18         Wong       Bradtke
#> 4777           Cali Considine 2005-05-02      33         Cali     Considine
#> 4778        Egbert McLaughlin 2005-07-13     113       Egbert    McLaughlin
#> 4779            Lim Langworth 2006-01-09      67          Lim     Langworth
#> 4780             Tierra Hayes 2004-05-30      64       Tierra         Hayes
#> 4781            Matteo Little 2006-09-29      70       Matteo        Little
#> 4782           Ermine Krajcik 2005-05-15     106       Ermine       Krajcik
#> 4783           Delisa Kilback 2005-12-11      74       Delisa       Kilback
#> 4784         Laisha VonRueden 2006-07-01     208       Laisha     VonRueden
#> 4785             Daryn Hickle 2005-06-09      67        Daryn        Hickle
#> 4786             Cristy Ferry 2005-06-20     172       Cristy         Ferry
#> 4787             Tierra Hayes 2005-04-05     156       Tierra         Hayes
#> 4788              Nevin Boehm 2005-11-27     199        Nevin         Boehm
#> 4789        Cherrelle Bartell 2005-04-08      75    Cherrelle       Bartell
#> 4790              Katlyn Mann 2005-05-02     166       Katlyn          Mann
#> 4791           Fannie Watsica 2006-06-03      73       Fannie       Watsica
#> 4792          Deontae Effertz 2006-08-18      53      Deontae       Effertz
#> 4793           Anie Hettinger 2005-10-13     183         Anie     Hettinger
#> 4794            Alberto Kunze 2004-06-28      70      Alberto         Kunze
#> 4795      Lyndsey Heidenreich 2005-08-13      88      Lyndsey   Heidenreich
#> 4796              Tad Johnson 2005-02-10     162          Tad       Johnson
#> 4797              Kloe Parker 2004-08-28      41         Kloe        Parker
#> 4798            Leaner Jacobs 2005-03-24     164       Leaner        Jacobs
#> 4799            Alberto Kunze 2005-04-27     102      Alberto         Kunze
#> 4800                Loy Olson 2005-10-19      58          Loy         Olson
#> 4801              Clovis Feil 2006-04-07     206       Clovis          Feil
#> 4802          Darrian Bartell 2005-10-08      31      Darrian       Bartell
#> 4803               Posey Metz 2004-06-18      24        Posey          Metz
#> 4804            Valorie Kling 2006-06-13     161      Valorie         Kling
#> 4805            Rosario Boyle 2004-09-22     140      Rosario         Boyle
#> 4806              Nevin Boehm 2005-07-04      69        Nevin         Boehm
#> 4807             Kolten Wyman 2004-04-14      83       Kolten         Wyman
#> 4808            Pearl Schmidt 2005-10-11     190        Pearl       Schmidt
#> 4809             Lesta Carter 2005-10-30     111        Lesta        Carter
#> 4810              Karan Weber 2005-05-27      57        Karan         Weber
#> 4811               Evita Howe 2004-09-05      50        Evita          Howe
#> 4812           Admiral Senger 2005-09-15      79      Admiral        Senger
#> 4813              Kizzy Doyle 2006-07-16      90        Kizzy         Doyle
#> 4814             Herman Kling 2004-04-08      40       Herman         Kling
#> 4815             Luka Langosh 2005-11-14     199         Luka       Langosh
#> 4816          Mansfield Boyle 2005-07-30     127    Mansfield         Boyle
#> 4817            Rosina Abbott 2006-01-26      64       Rosina        Abbott
#> 4818             Rene Kuhlman 2004-05-21     136         Rene       Kuhlman
#> 4819          Delfina Watsica 2006-12-21      79      Delfina       Watsica
#> 4820           Cristen Hammes 2005-04-27      35      Cristen        Hammes
#> 4821           Lidie Gislason 2006-09-28     197        Lidie      Gislason
#> 4822               Case Weber 2006-03-02      70         Case         Weber
#> 4823        Elizabet Schiller 2005-08-28     153     Elizabet      Schiller
#> 4824             Jayden Hayes 2005-08-05      49       Jayden         Hayes
#> 4825              Alfred Metz 2006-04-30     143       Alfred          Metz
#> 4826              Alva Klocko 2005-07-31     163         Alva        Klocko
#> 4827         Willis Bahringer 2005-01-25      60       Willis     Bahringer
#> 4828           Alysa Cummings 2005-09-29      79        Alysa      Cummings
#> 4829           Emmaline Stark 2005-06-21      60     Emmaline         Stark
#> 4830           Burke Connelly 2004-04-30      65        Burke      Connelly
#> 4831             Lilah Blanda 2005-11-22      38        Lilah        Blanda
#> 4832             Shaun Rempel 2004-02-26     215        Shaun        Rempel
#> 4833         Gilmer Kertzmann 2005-01-07      53       Gilmer     Kertzmann
#> 4834           Agness O'Keefe 2004-04-01     111       Agness       O'Keefe
#> 4835         Lillianna Larkin 2005-06-19     166    Lillianna        Larkin
#> 4836              Delpha King 2006-04-12     118       Delpha          King
#> 4837         Kamron Halvorson 2004-07-05     101       Kamron     Halvorson
#> 4838              Josef Lemke 2005-01-30      33        Josef         Lemke
#> 4839           William Sawayn 2005-10-03     152      William        Sawayn
#> 4840      Marquise Swaniawski 2004-07-05      97     Marquise    Swaniawski
#> 4841             Lennon Hilll 2005-05-11     140       Lennon         Hilll
#> 4842            Jerold Sporer 2006-02-26      79       Jerold        Sporer
#> 4843             Patti Rempel 2004-08-29      18        Patti        Rempel
#> 4844             Chase Skiles 2005-05-29     199        Chase        Skiles
#> 4845          Benson Schulist 2005-02-14      46       Benson      Schulist
#> 4846          Forest Hartmann 2005-05-17     112       Forest      Hartmann
#> 4847          Lexi Altenwerth 2005-11-27     203         Lexi    Altenwerth
#> 4848             Alcide Rohan 2006-08-15     207       Alcide         Rohan
#> 4849                Art Hyatt 2005-02-25     215          Art         Hyatt
#> 4850               Bessie Kub 2004-10-28     217       Bessie           Kub
#> 4851           Tamisha Crooks 2005-09-26      34      Tamisha        Crooks
#> 4852      Hayleigh Swaniawski 2006-03-17     202     Hayleigh    Swaniawski
#> 4853             Jeanie Berge 2005-03-23     110       Jeanie         Berge
#> 4854             Laurel Morar 2006-07-12      13       Laurel         Morar
#> 4855             Brayan Terry 2004-02-29     210       Brayan         Terry
#> 4856              Suzann Koss 2005-08-28      74       Suzann          Koss
#> 4857        Mervyn Vandervort 2005-01-07     118       Mervyn    Vandervort
#> 4858         Gabriel Schiller 2004-09-06      30      Gabriel      Schiller
#> 4859              Kloe Parker 2005-06-18      39         Kloe        Parker
#> 4860           Burke Connelly 2006-11-20     100        Burke      Connelly
#> 4861           Buford Pollich 2004-08-17      79       Buford       Pollich
#> 4862            Charls Rempel 2006-07-29      45       Charls        Rempel
#> 4863               Arno Blick 2005-10-16      34         Arno         Blick
#> 4864           Symone McClure 2004-10-07      32       Symone       McClure
#> 4865          Dominick Jewess 2005-10-15     112     Dominick        Jewess
#> 4866           Kenton Dickens 2004-09-14      69       Kenton       Dickens
#> 4867            Devon Osinski 2004-02-22     215        Devon       Osinski
#> 4868         Dominik Anderson 2004-06-27      32      Dominik      Anderson
#> 4869          Maebell Reinger 2005-06-26     110      Maebell       Reinger
#> 4870              Sydell West 2005-05-02      21       Sydell          West
#> 4871            Ariane Hansen 2005-10-02     121       Ariane        Hansen
#> 4872           Harris Pollich 2006-04-08     217       Harris       Pollich
#> 4873         Jevon Rutherford 2005-07-03     140        Jevon    Rutherford
#> 4874            Zenas Pacocha 2004-09-09      99        Zenas       Pacocha
#> 4875              Zillah Koch 2005-05-05     215       Zillah          Koch
#> 4876          Delfina Watsica 2005-08-15     165      Delfina       Watsica
#> 4877       Erastus Macejkovic 2005-09-29     104      Erastus    Macejkovic
#> 4878              Ariel Yundt 2005-02-08     178        Ariel         Yundt
#> 4879          Devaughn Erdman 2006-09-23      80     Devaughn        Erdman
#> 4880            Fount Flatley 2004-12-29     108        Fount       Flatley
#> 4881            Flo Gulgowski 2005-07-01      34          Flo     Gulgowski
#> 4882           Mazie Predovic 2005-09-11      55        Mazie      Predovic
#> 4883                Ebb Doyle 2005-05-26     105          Ebb         Doyle
#> 4884           Hakeem Leffler 2005-12-13      41       Hakeem       Leffler
#> 4885        Finnegan Franecki 2004-09-09      56     Finnegan      Franecki
#> 4886          Laddie Donnelly 2006-01-13      17       Laddie      Donnelly
#> 4887              Saint Doyle 2005-04-19      60        Saint         Doyle
#> 4888      Katherine Schroeder 2005-09-22     107    Katherine     Schroeder
#> 4889            Esker Cormier 2006-11-28      10        Esker       Cormier
#> 4890          Devaughn Erdman 2005-03-30      45     Devaughn        Erdman
#> 4891        Gussie McLaughlin 2004-06-30     118       Gussie    McLaughlin
#> 4892            Woodson Klein 2005-08-11      88      Woodson         Klein
#> 4893            Lary Champlin 2004-12-02      28         Lary      Champlin
#> 4894             Pratt Crooks 2006-06-22      94        Pratt        Crooks
#> 4895            Sonny Dickens 2005-06-11      29        Sonny       Dickens
#> 4896           Hattie Roberts 2004-12-27      59       Hattie       Roberts
#> 4897              Kyra Littel 2005-05-13      13         Kyra        Littel
#> 4898         Schuyler Volkman 2005-08-20     115     Schuyler       Volkman
#> 4899               Desi Ortiz 2004-08-01     148         Desi         Ortiz
#> 4900              Wendi Purdy 2004-05-15      14        Wendi         Purdy
#> 4901              Vito Ernser 2005-05-01      57         Vito        Ernser
#> 4902            Lovie Keeling 2006-07-22      78        Lovie       Keeling
#> 4903             Malaya White 2005-10-31      83       Malaya         White
#> 4904        Charity Rodriguez 2004-07-04     109      Charity     Rodriguez
#> 4905        Demetric Franecki 2006-04-29     101     Demetric      Franecki
#> 4906             Riley Heller 2006-07-13     117        Riley        Heller
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#> 4892            woodson_klein@rfmail.com
#> 4893            lary_champlin@rfmail.com
#> 4894             pratt_crooks@rfmail.com
#> 4895            sonny_dickens@rfmail.com
#> 4896           hattie_roberts@rfmail.com
#> 4897              kyra_littel@rfmail.com
#> 4898         schuyler_volkman@rfmail.com
#> 4899               desi_ortiz@rfmail.com
#> 4900              wendi_purdy@rfmail.com
#> 4901              vito_ernser@rfmail.com
#> 4902            lovie_keeling@rfmail.com
#> 4903             malaya_white@rfmail.com
#> 4904        charity_rodriguez@rfmail.com
#> 4905        demetric_franecki@rfmail.com
#> 4906             riley_heller@rfmail.com




Supplying an explicit analysis date t0t_0 makes recency well defined; the rfm_table_customer() call below scores the customer-level data and returns, for each customer, the most-recent-visit date, recency in days, transaction count, total amount, the three sub-scores, and the composite.


analysis_date <- lubridate::as_date('2007-01-01')
rfm_result <-
    rfm_table_customer(
        rfm_data_customer,
        customer_id,
        number_of_orders,
        recency_days,
        revenue,
        analysis_date
    )
rfm_result
#>      customer_id recency_days transaction_count amount recency_score
#> 1          22086          232                 9    777             2
#> 2           2290          115                16   1555             4
#> 3          26377           43                 5    336             5
#> 4          24650           64                12   1189             5
#> 5          12883           23                12   1229             5
#> 6           2119           72                11    929             5
#> 7          31283          112                17   1569             4
#> 8          33815          142                11    778             3
#> 9          15972           43                 9    641             5
#> 10         27650          131                10    970             3
#> 11          4168          266                 9    730             1
#> 12         23375          371                 9    798             1
#> 13          7460           96                10    980             4
#> 14         31412          170                14   1596             3
#> 15          4298          333                13   1105             1
#> 16         11217          126                 7    673             3
#> 17         27435           18                 7    793             5
#> 18         22756          246                 8    652             2
#> 19         14737          133                12   1081             3
#> 20         38027          181                 8    712             2
#> 21         35527          161                11   1060             3
#> 22         21182          152                 9    790             3
#> 23         35926          231                13   1248             2
#> 24          2091          284                 9    789             1
#> 25         16555          156                 8    794             3
#> 26          7868          101                10    700             4
#> 27         16526          150                10    855             3
#> 28         12370          201                 6    793             2
#> 29         32863          124                11    793             4
#> 30         11206          154                14   1220             3
#> 31         16677          422                 5    220             1
#> 32          2718           78                16   1633             4
#> 33         35549          152                 9    812             3
#> 34         39729           77                10   1231             4
#> 35         16563           78                16   1380             4
#> 36         14317           81                 9    918             4
#> 37         27557          208                10    981             2
#> 38         16094          410                 7    631             1
#> 39         10725          538                 6    537             1
#> 40         27531           37                18   1804             5
#> 41         35774          455                 9    994             1
#> 42         18357           43                18   1561             5
#> 43         18377          138                 9    562             3
#> 44         12558          197                10    909             2
#> 45          2036           11                 3    216             5
#> 46         15489          117                11   1185             4
#> 47          1811          109                 9    978             4
#> 48         38345          139                 9    794             3
#> 49          6116          274                 7    450             1
#> 50         30839           38                10    943             5
#> 51         17548          164                 8    691             3
#> 52         31140          124                10   1143             4
#> 53          9338          284                 3    309             1
#> 54          5437          136                14   1154             3
#> 55         38672          108                10    859             4
#> 56          6662          168                10   1388             3
#> 57         32799          509                 6    724             1
#> 58         23565          278                 8   1240             1
#> 59         17474          398                11   1256             1
#> 60         20635           87                10    922             4
#> 61          2057           10                11    921             5
#> 62         10176          165                 5    370             3
#> 63          7409          316                 7    693             1
#> 64         36111           22                13   1068             5
#> 65         16700          118                11   1138             4
#> 66          6203          249                 7    394             2
#> 67          4641          176                17   1370             3
#> 68         38766          370                12   1378             1
#> 69         39138          264                14   1460             2
#> 70         23711          290                11   1146             1
#> 71         29815           35                14   1505             5
#> 72          1552          203                 9    682             2
#> 73         14070           39                10   1023             5
#> 74         11698          359                 5    554             1
#> 75          2837           65                11   1117             5
#> 76         15039          109                 9    891             4
#> 77         35252          377                12   1131             1
#> 78          7414           97                18   2031             4
#> 79         36920           12                11   1098             5
#> 80          2094           34                10    940             5
#> 81          1027          121                10    951             4
#> 82         19104          456                 9    739             1
#> 83         22573           68                15   1489             5
#> 84         16910          218                 9    982             2
#> 85         28412          176                10   1045             3
#> 86          7025           42                11   1089             5
#> 87         25933           99                12    973             4
#> 88         13586          133                11    812             3
#> 89         18695          100                 9   1007             4
#> 90         22278           94                11   1093             4
#> 91         25897          164                12    935             3
#> 92         17131          779                 4    497             1
#> 93         33971          156                 9    541             3
#> 94          9920           54                15   1860             5
#> 95         34568          123                10   1121             4
#> 96         26537          225                11   1078             2
#> 97          9016          224                 8    777             2
#> 98         39972           98                12   1236             4
#> 99         31644           95                13   1388             4
#> 100         3626           59                 5    613             5
#> 101        22867           77                 9    847             4
#> 102        26253          277                 5    549             1
#> 103        14938           56                 9    968             5
#> 104        30444          164                10    980             3
#> 105        26680           73                 8    779             5
#> 106        18260          127                 6    719             3
#> 107        31835          192                 9    958             2
#> 108        28602          324                 5    261             1
#> 109        38433          133                16   1652             3
#> 110        33465          425                10    902             1
#> 111        22188           74                 9    735             5
#> 112        21572          262                 3    544             2
#> 113        18108          212                 6    777             2
#> 114        29137          515                 7    707             1
#> 115        30644          234                 8    807             2
#> 116        15440          220                 9   1028             2
#> 117        21382          236                17   1789             2
#> 118          269           83                13   1339             4
#> 119         3324          316                10    867             1
#> 120        13234           67                10    907             5
#> 121        18608          180                14   1277             2
#> 122         2327          103                10    996             4
#> 123        20670          310                 7    770             1
#> 124         9105          292                 9    803             1
#> 125        19342           39                12    805             5
#> 126        31640          421                 9    924             1
#> 127        36454          290                 7    538             1
#> 128        38816          154                 9    814             3
#> 129        19635          139                12    891             3
#> 130        31330           78                14   1072             4
#> 131         8077           54                15   1328             5
#> 132        27347          433                 7    717             1
#> 133        35369           98                19   1972             4
#> 134        14603          208                 7    696             2
#> 135        14486           90                12   1482             4
#> 136         8631          136                10    809             3
#> 137        32709          395                11   1172             1
#> 138          305           94                10    873             4
#> 139        20591          194                11    880             2
#> 140         1335          128                11    957             3
#> 141         7068          177                16   1286             2
#> 142        35342           30                14   1267             5
#> 143         3357          121                12   1276             4
#> 144        16912           86                14   1636             4
#> 145         2568          160                10   1296             3
#> 146         6229          295                 8    531             1
#> 147        25323          199                11   1269             2
#> 148        13459          209                 7    854             2
#> 149         7870           72                 7    690             5
#> 150        29419          129                12   1365             3
#> 151         8468           55                14   1558             5
#> 152        36430          784                 3    286             1
#> 153        34120          146                15   1504             3
#> 154         8391           40                 8    840             5
#> 155         9873           66                11   1170             5
#> 156        27524          149                 4    539             3
#> 157         3031           25                18   1802             5
#> 158        30183          399                 7    699             1
#> 159        31579           79                 8    797             4
#> 160        25670           69                 6    611             5
#> 161        19918          184                 6    645             2
#> 162         7615          147                16   1477             3
#> 163         3256          946                 1     11             1
#> 164         1767          167                 8    662             3
#> 165         8721           78                11   1111             4
#> 166        11279          258                 9    608             2
#> 167        33656          545                 4    571             1
#> 168         9346           29                 6    243             5
#> 169        13446          440                 5    406             1
#> 170        29811          133                11   1231             3
#> 171        17234          378                14   1378             1
#> 172        35229            3                10    635             5
#> 173        19451          113                10    760             4
#> 174          722          136                16   1586             3
#> 175         6787          151                 8    626             3
#> 176        32140          171                 9    709             3
#> 177         8422            3                11    865             5
#> 178        14498           53                13   1024             5
#> 179        33155          247                 9   1030             2
#> 180        19798          263                16   1384             2
#> 181        16692          172                13   1746             3
#> 182        11378          229                 6    597             2
#> 183        28246           36                 9    893             5
#> 184        37743          202                13   1228             2
#> 185        35359           98                14   1103             4
#> 186        15429          214                11   1121             2
#> 187        22652          143                15   1319             3
#> 188        27115          241                 5    601             2
#> 189         5219          184                 9    482             2
#> 190        29602           85                 7    665             4
#> 191         9847          156                 6    667             3
#> 192        39067           54                11    904             5
#> 193        22172           74                10    898             5
#> 194         5151          160                12   1064             3
#> 195        34388           37                 7    644             5
#> 196        35476           93                 6    406             4
#> 197        26036          102                 9    969             4
#> 198        27266          211                12   1359             2
#> 199        33933          203                 9    717             2
#> 200        15808          636                 2    143             1
#> 201        24956           67                13   1356             5
#> 202        37891          193                11   1248             2
#> 203        14730          166                 7    658             3
#> 204        15596           29                11    775             5
#> 205        22757          326                 9    861             1
#> 206        12960           80                 6    461             4
#> 207        17190          229                13   1287             2
#> 208         7393          244                 7    527             2
#> 209        27507           68                13   1259             5
#> 210        38046          201                10    912             2
#> 211        28789           83                13   1508             4
#> 212        33551          447                 9    807             1
#> 213        21616           87                16    995             4
#> 214        38869          177                13   1436             2
#> 215         7757           95                11   1095             4
#> 216        20083           87                14   1128             4
#> 217         4697          398                 3    224             1
#> 218        19776          121                13   1073             4
#> 219        16705          173                16   1439             3
#> 220        22004          354                11   1454             1
#> 221        10972           97                10   1071             4
#> 222         5936          174                11   1118             3
#> 223         2521          124                10   1262             4
#> 224        31716          187                10   1314             2
#> 225        22410          114                 5    492             4
#> 226        37614          135                14   1372             3
#> 227          177          357                 7    457             1
#> 228        31226          512                 3    118             1
#> 229          396          151                 8    626             3
#> 230        10584          201                10   1209             2
#> 231        24522           25                 8    578             5
#> 232        20085           71                12    886             5
#> 233        18122          471                 5    559             1
#> 234        10914          132                 7    844             3
#> 235        31578          327                17   1703             1
#> 236         1658           90                 9    933             4
#> 237        31570          169                 9    769             3
#> 238        32149           85                 6    657             4
#> 239        11336          437                 3    202             1
#> 240         3356           79                 9    932             4
#> 241        34920           47                10    763             5
#> 242          867          183                 9    732             2
#> 243        37814          185                11    851             2
#> 244        33666           94                13   1043             4
#> 245        39210          505                 4    142             1
#> 246        21650           62                13    635             5
#> 247        38760           29                 9    748             5
#> 248        32778          204                 8    799             2
#> 249        29092          273                15   1267             1
#> 250        23007          499                 3    321             1
#> 251        26203           52                10   1116             5
#> 252        10910          444                 7    781             1
#> 253        27285           33                 8    790             5
#> 254        37197          130                14   1400             3
#> 255        29609          178                12   1025             2
#> 256        32621           53                12   1244             5
#> 257        18086           98                10   1058             4
#> 258         8824           99                 8    917             4
#> 259        17480          194                14   1238             2
#> 260        30005          239                13   1405             2
#> 261         4344           61                16   1621             5
#> 262        17635          112                10    582             4
#> 263        35716           72                 3    105             5
#> 264        27183          252                 9    988             2
#> 265        12801          140                 9   1290             3
#> 266        28732          184                10   1021             2
#> 267        15920          180                 8    429             2
#> 268         9119           71                16   1716             5
#> 269         6605           13                 8    729             5
#> 270        10472           27                 9    862             5
#> 271        18230          140                10    924             3
#> 272        26963          395                 5    575             1
#> 273        12108           79                 7    802             4
#> 274        21571           38                18   1592             5
#> 275         7052          256                14   1223             2
#> 276         6833          399                 9   1146             1
#> 277        15509          122                 8   1136             4
#> 278        23492           35                 7    763             5
#> 279        20862          446                 7    712             1
#> 280          896          215                 8    560             2
#> 281         6608          205                13   1126             2
#> 282        32000          412                 4    312             1
#> 283        27750          253                10    885             2
#> 284         7581           56                10    896             5
#> 285          352          177                10   1095             2
#> 286         3205          456                10    955             1
#> 287        22309           28                 9   1153             5
#> 288        28729           81                 9    648             4
#> 289        22337          160                 7    475             3
#> 290        18312          184                 6    358             2
#> 291         9897          280                 9   1022             1
#> 292        30142           82                10    590             4
#> 293        39015           99                 6    802             4
#> 294         5687          241                11    965             2
#> 295        28713          327                 3     82             1
#> 296        23489          167                 6    415             3
#> 297        27345          194                 6    507             2
#> 298        32784          289                 8   1011             1
#> 299        23606          477                12   1140             1
#> 300        23057          260                 7    613             2
#> 301        17232           92                12   1246             4
#> 302        29494           45                14   1126             5
#> 303         3990           96                13    888             4
#> 304        11831           84                16   1523             4
#> 305        33207           91                12   1132             4
#> 306         2703          166                13   1325             3
#> 307         3885           45                14   1325             5
#> 308         6895           74                 9    838             5
#> 309        32528           39                10    703             5
#> 310        23371          156                 5    626             3
#> 311        13834           57                 6    545             5
#> 312        18862           98                 9    814             4
#> 313         4280           29                 7    692             5
#> 314        14990           64                20   1948             5
#> 315         4772          149                13   1450             3
#> 316         3730          140                 7    590             3
#> 317         3059          202                10    791             2
#> 318        39158          136                10    931             3
#> 319        13426          412                 9    847             1
#> 320        15680           97                14   1556             4
#> 321         8501           58                12    848             5
#> 322         4919          547                 6    684             1
#> 323        11689          391                 7    783             1
#> 324        12915          224                 5    403             2
#> 325        33635          251                12   1196             2
#> 326        28335          119                11    932             4
#> 327        17202          172                12    918             3
#> 328        21879           69                11    775             5
#> 329        17654          117                 8    678             4
#> 330        39733          331                 8   1025             1
#> 331        31994          219                 6    555             2
#> 332         2573           56                10    783             5
#> 333        36068          387                 7    709             1
#> 334        39830          324                11    984             1
#> 335        34275          174                 9   1121             3
#> 336        36102          113                15   1360             4
#> 337        22653          238                 8    809             2
#> 338        22859          150                15   1324             3
#> 339        31706          184                 7    639             2
#> 340         2330          457                10    602             1
#> 341        28552           88                18   2162             4
#> 342         1750           98                14   1444             4
#> 343        19939          444                10    808             1
#> 344        13570           61                10   1348             5
#> 345        37471           99                16   1553             4
#> 346        10485          451                 8    776             1
#> 347        29129           58                 8   1045             5
#> 348        35712           95                 8   1125             4
#> 349        37999          303                 9   1018             1
#> 350        21922          173                16   1848             3
#> 351        35380          108                 6    260             4
#> 352        34779          486                 7    632             1
#> 353        10478          125                 8    850             4
#> 354        21975          260                10   1041             2
#> 355        24305          126                 9    899             3
#> 356         7538          107                19   2092             4
#> 357        28875          538                 9    884             1
#> 358        29590          185                15   1576             2
#> 359        38922          173                 6    413             3
#> 360        14148          156                14   1462             3
#> 361          906          128                17   1771             3
#> 362        14094          366                 8    682             1
#> 363        11713          158                 6    465             3
#> 364         1058          106                 7    874             4
#> 365        27141          302                16   1207             1
#> 366        24053          528                 8    932             1
#> 367         8688          129                 7    492             3
#> 368         7257          525                 7    648             1
#> 369         7011          240                14   1351             2
#> 370        35207           68                10    910             5
#> 371         2926           82                 8   1051             4
#> 372        32611          402                 7    947             1
#> 373        20581           23                10    871             5
#> 374        13652           49                11   1119             5
#> 375        36595          138                 8    810             3
#> 376        20128          179                 7    367             2
#> 377        38148          100                13    901             4
#> 378        35137          159                13   1031             3
#> 379        11144           28                11   1229             5
#> 380        11074          186                16   1674             2
#> 381        10413          124                11    933             4
#> 382         6265          435                 9    642             1
#> 383        12538           58                 6    593             5
#> 384        12793          130                 9    577             3
#> 385        13002          132                11    953             3
#> 386        35374          165                11    641             3
#> 387        11851          438                 9   1006             1
#> 388        11542          202                11   1062             2
#> 389         6290          188                 7    570             2
#> 390        36237          140                 7    616             3
#> 391        16359          190                 9    783             2
#> 392         3164           40                11   1248             5
#> 393        32548          213                10   1070             2
#> 394        33908          178                14   1595             2
#> 395        26463          184                 7    752             2
#> 396        15036          224                14   1575             2
#> 397        12365          163                 7    653             3
#> 398        28054           21                 7    596             5
#> 399        27742          150                12   1215             3
#> 400        21408          486                 9    954             1
#> 401        23244          151                14   1240             3
#> 402         7412          123                 5    335             4
#> 403        31374          121                 9    912             4
#> 404        31042           14                12   1006             5
#> 405        37767          143                20   1804             3
#> 406          240          172                10   1040             3
#> 407         2112           12                14   2019             5
#> 408        24560          142                11   1223             3
#> 409        34438           46                12   1266             5
#> 410        26095           86                 6    682             4
#> 411        20191          152                10    957             3
#> 412        33075           36                 8    570             5
#> 413        23903          145                10    922             3
#> 414         2021          110                14   1384             4
#> 415        11941          181                 9    676             2
#> 416           56          486                 9    970             1
#> 417        26674           99                10    918             4
#> 418        36063          126                 9    963             3
#> 419        29915          126                 9    934             3
#> 420        24798          191                10    775             2
#> 421         1712          376                11    772             1
#> 422        15577          516                 6    524             1
#> 423         2147           59                14   1103             5
#> 424        31134          297                15   1306             1
#> 425         5502          144                 7    521             3
#> 426        21798           21                10    882             5
#> 427        32547          168                 9    957             3
#> 428        25790            3                14   1117             5
#> 429        19619          125                13   1250             4
#> 430         4382          117                 9    854             4
#> 431         9782          260                 7    602             2
#> 432         5867           97                 8    959             4
#> 433        13014          141                15   1536             3
#> 434        26768          158                 5    365             3
#> 435          952          395                 7    609             1
#> 436        35610          182                10   1031             2
#> 437        21150          195                10    930             2
#> 438        11494          469                 4    203             1
#> 439        19151          163                 8    869             3
#> 440        21779          251                 8    800             2
#> 441        34471          155                11   1083             3
#> 442         9231          213                11   1302             2
#> 443        30564          552                 7    395             1
#> 444        14374          203                12   1137             2
#> 445        29133          148                 9    951             3
#> 446         8799          206                12   1129             2
#> 447        10194          404                 9    729             1
#> 448         3504           53                 7    516             5
#> 449         3654          215                11   1059             2
#> 450         7993           57                11    735             5
#> 451        11740          401                12   1105             1
#> 452         7825          202                 8    550             2
#> 453        24561          108                12   1357             4
#> 454        14309           37                13   1380             5
#> 455         7314           98                 8    688             4
#> 456        38962          182                17   1824             2
#> 457        17591          929                 2    251             1
#> 458        39129          160                14   1398             3
#> 459        16207          157                10    993             3
#> 460        35470          182                12   1140             2
#> 461        36619          246                 4    304             2
#> 462         6508          118                 8    576             4
#> 463        28446          124                14   1022             4
#> 464        17396          510                10   1089             1
#> 465        14881          134                 6    499             3
#> 466        30369           24                 7    862             5
#> 467        24900           17                10    974             5
#> 468         7880          170                 5    668             3
#> 469        17889          359                10    845             1
#> 470         1190          220                13   1125             2
#> 471        30010          152                12   1091             3
#> 472        36840           88                11    939             4
#> 473        36135           22                13   1241             5
#> 474        38837          229                12   1186             2
#> 475        34063          143                 5    440             3
#> 476        21722          138                10   1068             3
#> 477        37906          238                14   1424             2
#> 478        29322          491                 7    935             1
#> 479        16814           41                10    697             5
#> 480        21323           39                10   1022             5
#> 481        37708           56                 9    845             5
#> 482         5005          380                 4    424             1
#> 483        35133          182                10   1032             2
#> 484         5712          171                10   1413             3
#> 485        37996           34                 8    663             5
#> 486        22884          176                10    885             3
#> 487        16320          403                11   1109             1
#> 488        28100           51                10    996             5
#> 489        32456           99                 9    579             4
#> 490         9984           85                12    978             4
#> 491         8898          155                10   1025             3
#> 492        20672          154                 9    955             3
#> 493         6956          104                 6    756             4
#> 494         4064          169                 8    693             3
#> 495        31199          132                11    977             3
#> 496         9706          123                12   1018             4
#> 497        32816           29                14   1182             5
#> 498         6008          254                 7    819             2
#> 499        39585          177                 6    549             2
#> 500        20698           74                17   1566             5
#> 501        37738           85                 8    617             4
#> 502        31321          127                 6    789             3
#> 503        38394          423                 7    598             1
#> 504        14580           66                10    994             5
#> 505        34768          239                 9   1035             2
#> 506        27245           96                10    850             4
#> 507        21420           47                 9   1191             5
#> 508         4843           80                 7    933             4
#> 509        37659          184                11    776             2
#> 510        37026          148                15   1637             3
#> 511         7226          118                10   1004             4
#> 512        32408           96                11   1350             4
#> 513         5212          310                 8    910             1
#> 514        27846          174                 9   1019             3
#> 515        30574          296                 8   1012             1
#> 516           35           34                 9    709             5
#> 517         7188          198                 6    697             2
#> 518         2451          122                12    768             4
#> 519        39480          547                 5    713             1
#> 520        12665          160                 9    431             3
#> 521        13294           49                 7    514             5
#> 522        15959          328                 7    609             1
#> 523        32371           92                15   1285             4
#> 524         6361          284                10    621             1
#> 525        38781          203                10    952             2
#> 526         7235          528                10    995             1
#> 527        26078          145                 3    280             3
#> 528         6065           78                13   1179             4
#> 529        37484          130                14   1573             3
#> 530        18565           85                12   1089             4
#> 531        30849          325                 9    578             1
#> 532        37104          405                10    908             1
#> 533        32331          161                15   1832             3
#> 534        14079           96                 8    660             4
#> 535        18328           41                12   1636             5
#> 536        11271           59                 8    774             5
#> 537        39956          108                11    996             4
#> 538        12407          229                 9    653             2
#> 539        30012           76                 9    655             5
#> 540        17824           74                10    715             5
#> 541           50           51                13   1430             5
#> 542         1728          145                 7   1084             3
#> 543         7486           78                10   1051             4
#> 544         1955          305                 5    391             1
#> 545          490          130                11    827             3
#> 546        27447           33                11    827             5
#> 547        27119          493                 4    132             1
#> 548        25633          124                 8    760             4
#> 549         8731          153                 6    282             3
#> 550         2101          233                11    800             2
#> 551        30445           91                10   1123             4
#> 552         7072          380                 8    681             1
#> 553        14513          165                13   1107             3
#> 554        19191           93                 7    801             4
#> 555        16217          244                13   1398             2
#> 556         1206          101                 8    790             4
#> 557        13996          265                10    822             2
#> 558        33286          114                11   1184             4
#> 559        27888           97                 9    772             4
#> 560         1240          186                 8   1161             2
#> 561         6973          237                 5    520             2
#> 562        21033           78                13    877             4
#> 563        30787          138                 5    391             3
#> 564         2502           19                13   1477             5
#> 565        39049          513                 5    371             1
#> 566        39521          221                 6    542             2
#> 567         5891          167                13    910             3
#> 568        38876           84                14   1197             4
#> 569          101          130                16   1284             3
#> 570        16826           73                 7    656             5
#> 571         6946          555                 7    607             1
#> 572        19857          355                 8    493             1
#> 573        33302          304                14   1308             1
#> 574         9672          170                 6    559             3
#> 575        24939           11                13   1211             5
#> 576        35757          210                13   1322             2
#> 577        13691           56                 8    539             5
#> 578         4822          299                 8    634             1
#> 579        13788           98                11   1212             4
#> 580         1683          156                11   1009             3
#> 581         9098          249                 7    559             2
#> 582        14477          144                11    917             3
#> 583        20802            5                14   1627             5
#> 584        27731          253                14   1523             2
#> 585        23442          124                12    685             4
#> 586        30913          155                 9    753             3
#> 587        26728          361                 7    503             1
#> 588        28225          419                 5    728             1
#> 589        32603          122                 7    740             4
#> 590        30035           89                 8    774             4
#> 591        16270          105                 7    632             4
#> 592        29715          165                11    791             3
#> 593         2649          304                 9    700             1
#> 594        38104          245                 7    250             2
#> 595        31971          106                15   1348             4
#> 596        25963          210                11    890             2
#> 597        13309          372                 8   1038             1
#> 598        31359          198                19   2004             2
#> 599        32684          153                16   1188             3
#> 600        39834            3                 9    484             5
#> 601        13905           21                13   1458             5
#> 602         5968          448                 5    294             1
#> 603        16339          195                14   1315             2
#> 604          369          236                14   1430             2
#> 605          165          371                10    963             1
#> 606        36220          333                15   1399             1
#> 607        28247           78                 8    607             4
#> 608         1228           35                 6    556             5
#> 609        22797           77                13   1321             4
#> 610        16743          109                12   1347             4
#> 611         6793          241                10    863             2
#> 612        22614          319                 4    175             1
#> 613         7749          312                10   1093             1
#> 614          591          520                 9    931             1
#> 615        13204          310                10    798             1
#> 616        18161           80                10   1081             4
#> 617        18215          222                10   1045             2
#> 618        25124          139                10   1013             3
#> 619        32910          235                 8    824             2
#> 620        16871           64                10    842             5
#> 621        11371          482                 6    445             1
#> 622        14018           10                 6    540             5
#> 623        26657           68                12    980             5
#> 624        13418          230                13   1495             2
#> 625        23028          127                 7    361             3
#> 626        17266           69                 7    939             5
#> 627        15647          123                 9    464             4
#> 628        34156           93                13   1069             4
#> 629         6291          350                 6    634             1
#> 630        17157          189                 8    662             2
#> 631        25137           35                11   1380             5
#> 632        25911          258                 8    429             2
#> 633         1306          383                11    848             1
#> 634        11568          129                 8   1088             3
#> 635        24129          165                10   1125             3
#> 636        34387          211                10   1166             2
#> 637        12536          219                 8    789             2
#> 638        18315          272                 6    849             1
#> 639         8607           88                10    851             4
#> 640        24144          330                 7    817             1
#> 641         3746            8                16   1402             5
#> 642        33109          143                 9    486             3
#> 643        35933          169                 7    643             3
#> 644         7583          196                14   1290             2
#> 645        37113          499                10    661             1
#> 646        37453          173                12   1016             3
#> 647        31946          532                10   1152             1
#> 648        13307          340                 7    548             1
#> 649        30995          133                 9    872             3
#> 650        25669          237                10    652             2
#> 651        29323           90                 7    729             4
#> 652        18379          115                15   1073             4
#> 653        31969          108                 9    659             4
#> 654        25289           47                 8   1027             5
#> 655        19801           70                17   1542             5
#> 656        37442          132                 6    596             3
#> 657        22232          169                 5    655             3
#> 658        25577          430                 8    749             1
#> 659        17018          147                 8    354             3
#> 660        34657          102                 9    939             4
#> 661         8105          152                13   1196             3
#> 662        16924          362                 5    849             1
#> 663        18821          185                14   1173             2
#> 664        36568          163                10    796             3
#> 665        39780           54                 6    558             5
#> 666        18412          265                 5    563             2
#> 667        19055           85                 7    620             4
#> 668        35973          454                 5    500             1
#> 669        38162          302                13   1443             1
#> 670        33921           21                13   1512             5
#> 671        39403          104                14   1493             4
#> 672        19596           65                12   1070             5
#> 673        33864           50                13   1765             5
#> 674        34224          224                12    941             2
#> 675        33110          175                16   1332             3
#> 676        27759          476                 6    497             1
#> 677        32907          161                10    903             3
#> 678        26179          408                 8    953             1
#> 679         3451          550                 3    260             1
#> 680         4987          460                12   1536             1
#> 681        11700          295                10    935             1
#> 682        24653          184                10    822             2
#> 683        15904          132                 8    960             3
#> 684        12591          203                 5    311             2
#> 685         2698          206                12    988             2
#> 686        12279          146                 8    660             3
#> 687        12637          101                11   1215             4
#> 688        15615          165                13   1381             3
#> 689         1704           29                11   1274             5
#> 690        18290           85                12   1242             4
#> 691        31765           49                 6    426             5
#> 692        20450           46                14   1488             5
#> 693        20833          173                10    994             3
#> 694        31587           34                 9    855             5
#> 695        18697          173                13   1344             3
#> 696         3538          332                 4    396             1
#> 697         9104          312                11    766             1
#> 698        17767            8                13   1111             5
#> 699        20426           23                12   1039             5
#> 700        30238          125                 9    862             4
#> 701        35081          128                10   1217             3
#> 702        23385          171                12   1012             3
#> 703        10393          121                10    792             4
#> 704         4731          363                 9    805             1
#> 705         9686          199                 9    880             2
#> 706        17327          148                 9    923             3
#> 707         9842          141                10   1238             3
#> 708        38285            8                15   1270             5
#> 709        29082          136                 9    902             3
#> 710           72          161                16   1800             3
#> 711        22474           36                17   1504             5
#> 712        18378           10                12   1132             5
#> 713        23724          108                 8    950             4
#> 714         5696          234                13   1222             2
#> 715        22205           98                11   1035             4
#> 716         9563          159                 9    997             3
#> 717        26508          135                12   1190             3
#> 718        36933          441                 9    572             1
#> 719        10929          634                 3    256             1
#> 720         2347          198                 9    980             2
#> 721        17145          138                12    998             3
#> 722         4622          288                 7    494             1
#> 723         3284           84                 9    635             4
#> 724        36384           90                11   1044             4
#> 725        17540          243                12    932             2
#> 726        26849          114                16   1586             4
#> 727        24416          117                10    857             4
#> 728          289           88                14   1370             4
#> 729        31384          626                 4    292             1
#> 730        11385           61                10   1253             5
#> 731        19764           28                 9    784             5
#> 732         4293          148                 4    411             3
#> 733        22242          528                 6    691             1
#> 734        38069          147                13   1188             3
#> 735        31546           34                 9    783             5
#> 736        35285           84                12   1103             4
#> 737         5245          152                13   1307             3
#> 738        16536          155                11    926             3
#> 739        30554          315                12    968             1
#> 740        30810          457                 9    777             1
#> 741        31802          461                 7    967             1
#> 742        18849          509                 7    714             1
#> 743        32511          168                 8    842             3
#> 744         7943          123                14   1433             4
#> 745         2682          156                11   1070             3
#> 746        12480          166                11    935             3
#> 747        25173           82                 7    901             4
#> 748        11366           43                 8    944             5
#> 749         1510          163                 6    574             3
#> 750         4098          127                11   1188             3
#> 751        16860          155                 9    810             3
#> 752        24725          876                 4    455             1
#> 753        17440          228                 7   1057             2
#> 754        37929          219                10   1216             2
#> 755        26281           89                12   1159             4
#> 756        21144           22                15   1874             5
#> 757        30740          425                 8    997             1
#> 758        34719           98                11   1219             4
#> 759        28203          336                10    854             1
#> 760         6887           79                10    913             4
#> 761        10860           29                11   1085             5
#> 762        17236           76                 6    410             5
#> 763         9846           58                 8    563             5
#> 764          651           93                10    709             4
#> 765        10448          120                 5    262             4
#> 766         1249           78                11   1086             4
#> 767        18830           97                16   1573             4
#> 768        13491          103                 7    521             4
#> 769        23031          139                11   1299             3
#> 770        12760          109                15   1629             4
#> 771        23481          120                10   1101             4
#> 772        34092          131                 6    811             3
#> 773        25511          200                10   1302             2
#> 774        21352          307                 9   1036             1
#> 775        21704          251                10    886             2
#> 776        25295          152                 8    663             3
#> 777        38421          378                11    900             1
#> 778        25975          125                 9    883             4
#> 779        13281           35                 8    795             5
#> 780        17585           47                18   2303             5
#> 781        26930          192                11   1077             2
#> 782        15868           48                10   1170             5
#> 783         2628          272                12   1279             1
#> 784        13242          454                 7   1200             1
#> 785        11734           45                14   1520             5
#> 786         4865           79                13   1131             4
#> 787        17240          497                 7    555             1
#> 788        31022          171                11    967             3
#> 789        29248          178                 8    653             2
#> 790        36014           99                10    882             4
#> 791         4067           73                13   1065             5
#> 792        23125          352                11   1064             1
#> 793        31034          117                 8    592             4
#> 794        32295           65                 6    640             5
#> 795        23279           89                 6    596             4
#> 796          996          518                 5    523             1
#> 797         3460           72                 8    854             5
#> 798         3649          444                11   1140             1
#> 799        11154          188                10    970             2
#> 800        21130           69                11   1205             5
#> 801        31025           12                 7    682             5
#> 802        12400          120                15   1538             4
#> 803        13600          116                12   1203             4
#> 804        36956          207                12    644             2
#> 805        23658          146                11    837             3
#> 806         8264          150                 6    436             3
#> 807        30400          164                 9    868             3
#> 808         2737          389                12   1286             1
#> 809        32688          144                 9    854             3
#> 810        20652           71                16   1307             5
#> 811        11045          147                 8    759             3
#> 812        29763           70                 7    590             5
#> 813        27169          128                12   1000             3
#> 814         9282          128                11   1028             3
#> 815        33176          137                12   1223             3
#> 816         2267          177                14   1647             2
#> 817        39539          405                 9    701             1
#> 818         9471          326                13   1560             1
#> 819        29841          452                10   1037             1
#> 820        20582          307                 8    559             1
#> 821        19565          247                12    910             2
#> 822        14581           34                19   1934             5
#> 823        16062          117                13   1298             4
#> 824         5817          183                 7    619             2
#> 825        39524          392                 8    634             1
#> 826         9387          144                 9    751             3
#> 827        30912           73                12   1123             5
#> 828        20771          204                10    989             2
#> 829        25630          203                 9    741             2
#> 830        10571          153                 8    880             3
#> 831        11695          388                 8    780             1
#> 832         1774          514                 9    699             1
#> 833        13546          143                 9    638             3
#> 834        37658          107                11   1054             4
#> 835        16596          213                10    860             2
#> 836        28131           60                 9    863             5
#> 837        11301          512                 9    681             1
#> 838        20647          192                10    836             2
#> 839         1336          162                12   1181             3
#> 840          652          371                10    784             1
#> 841        26076          430                 4    340             1
#> 842        32527           91                11    963             4
#> 843        32310          409                12   1399             1
#> 844         3490          124                11   1043             4
#> 845        10801          152                 8    665             3
#> 846         5149           26                 9    847             5
#> 847        11215           74                11    873             5
#> 848         5704          109                14   1633             4
#> 849        39255          184                 5    463             2
#> 850        23160          115                 7    576             4
#> 851        11068          206                 9    959             2
#> 852        31964          141                 9    826             3
#> 853        27193          252                 9    757             2
#> 854        13957          157                 8   1018             3
#> 855         5459           74                11    892             5
#> 856         7791          220                 8    867             2
#> 857        12666           86                10   1278             4
#> 858        28154           99                12   1044             4
#> 859        33287          350                 5    306             1
#> 860         7713          122                15   1616             4
#> 861        10179          154                 7    610             3
#> 862        36234          380                 8    495             1
#> 863        27669          279                10    796             1
#> 864        21464          210                 8    919             2
#> 865        39771          428                 6    894             1
#> 866        26725           74                11   1299             5
#> 867        20184          203                 8    685             2
#> 868        29424          170                10    934             3
#> 869        23027          125                10   1032             4
#> 870        33518          275                10    908             1
#> 871        36277           68                16   1378             5
#> 872         4087          319                 7    807             1
#> 873        12701           71                 9    644             5
#> 874        31000          467                 3    284             1
#> 875        37212           62                 9    997             5
#> 876         2565           26                 7    703             5
#> 877        32680          115                 9    804             4
#> 878         8760          447                 6    772             1
#> 879        27260           85                11    427             4
#> 880           68           52                10    831             5
#> 881        21677           23                11   1182             5
#> 882        15704           89                 5    728             4
#> 883        23912          219                13   1330             2
#> 884        25469          118                12    962             4
#> 885        34256           58                16   1425             5
#> 886        31225           66                12   1303             5
#> 887         8975           46                13    976             5
#> 888        16289          113                 7    782             4
#> 889        20925          222                 6    480             2
#> 890         7288           85                 5    650             4
#> 891        23065          160                11   1139             3
#> 892         2816           72                10    992             5
#> 893        14436          327                 6   1030             1
#> 894        34071           12                11    711             5
#> 895        18861          180                13   1017             2
#> 896         4289          454                 3    270             1
#> 897        23095          322                13   1220             1
#> 898        26482          327                 9    681             1
#> 899        25841          191                10    782             2
#> 900         7551          514                 8    766             1
#> 901        15184          148                13   1236             3
#> 902         5849          174                18   1669             3
#> 903        22323          117                 8    741             4
#> 904        35059          276                14   1361             1
#> 905        38984          330                12    969             1
#> 906        14967          187                12    969             2
#> 907         2755          197                 7    748             2
#> 908         4303          127                 8    634             3
#> 909        27323           66                16   1396             5
#> 910        21527           77                 6    666             4
#> 911        17103          122                14   1366             4
#> 912         6089          226                13   1307             2
#> 913        27273           26                11   1427             5
#> 914        27592           44                11   1234             5
#> 915        39790           77                 6    370             4
#> 916        29888           14                11   1028             5
#> 917         3272           95                10    649             4
#> 918        29525          137                 9    927             3
#> 919        26726          149                 7    836             3
#> 920        29732          173                 9    874             3
#> 921        21759          184                 7    466             2
#> 922         4620          315                 4    329             1
#> 923        35620           74                 7    633             5
#> 924        33136          182                10   1022             2
#> 925        29847          108                 4    486             4
#> 926        38726          125                 8    865             4
#> 927        26178          176                 7    983             3
#> 928        18174          309                 6    710             1
#> 929         8995           51                12   1249             5
#> 930        29704          106                17   1804             4
#> 931        14376          162                 6    701             3
#> 932        31782          100                12   1107             4
#> 933        19949           36                 7    818             5
#> 934        34316          106                10    905             4
#> 935        14708          175                13   1062             3
#> 936         5543          164                 7    553             3
#> 937        25550          157                10    959             3
#> 938         9162          207                13   1162             2
#> 939        36373          487                 6    609             1
#> 940         2691          119                 5    512             4
#> 941        28742           69                12   1244             5
#> 942        39749          224                11    895             2
#> 943        34923          328                10   1164             1
#> 944         8387          153                12   1042             3
#> 945           15          410                 8    631             1
#> 946        22577          206                14   1473             2
#> 947        39730          180                13   1564             2
#> 948         3234          107                 8    860             4
#> 949        31485          347                 8   1016             1
#> 950        38114          141                11    941             3
#> 951        15418          129                17   1736             3
#> 952        25791          237                 7    640             2
#> 953        33187           92                12   1416             4
#> 954         1960          211                 8    660             2
#> 955         4356          493                 5    474             1
#> 956        35780          401                 4    180             1
#> 957        21221           21                 7    580             5
#> 958        36183           96                 9    949             4
#> 959        30092          126                14   1288             3
#> 960        34997          237                 7    612             2
#> 961         8593          215                13   1375             2
#> 962        12964          135                14   1363             3
#> 963          285          101                15   1500             4
#> 964        17127          147                 7    529             3
#> 965         4671          234                10    676             2
#> 966        30833          174                10    832             3
#> 967        37580          233                 5    461             2
#> 968        13787           17                11   1166             5
#> 969        26313           28                 9    891             5
#> 970        24681          111                 7    707             4
#> 971         7794          151                13   1033             3
#> 972        35469           75                13   1339             5
#> 973         2719           97                13   1321             4
#> 974        33791          245                12   1299             2
#> 975        22100           93                13   1449             4
#> 976         9723           69                 8    771             5
#> 977        14981           60                14   1266             5
#> 978        24048           20                10    902             5
#> 979         2046           33                12   1327             5
#> 980        24168          218                17   1349             2
#> 981        25123          321                 4    645             1
#> 982        39128          124                12   1070             4
#> 983        37171           69                10    786             5
#> 984          937          149                10    664             3
#> 985        31719          417                 6    614             1
#> 986        39345          253                 5    576             2
#> 987        17271          154                12   1254             3
#> 988        22305          280                 7    683             1
#> 989         3563          131                 3    334             3
#> 990         4489           97                11   1144             4
#> 991          845           90                 8    820             4
#> 992        28476          239                11   1003             2
#> 993        32284          310                10   1282             1
#> 994        24117          139                11    936             3
#> 995        17761          509                11   1140             1
#> 996        20124          522                 7    503             1
#> 997        33847          370                10    842             1
#> 998        36344           69                10    883             5
#> 999         2289          184                 8    588             2
#> 1000       33149          166                13   1266             3
#> 1001       16274          180                13   1158             2
#> 1002       14594           58                10   1263             5
#> 1003       20389          264                 7    956             2
#> 1004       15373          154                12   1231             3
#> 1005        4245          191                10    838             2
#> 1006       38506          133                11   1285             3
#> 1007       35224          122                 5    292             4
#> 1008       31043           56                 9    980             5
#> 1009       38634          359                 4    478             1
#> 1010        5688          500                 2     91             1
#> 1011       10162          489                 9    886             1
#> 1012       19029          164                 7    618             3
#> 1013       10988          159                 6    536             3
#> 1014       18439           52                13   1002             5
#> 1015       18295          103                 5    499             4
#> 1016       20132          145                13   1031             3
#> 1017       18241          199                 9    632             2
#> 1018       21168          376                 8    706             1
#> 1019       19973           66                 6    405             5
#> 1020        3048           38                11   1041             5
#> 1021        5349          255                 9    776             2
#> 1022       35000          178                12   1101             2
#> 1023       25712          163                20   1573             3
#> 1024       30233          163                15   1505             3
#> 1025        4969          254                 5    559             2
#> 1026        1457           24                15   1682             5
#> 1027        6017          169                15   1548             3
#> 1028       18962          176                 8    753             3
#> 1029        3766           90                13   1168             4
#> 1030         882          264                 4    216             2
#> 1031       33866          193                 8    548             2
#> 1032       11047           64                 6    560             5
#> 1033        5489           73                12    781             5
#> 1034       20734          322                10    925             1
#> 1035       28503          269                12   1054             1
#> 1036       24225          179                13   1441             2
#> 1037        7023          241                 8    861             2
#> 1038       25865          176                 6    442             3
#> 1039       22321          432                12   1117             1
#> 1040       30947           70                 8    837             5
#> 1041        8386          104                13   1019             4
#> 1042        4953           96                10    851             4
#> 1043       35798            6                18   1444             5
#> 1044        3317           71                10   1067             5
#> 1045        3735           96                17   1401             4
#> 1046       27887          346                 6    554             1
#> 1047          32          175                12   1046             3
#> 1048        7275          164                10   1170             3
#> 1049       26125          170                14   1635             3
#> 1050       27086           84                12    938             4
#> 1051       23527          231                10    948             2
#> 1052       32272          503                 5    569             1
#> 1053       37648          139                15   1270             3
#> 1054       36906           30                15   1361             5
#> 1055       38545           94                10   1117             4
#> 1056        6307          276                12   1627             1
#> 1057       11550          171                12    829             3
#> 1058        9378          119                17   1028             4
#> 1059       28293           14                11    992             5
#> 1060        7637           55                18   1423             5
#> 1061        1526          160                 9    858             3
#> 1062       31068          129                12   1143             3
#> 1063        7512          120                 8    876             4
#> 1064       34860          206                 8    582             2
#> 1065       21938          182                 8   1058             2
#> 1066        8946          525                 7    608             1
#> 1067       17924          172                 5    344             3
#> 1068       33395          247                 9    678             2
#> 1069       15044          118                11   1029             4
#> 1070       21008          210                 6    418             2
#> 1071        5892           66                 9   1069             5
#> 1072       25893          488                 3    243             1
#> 1073       37159          440                 9    958             1
#> 1074       12993          265                13   1281             2
#> 1075       37147          415                 5    486             1
#> 1076       18072           66                10    941             5
#> 1077        5013           37                11    974             5
#> 1078        9193           39                10    814             5
#> 1079       36900          164                10   1368             3
#> 1080       10259           61                13   1369             5
#> 1081        4961          139                11    927             3
#> 1082       28162          196                13   1647             2
#> 1083       30558          118                 9    822             4
#> 1084        7245          195                19   2085             2
#> 1085       27308           94                16   1241             4
#> 1086       33230          195                11   1038             2
#> 1087       22629          377                 7    654             1
#> 1088       18558          370                 9    978             1
#> 1089        7780          156                13   1589             3
#> 1090       27454          174                15   1776             3
#> 1091        8694          103                11   1262             4
#> 1092       23715          134                 5    585             3
#> 1093        6172          155                10   1239             3
#> 1094       33379          124                 9    823             4
#> 1095       34457          186                12   1239             2
#> 1096           2          467                11   1230             1
#> 1097       19645          104                 7    461             4
#> 1098       12068          194                10   1196             2
#> 1099        4215          455                11   1053             1
#> 1100        3414          164                18   1766             3
#> 1101       14838          219                 8    803             2
#> 1102       10282          430                 3    226             1
#> 1103          27          225                 7    581             2
#> 1104       13882          268                 4    381             1
#> 1105        4573          124                 9    857             4
#> 1106       12345           65                 9    615             5
#> 1107        4997          294                11    950             1
#> 1108       26865           27                10    590             5
#> 1109       12786          440                 7    703             1
#> 1110        6379          172                22   2356             3
#> 1111       39760           16                12   1379             5
#> 1112       12328          140                11    957             3
#> 1113        7118           92                 8    884             4
#> 1114       27114          195                12   1272             2
#> 1115       32791          265                 7    548             2
#> 1116       23972           34                 7    722             5
#> 1117       15343          211                12   1401             2
#> 1118       10629          149                 8    823             3
#> 1119       10945           75                13    901             5
#> 1120       23593          203                13   1420             2
#> 1121       34209          238                13   1024             2
#> 1122       32795          123                 8    849             4
#> 1123        4510          151                 4    502             3
#> 1124       14796          468                 6    596             1
#> 1125       33107          169                 7    602             3
#> 1126       29457          153                 9    755             3
#> 1127        5104          262                12   1391             2
#> 1128       15803          153                11   1022             3
#> 1129       13604          183                 9    925             2
#> 1130        2777           67                14   1380             5
#> 1131       36173           17                 9    804             5
#> 1132        5901          147                12    991             3
#> 1133       34795          113                11   1072             4
#> 1134       20594           93                13   1221             4
#> 1135       37053          530                12   1062             1
#> 1136       12757          165                20   2209             3
#> 1137       16219          151                 8    767             3
#> 1138       38389          268                 9    786             1
#> 1139       22249          102                16   1336             4
#> 1140       27376          121                10    840             4
#> 1141       14066          130                 8    943             3
#> 1142       29824          100                 9    766             4
#> 1143        4263          153                 6    647             3
#> 1144       30523          116                 9    913             4
#> 1145       30173           56                 9    897             5
#> 1146        4836          470                 8    626             1
#> 1147        9666          168                10    801             3
#> 1148        1186           41                14   1493             5
#> 1149         974           94                14   1269             4
#> 1150       18777          348                10   1099             1
#> 1151       36397          119                19   1879             4
#> 1152       17673           95                10   1009             4
#> 1153       17062           73                 8    644             5
#> 1154       20351          234                 6    685             2
#> 1155        1651          229                10    895             2
#> 1156       36611          260                12    753             2
#> 1157       31242          231                 9    912             2
#> 1158       21264          332                11    636             1
#> 1159        1418           88                 7    936             4
#> 1160       16878          207                14   1458             2
#> 1161       37220          139                 9    904             3
#> 1162       24185          195                 8   1048             2
#> 1163       24994           47                 8    631             5
#> 1164       27795           72                13   1091             5
#> 1165       31580          205                18   2271             2
#> 1166       17530          408                 7    401             1
#> 1167       22845           40                 9   1044             5
#> 1168       22120           40                 9    592             5
#> 1169        6218          132                14   1266             3
#> 1170       11556           19                13   1360             5
#> 1171       21827          254                 9    786             2
#> 1172        1003          280                13   1474             1
#> 1173       14931          223                11   1269             2
#> 1174        7408          108                 7    802             4
#> 1175        6942          216                 7    674             2
#> 1176         642           47                16   1346             5
#> 1177       15293          171                10   1119             3
#> 1178       22097           56                12   1314             5
#> 1179        1234          138                 6    400             3
#> 1180        2600          571                 4    362             1
#> 1181         125          375                20   1823             1
#> 1182        8728          220                 7    486             2
#> 1183        9610           86                10   1209             4
#> 1184        4537          142                14   1193             3
#> 1185        7017          470                 5    415             1
#> 1186        9745           34                 9    908             5
#> 1187        5520          147                 8    834             3
#> 1188       24925          141                13    983             3
#> 1189        3314          131                13   1132             3
#> 1190       11850          137                11   1060             3
#> 1191       23646            6                11   1125             5
#> 1192       21145           79                11    901             4
#> 1193       19891          121                 5    459             4
#> 1194        8645          514                 7    585             1
#> 1195         180          173                 9    659             3
#> 1196       31046          417                12   1097             1
#> 1197       22809          133                11    561             3
#> 1198       24962           34                16   1606             5
#> 1199       35968          182                 8    583             2
#> 1200       16997           94                14   1752             4
#> 1201       28880           59                 8   1131             5
#> 1202       10305          190                 6    445             2
#> 1203       28438           96                 9    953             4
#> 1204       20879          290                 7    418             1
#> 1205       37927          236                 5    549             2
#> 1206       30649          103                13   1487             4
#> 1207       28953          346                11    902             1
#> 1208       30747          234                11   1298             2
#> 1209          49          150                10   1191             3
#> 1210       39056          158                10   1094             3
#> 1211        5120           23                10    902             5
#> 1212       15600           56                 7    686             5
#> 1213       39377           92                12   1365             4
#> 1214       19174          106                11    939             4
#> 1215        8703          113                 6    509             4
#> 1216       12415           49                 5    352             5
#> 1217       32253          167                 9    813             3
#> 1218       36571          393                 5    416             1
#> 1219       35791          155                 8    875             3
#> 1220        6105          303                 7    388             1
#> 1221       21302          294                11   1000             1
#> 1222        7353          307                10    660             1
#> 1223       19128          157                 7    611             3
#> 1224        7894          173                 7    822             3
#> 1225       14386          236                 9    861             2
#> 1226       21251          175                10   1028             3
#> 1227       26497           13                 9    852             5
#> 1228       20041          104                13   1226             4
#> 1229       38800          149                11    846             3
#> 1230        6298          206                 7    509             2
#> 1231       18139          269                 4    415             1
#> 1232       20941          209                 6    577             2
#> 1233         624           87                11    879             4
#> 1234       26995          166                 5    394             3
#> 1235       23865          163                 8    508             3
#> 1236       22778           74                11   1048             5
#> 1237       28242          236                 9   1177             2
#> 1238       21641           65                11   1197             5
#> 1239        5830          150                 9    726             3
#> 1240       25419          208                 8    686             2
#> 1241        8320          172                10    881             3
#> 1242       36688          312                 7    542             1
#> 1243       11527          141                 9   1049             3
#> 1244       16010          519                 5    373             1
#> 1245        2486          197                 8    697             2
#> 1246       14057          172                10    952             3
#> 1247       37217           48                11    966             5
#> 1248       23030          147                12   1199             3
#> 1249       11800          131                12   1261             3
#> 1250       11826           82                 8   1008             4
#> 1251        7996          190                14   1106             2
#> 1252       15525          402                10    947             1
#> 1253       37391          200                13    982             2
#> 1254       30552           52                13   1280             5
#> 1255       25179          207                12   1045             2
#> 1256       39219           56                18   2447             5
#> 1257       13673          105                13   1061             4
#> 1258       38797          188                 6    498             2
#> 1259       15197           46                11   1172             5
#> 1260       16296          229                 9   1139             2
#> 1261       22156          463                10   1110             1
#> 1262       28804          208                 9    880             2
#> 1263       20678          367                11    625             1
#> 1264       32294          619                 4    519             1
#> 1265       25480          183                 8    626             2
#> 1266       29039          113                 5    665             4
#> 1267        5207          121                 9    745             4
#> 1268       13160          345                 5    267             1
#> 1269       16689          464                 8    931             1
#> 1270       37527          230                 6    543             2
#> 1271        4145           95                14   1279             4
#> 1272       22679           87                12   1404             4
#> 1273       33770          250                 7    618             2
#> 1274       15852          129                12   1297             3
#> 1275       34740          479                 4    466             1
#> 1276       14742          132                 7    631             3
#> 1277        8162          393                10    432             1
#> 1278       33874          271                 8    842             1
#> 1279       34613          279                 5    409             1
#> 1280       18250          329                12   1292             1
#> 1281       23571            2                 9   1230             5
#> 1282       39832          304                10   1104             1
#> 1283        3976          440                 6    326             1
#> 1284       21819          292                 6    800             1
#> 1285       38360          242                 6    502             2
#> 1286       32098          237                11    789             2
#> 1287       39617          188                11   1020             2
#> 1288       10560           88                12   1532             4
#> 1289       17873           19                 4    340             5
#> 1290       10230          247                 7    822             2
#> 1291       32646          161                12    957             3
#> 1292       32008          156                 9    773             3
#> 1293       20978           78                 7    655             4
#> 1294       28259          219                12   1390             2
#> 1295       23218          126                 9   1059             3
#> 1296        7808          263                 4    434             2
#> 1297       24455          153                11   1102             3
#> 1298       15416           88                 8    928             4
#> 1299       39984           91                17   1378             4
#> 1300        6337          110                14   1226             4
#> 1301       15764           26                10   1182             5
#> 1302       19038          181                 9   1139             2
#> 1303       38375          310                 5    594             1
#> 1304        2140          181                10    917             2
#> 1305          70          156                 8   1181             3
#> 1306        7252           78                 7    603             4
#> 1307       10744          497                 7    708             1
#> 1308       37254          189                11    887             2
#> 1309       16606          309                 6    360             1
#> 1310       31015          447                11   1262             1
#> 1311        6556           85                 8    662             4
#> 1312       38343           92                13    962             4
#> 1313       12509          153                10   1241             3
#> 1314       28917          230                 8    706             2
#> 1315       13955          289                10    738             1
#> 1316       12968           16                 4    237             5
#> 1317       38090           40                 9    773             5
#> 1318       15716           95                 9    840             4
#> 1319        6729           19                 9   1189             5
#> 1320       17718           72                 9   1070             5
#> 1321       11854           60                14   1464             5
#> 1322       37438          254                 4    211             2
#> 1323       19273          211                 9    842             2
#> 1324       33606          275                15   1347             1
#> 1325       18829          131                 9    797             3
#> 1326       20638           50                 8    787             5
#> 1327       31982          489                 6    581             1
#> 1328       15402          160                 9    793             3
#> 1329       12054          218                 7    376             2
#> 1330        2332          115                13   1394             4
#> 1331       26333          148                11    901             3
#> 1332        2005           49                11    758             5
#> 1333        2806           20                14   1340             5
#> 1334       13463          483                 6    363             1
#> 1335       37227          195                12    786             2
#> 1336       12221          560                 7    401             1
#> 1337       12014          538                 4    432             1
#> 1338       26419           30                11    772             5
#> 1339        4723           37                11    939             5
#> 1340       24175          385                 8    778             1
#> 1341       13644           74                11    941             5
#> 1342       22837           30                10   1130             5
#> 1343       19070          128                 6    552             3
#> 1344        3534          369                 9   1139             1
#> 1345       15993           56                11   1392             5
#> 1346       26231          245                10   1134             2
#> 1347       14749           51                 8    747             5
#> 1348       29710          355                 7    888             1
#> 1349       34622          245                13    897             2
#> 1350        6432           30                 8    725             5
#> 1351       28991          104                 4    309             4
#> 1352        1437          456                 5    497             1
#> 1353       24550          128                 8    886             3
#> 1354       11231          258                 9    810             2
#> 1355       10603           47                10    900             5
#> 1356       32811          168                15   1628             3
#> 1357       29911          128                10    762             3
#> 1358       26210           42                13   1280             5
#> 1359        6599           60                 8    974             5
#> 1360       34011          183                12    993             2
#> 1361       32418           67                14   1515             5
#> 1362        6862          281                14   1561             1
#> 1363       32308           31                17   1492             5
#> 1364       20820           89                 6    418             4
#> 1365       15952          269                16   1437             1
#> 1366        7341           71                10   1063             5
#> 1367       19257          154                10    777             3
#> 1368       28757          130                11   1124             3
#> 1369        3008          454                 8   1062             1
#> 1370       28374          212                 7    649             2
#> 1371       22274          390                 3    482             1
#> 1372       39943          220                 9    991             2
#> 1373       38739          122                12    993             4
#> 1374       10690          120                 6    695             4
#> 1375       31055           54                15   1643             5
#> 1376       12896          196                 9   1006             2
#> 1377       31107          122                12   1364             4
#> 1378       14454          324                14   1282             1
#> 1379       26066          122                 5    314             4
#> 1380       36434          104                 9    786             4
#> 1381       13637          403                 9    890             1
#> 1382       25715          110                10    978             4
#> 1383       25608          225                 8    807             2
#> 1384       36273           28                18   1864             5
#> 1385       31986          183                10    904             2
#> 1386       34379          119                10    893             4
#> 1387       27383           17                 7    593             5
#> 1388       37513           21                10    906             5
#> 1389        5906           87                 6    565             4
#> 1390         253          211                 9    895             2
#> 1391       15472            7                10    797             5
#> 1392        9011          123                13   1366             4
#> 1393        2205          233                12   1033             2
#> 1394        4385          197                13   1440             2
#> 1395       32645           41                11   1217             5
#> 1396       19972           76                 6    493             5
#> 1397        4062           82                10    836             4
#> 1398       31630          373                 9    654             1
#> 1399       36603           18                 9    834             5
#> 1400        7542          132                12    868             3
#> 1401       31811          208                10   1118             2
#> 1402       31056          236                11    831             2
#> 1403        2670          156                10    868             3
#> 1404       20837          142                14   1411             3
#> 1405       20737          135                11   1074             3
#> 1406       36033           62                10   1072             5
#> 1407       27543          462                 9    911             1
#> 1408       21313          477                13   1364             1
#> 1409       16323          222                10   1007             2
#> 1410       17093          170                 6    584             3
#> 1411        3211           59                 7    603             5
#> 1412       38999          108                 8    963             4
#> 1413       12148          267                12    978             1
#> 1414        1879          209                 7    641             2
#> 1415       12532          140                 7    972             3
#> 1416       18147           97                 7    595             4
#> 1417       39468           93                11   1068             4
#> 1418       26405          285                 8    873             1
#> 1419        4235           49                12   1431             5
#> 1420       23152          452                 9   1043             1
#> 1421       31538           41                10    970             5
#> 1422       35358          152                14    942             3
#> 1423       20281          160                10    975             3
#> 1424       25408          316                 8    810             1
#> 1425       31883           57                11   1285             5
#> 1426       27148          606                10   1344             1
#> 1427         194          100                14   1639             4
#> 1428       23038          124                10    729             4
#> 1429       34360          201                 6    368             2
#> 1430       38340            4                 8    682             5
#> 1431       25754          132                 9    711             3
#> 1432       31260          148                10   1149             3
#> 1433       13300          148                12    886             3
#> 1434       15350          179                 9    780             2
#> 1435       21815           10                 7    661             5
#> 1436       20735          219                10    916             2
#> 1437         692          192                13   1124             2
#> 1438       38729           87                13   1132             4
#> 1439       15601          126                12   1172             3
#> 1440       36676          259                 5    576             2
#> 1441       33540           74                10    964             5
#> 1442       29773          137                12   1252             3
#> 1443       39784           28                 9    982             5
#> 1444       30518           32                 6    679             5
#> 1445       18164          455                 7    464             1
#> 1446       26407          241                14   1345             2
#> 1447        2428          310                 9    693             1
#> 1448       14001          409                12   1583             1
#> 1449       39291          216                 8    912             2
#> 1450       24722          136                10   1010             3
#> 1451       31210          410                 9    833             1
#> 1452       16592           38                14   1306             5
#> 1453       23182           66                 6    756             5
#> 1454       13728           29                 6    593             5
#> 1455       32202          273                 1     33             1
#> 1456       27653          250                11   1065             2
#> 1457       29442          136                 9    921             3
#> 1458        4065          435                14   1433             1
#> 1459       16090           81                11    974             4
#> 1460       10432          204                11   1106             2
#> 1461        7962           75                 7    894             5
#> 1462        7879          232                 9   1046             2
#> 1463        1854          451                 4    377             1
#> 1464        3488          243                 9    672             2
#> 1465       19931          331                 7    743             1
#> 1466        2466           68                13   1521             5
#> 1467       13793           51                13   1384             5
#> 1468       29460          310                13   1309             1
#> 1469       26583          202                 7    925             2
#> 1470       19899          311                11   1160             1
#> 1471       39494          307                 8    886             1
#> 1472        7375           53                15   1288             5
#> 1473       14582          179                 8    799             2
#> 1474       22374            8                 9    748             5
#> 1475       29330          433                10    891             1
#> 1476       28824          185                11    954             2
#> 1477        6007           72                 7    691             5
#> 1478       10585          436                 8    511             1
#> 1479       32793          508                 4    475             1
#> 1480       38836          147                 4    344             3
#> 1481       18426          229                 8    623             2
#> 1482       28797          380                 6    547             1
#> 1483       36190          504                 8    805             1
#> 1484        8722          296                10    995             1
#> 1485        1425           64                12   1126             5
#> 1486       11879          114                17   1575             4
#> 1487       11875           89                16   1654             4
#> 1488       25869           71                14   1150             5
#> 1489       33413          419                10    772             1
#> 1490       27261          438                11    941             1
#> 1491        2143          182                14    998             2
#> 1492       29378          455                 7    549             1
#> 1493        7332          211                13   1087             2
#> 1494       11466          131                10   1034             3
#> 1495        7124           63                12   1459             5
#> 1496        8454           18                 8    865             5
#> 1497        7539           54                10    998             5
#> 1498       26589          137                 9    773             3
#> 1499        7333           79                 5    524             4
#> 1500       32234          174                14   1480             3
#> 1501         348          166                 5    421             3
#> 1502       24811           65                16   1859             5
#> 1503       33204          119                 5    771             4
#> 1504         933          113                13   1304             4
#> 1505       11309          119                11   1002             4
#> 1506       32082          184                11    992             2
#> 1507       11737          180                15   1352             2
#> 1508       16383          132                12    948             3
#> 1509       30753           74                11   1175             5
#> 1510       11016          318                13   1361             1
#> 1511       24761          200                13   1084             2
#> 1512        9298           73                16   1877             5
#> 1513       13370           49                13   1109             5
#> 1514       13278           72                14   1584             5
#> 1515        1816           57                15   1268             5
#> 1516       37167          160                15   1671             3
#> 1517       27264           10                 7    455             5
#> 1518       37485           59                 6    560             5
#> 1519       38593          149                 7    768             3
#> 1520       21669          543                 6    646             1
#> 1521       29969          201                12   1111             2
#> 1522       10251          345                10    993             1
#> 1523       17445           40                11   1082             5
#> 1524       16184          182                11    864             2
#> 1525       16105          526                 7    440             1
#> 1526       17201          140                 5    352             3
#> 1527       15684          156                 7    887             3
#> 1528       14853          123                 5    667             4
#> 1529       31875          169                10    842             3
#> 1530       30709           21                 7    777             5
#> 1531        4341           42                20   2100             5
#> 1532       32626          199                 9    851             2
#> 1533       38570           65                 9    801             5
#> 1534        2322          182                 6    580             2
#> 1535        1931           38                 9    660             5
#> 1536       12843           97                15   1939             4
#> 1537        7273          158                11   1312             3
#> 1538       39544          191                14   1159             2
#> 1539        3075           93                14   1403             4
#> 1540       23269          163                12   1102             3
#> 1541       15713          286                 9    658             1
#> 1542       13968          175                15   1294             3
#> 1543       31904           93                10    823             4
#> 1544        9088          489                10   1256             1
#> 1545       32155          345                 6    729             1
#> 1546       24126          117                 8    508             4
#> 1547       16989          444                 7    566             1
#> 1548       13019           83                12    761             4
#> 1549       11641          359                 9   1062             1
#> 1550       33017          144                11    941             3
#> 1551       33210          116                 7    833             4
#> 1552       30359          422                 7    663             1
#> 1553       36041          121                12   1094             4
#> 1554       35307           91                12    949             4
#> 1555       24649          255                 6    446             2
#> 1556       39980           36                14   1494             5
#> 1557        7736           91                12   1144             4
#> 1558       15177           16                11   1025             5
#> 1559       25192          171                 6    601             3
#> 1560       10512          146                 8    940             3
#> 1561       36848          262                 7    407             2
#> 1562        2847          183                14   1401             2
#> 1563        2133          141                18   1499             3
#> 1564       10229          447                 9    758             1
#> 1565       35886          451                 5    536             1
#> 1566        3095           35                12    930             5
#> 1567       21844          374                11   1143             1
#> 1568        8727          121                10    928             4
#> 1569       37131           77                 7    537             4
#> 1570       32259          299                 6    587             1
#> 1571       31584          149                 9   1010             3
#> 1572       17233           73                12   1264             5
#> 1573       25545          135                 9   1065             3
#> 1574       25306           57                10    771             5
#> 1575        5557           10                 5    497             5
#> 1576       29631           71                 8    915             5
#> 1577       36499          345                 8    770             1
#> 1578       10119           88                11    746             4
#> 1579        6823           85                13   1057             4
#> 1580       14475          254                12   1005             2
#> 1581       20293           57                 4    458             5
#> 1582        6981          106                10   1336             4
#> 1583       19703           36                 4    462             5
#> 1584        1612           83                10   1177             4
#> 1585       32170          310                 2    133             1
#> 1586       31941          334                 6    546             1
#> 1587       19636           87                14   1097             4
#> 1588        8469          233                10    961             2
#> 1589       37408           13                 9    939             5
#> 1590        1589           12                10    854             5
#> 1591       24511          142                14   1293             3
#> 1592       18104           98                14   1608             4
#> 1593       28044          228                 9    825             2
#> 1594       27218          167                14   1424             3
#> 1595       19755          180                10    834             2
#> 1596       14941          140                 5    657             3
#> 1597       28040          380                 8    589             1
#> 1598        5692          228                10   1384             2
#> 1599       39250           23                11   1063             5
#> 1600       39404          132                12    923             3
#> 1601        7402           46                11   1420             5
#> 1602       14264           57                18   1851             5
#> 1603       14880          116                11    994             4
#> 1604       23778           78                10    871             4
#> 1605       14081          135                11   1278             3
#> 1606       14505           55                11   1351             5
#> 1607       26817          156                 8    654             3
#> 1608       22914          318                 5    381             1
#> 1609        8153          181                14   1368             2
#> 1610       37079          147                12   1517             3
#> 1611       24426          551                 8    739             1
#> 1612        5618          208                10    910             2
#> 1613        5130          153                14   1500             3
#> 1614       29181          296                 7    459             1
#> 1615        7172           37                 9    578             5
#> 1616       31161           90                14   1245             4
#> 1617       20235           76                 9    770             5
#> 1618       36939           69                 8   1178             5
#> 1619       14105          107                14   1274             4
#> 1620        1164           92                15   1665             4
#> 1621       24497           89                17   1632             4
#> 1622       18838            5                12   1156             5
#> 1623       28524          131                 9   1028             3
#> 1624       16246          132                13   1106             3
#> 1625       10170          164                 8   1066             3
#> 1626         372          213                11   1109             2
#> 1627       26140          160                 8    601             3
#> 1628       36654          448                 8    718             1
#> 1629       22550           82                11   1309             4
#> 1630       28405          224                13   1064             2
#> 1631       36019           76                 4    312             5
#> 1632       15403          422                 6    866             1
#> 1633       15317          150                10   1232             3
#> 1634       14576           40                14   1546             5
#> 1635         963          120                 9    662             4
#> 1636        9023           92                10    948             4
#> 1637       33597          291                 8    718             1
#> 1638        5987          181                 7    698             2
#> 1639        5613           83                 6    529             4
#> 1640        8287          167                 9    798             3
#> 1641       31870           93                11    938             4
#> 1642       39970           98                10   1311             4
#> 1643       27374          204                 9    991             2
#> 1644       13410          101                 9    999             4
#> 1645       39471           60                10    825             5
#> 1646         114           80                13   1503             4
#> 1647       39423          198                12   1543             2
#> 1648       20269          119                15   1295             4
#> 1649        2835          109                10    706             4
#> 1650        9082           44                 7    727             5
#> 1651       21395           66                16   1255             5
#> 1652        6648           24                18   1400             5
#> 1653       33071          568                 7    538             1
#> 1654       23885           86                 7    648             4
#> 1655       16461           73                 5    483             5
#> 1656       17359          117                13   1168             4
#> 1657       15009           97                11    843             4
#> 1658       29410           20                11    795             5
#> 1659       19081          188                12   1062             2
#> 1660        9320            3                13   1319             5
#> 1661       31200          462                 3    171             1
#> 1662       25839          286                 9   1012             1
#> 1663       18302           55                13   1279             5
#> 1664        6994          166                 9    772             3
#> 1665       14624          100                11    951             4
#> 1666        8185           20                11   1137             5
#> 1667       38701           79                 9    970             4
#> 1668        8984          130                16   1366             3
#> 1669       31900          128                15   1321             3
#> 1670       26118           48                12   1410             5
#> 1671       25569          148                10   1211             3
#> 1672       25746          122                 9    821             4
#> 1673       32296           67                12   1354             5
#> 1674       30481          281                10    942             1
#> 1675       25013          104                 6    595             4
#> 1676       19767          153                 5    550             3
#> 1677        9538          167                 7    544             3
#> 1678        8291           98                13   1190             4
#> 1679        7956           59                13   1416             5
#> 1680        7283          188                 7    572             2
#> 1681       15620          422                 9    907             1
#> 1682       31527          281                 9   1007             1
#> 1683       37370          470                11   1206             1
#> 1684       37600          134                 9    896             3
#> 1685        3612           17                14   1469             5
#> 1686       33043           91                 6    520             4
#> 1687       32763           13                 8    645             5
#> 1688       32895           39                 8    612             5
#> 1689       10722          102                 7    541             4
#> 1690        1048          100                10    809             4
#> 1691       23600          391                 7    876             1
#> 1692       38707           95                14   1680             4
#> 1693        9084          224                12   1144             2
#> 1694       17118           44                10   1068             5
#> 1695       11603          181                13   1478             2
#> 1696       34804          114                 8    614             4
#> 1697        5941          282                10    951             1
#> 1698       17096          205                 8    795             2
#> 1699        6052           47                 8    684             5
#> 1700       29954          219                13   1370             2
#> 1701        1377          123                10   1051             4
#> 1702        6125          221                13   1400             2
#> 1703       11265          466                 9    835             1
#> 1704       35744          175                 8    878             3
#> 1705       39575          140                 8    759             3
#> 1706       29511          144                 9    886             3
#> 1707        9944          167                 6    487             3
#> 1708        2611          129                12    656             3
#> 1709       25144           93                 9    809             4
#> 1710        7213           99                 6    739             4
#> 1711       19575           98                12   1143             4
#> 1712       30381          399                10   1117             1
#> 1713        8586          224                 9   1025             2
#> 1714       30634          306                13   1349             1
#> 1715       22392          114                 9    825             4
#> 1716       24510          270                 6    828             1
#> 1717       20851          386                 3    256             1
#> 1718       14591           69                10    918             5
#> 1719       21114          362                 8    646             1
#> 1720       20952          473                 6    581             1
#> 1721       10339          489                 6    897             1
#> 1722       15232          193                13   1186             2
#> 1723       18256          106                13   1197             4
#> 1724       36651          318                12   1320             1
#> 1725       37277          386                 2    127             1
#> 1726       33771          460                 7    372             1
#> 1727       12630          189                 9    769             2
#> 1728       28819           57                 6    480             5
#> 1729       18136          166                 8    535             3
#> 1730        1282          109                10    738             4
#> 1731       30608           87                11   1428             4
#> 1732       12132          348                11   1436             1
#> 1733       28891           70                11   1036             5
#> 1734       36608          184                 8    824             2
#> 1735       36680          193                 9    840             2
#> 1736       21282           73                10   1104             5
#> 1737       20661           90                 6    457             4
#> 1738       11633          130                11    797             3
#> 1739       29500           67                12   1065             5
#> 1740       26693           33                15   1553             5
#> 1741       33138          215                 9    949             2
#> 1742       39819          461                11    945             1
#> 1743       20557          102                11   1140             4
#> 1744       17073           21                10    853             5
#> 1745       15870          193                 7    614             2
#> 1746        4901          445                 6    710             1
#> 1747       37700          437                10    969             1
#> 1748       11493          221                 7    820             2
#> 1749       39798           62                11    909             5
#> 1750       18332          113                12   1202             4
#> 1751        5445           99                12   1310             4
#> 1752       10075          170                 9    750             3
#> 1753       34166           92                10   1181             4
#> 1754       18216          316                10    929             1
#> 1755       19499          144                13   1130             3
#> 1756       30270          266                17   1674             1
#> 1757       27547          160                 7    847             3
#> 1758       36113          409                 8    560             1
#> 1759       29225          367                11   1159             1
#> 1760       39197          460                 7   1028             1
#> 1761       34592          236                 8    535             2
#> 1762        7577          191                10   1212             2
#> 1763       21546          183                 3    193             2
#> 1764       29527          192                 9    831             2
#> 1765       32126           95                11    883             4
#> 1766       13719          165                 8    779             3
#> 1767        1185          138                14   1217             3
#> 1768       31111          160                10   1234             3
#> 1769       36312           66                 9    702             5
#> 1770       29200           93                16   1366             4
#> 1771       30134          504                10    747             1
#> 1772       21016          160                14   1794             3
#> 1773       27733          168                13   1233             3
#> 1774        7557          360                15   1311             1
#> 1775       15372           66                10   1147             5
#> 1776       35277          206                10   1146             2
#> 1777       22754          171                 7    417             3
#> 1778       29539          193                 4    367             2
#> 1779       27778          141                13    912             3
#> 1780       27254          231                 5    622             2
#> 1781       10714          261                 8    493             2
#> 1782       18798          380                 7    519             1
#> 1783       18944          383                 6    502             1
#> 1784        3846          164                12   1327             3
#> 1785       20044          181                12   1450             2
#> 1786       33284          110                 7    743             4
#> 1787       15734          104                10   1228             4
#> 1788       22070          261                 8    521             2
#> 1789        2595          199                 5    683             2
#> 1790       27301           60                 8    670             5
#> 1791        7829          112                11   1056             4
#> 1792       21557           80                11    906             4
#> 1793       23388           72                14   1386             5
#> 1794       23980          243                12   1328             2
#> 1795       37815           73                 7    526             5
#> 1796       19011          117                10   1202             4
#> 1797       24728           75                16   1153             5
#> 1798       15690           47                13   1275             5
#> 1799       15540          121                 6    610             4
#> 1800       38661          176                11    891             3
#> 1801       37570           48                15   1445             5
#> 1802       12544          111                 6    282             4
#> 1803       19777          127                15   1660             3
#> 1804       28046          170                13   1293             3
#> 1805       12177           79                10    680             4
#> 1806        1780           55                10    940             5
#> 1807       21368          180                10   1087             2
#> 1808       27529          192                 9   1009             2
#> 1809       33327          375                 5    511             1
#> 1810       18718          171                 8    666             3
#> 1811       15345          102                13   1011             4
#> 1812       34663           87                18   1781             4
#> 1813         646           19                10    869             5
#> 1814       21913          101                10   1203             4
#> 1815       29241           93                10    947             4
#> 1816       25903          184                 5    491             2
#> 1817       39918          136                12   1039             3
#> 1818       19673           43                14   1504             5
#> 1819        5636          242                13   1681             2
#> 1820       26315           58                13   1507             5
#> 1821       14854          289                 7    597             1
#> 1822       28867          156                 5    626             3
#> 1823       32804          210                 6    680             2
#> 1824       35894          162                10    905             3
#> 1825       13080           72                13    905             5
#> 1826         606          116                 8    597             4
#> 1827       17114           21                 7    434             5
#> 1828       23001          181                12    793             2
#> 1829        5098           90                11    896             4
#> 1830       17822          112                13   1274             4
#> 1831       39629          203                 9    707             2
#> 1832        3659           74                12   1022             5
#> 1833        2785          108                 8    792             4
#> 1834       39704           26                 6    875             5
#> 1835       16495          395                10    773             1
#> 1836       16562           73                 9    506             5
#> 1837       37504          202                12   1183             2
#> 1838       20503          519                11   1046             1
#> 1839        7865          100                10   1032             4
#> 1840       15974          144                11   1016             3
#> 1841       11195          210                 9   1066             2
#> 1842       30054          216                14   1516             2
#> 1843       37617          233                 7   1025             2
#> 1844       23581          440                 6    405             1
#> 1845       21554           88                11   1228             4
#> 1846       36553           91                12   1179             4
#> 1847       35430          350                 8    466             1
#> 1848       39461           99                10    669             4
#> 1849       24086          562                 3    288             1
#> 1850       32398          252                 9    878             2
#> 1851       37074           18                13   1250             5
#> 1852        3555          111                 9    816             4
#> 1853       13237          227                10    731             2
#> 1854       38313          151                14   1593             3
#> 1855       35963           10                10    903             5
#> 1856       24491          261                12   1281             2
#> 1857       13372          268                 8    684             1
#> 1858       37910          262                 7    883             2
#> 1859       17898          294                 6    720             1
#> 1860       12698          172                14   1087             3
#> 1861       14431          170                 5    594             3
#> 1862       19926           51                12   1208             5
#> 1863       11333          433                11   1146             1
#> 1864       20838           79                10   1073             4
#> 1865       28807          170                 8    729             3
#> 1866       20485          231                 6    635             2
#> 1867       31557          221                12   1619             2
#> 1868        7170          160                11   1023             3
#> 1869        7706          179                11   1123             2
#> 1870       34164          385                10   1061             1
#> 1871       27281          284                 9   1144             1
#> 1872       37629          339                12   1110             1
#> 1873       22715          103                 8    748             4
#> 1874       21766          114                 5    576             4
#> 1875        6243           77                10    952             4
#> 1876       22179           21                13   1434             5
#> 1877       38206          493                 5    438             1
#> 1878       20998          184                 9    612             2
#> 1879       32593          351                13   1425             1
#> 1880       35396          287                 7    758             1
#> 1881       16635          148                 7    629             3
#> 1882       38371           87                14   1504             4
#> 1883       11462          196                14   1550             2
#> 1884       14773          111                16   1524             4
#> 1885       12848          150                13   1494             3
#> 1886       38095           59                 9    864             5
#> 1887       35645          163                 6    362             3
#> 1888       22736          160                 8    586             3
#> 1889       25517           78                11   1117             4
#> 1890       29411          103                 9    778             4
#> 1891       33326           59                 2    166             5
#> 1892       22406          238                11    839             2
#> 1893       32255          113                11   1454             4
#> 1894       32440           59                15   1357             5
#> 1895       37015          234                 8    794             2
#> 1896       18758          224                14   1049             2
#> 1897       16533          140                 8    648             3
#> 1898       22901          106                11   1031             4
#> 1899         671          309                 6    750             1
#> 1900       20434          426                 7    502             1
#> 1901       23841           77                 5    416             4
#> 1902       37194          295                 9    565             1
#> 1903        3329          184                13   1447             2
#> 1904         960           50                10   1151             5
#> 1905        3718           91                 9   1005             4
#> 1906       31661           36                15   1776             5
#> 1907         629          127                 9    899             3
#> 1908        1896          364                 5    518             1
#> 1909       20675          101                15   1438             4
#> 1910       26682          224                 6    366             2
#> 1911        3004          143                12   1373             3
#> 1912       17752          236                 8    719             2
#> 1913       27491          403                 9    834             1
#> 1914       27976           66                11   1439             5
#> 1915       20080           40                10    595             5
#> 1916       27598          284                12   1152             1
#> 1917        1902           99                 7    730             4
#> 1918       23138          148                 9   1412             3
#> 1919        1666          138                16   1256             3
#> 1920       25525          483                 5    532             1
#> 1921       37529          217                12   1557             2
#> 1922       28221          823                 2    131             1
#> 1923       23411           26                 8    653             5
#> 1924       16509          174                 8   1003             3
#> 1925       13794          146                 4    425             3
#> 1926       39283          530                 8    805             1
#> 1927       14932          295                 8    724             1
#> 1928       30154           93                 8    791             4
#> 1929       21349          210                10   1006             2
#> 1930       38002          835                 3    192             1
#> 1931       10909          112                10    832             4
#> 1932       23428           49                 8    910             5
#> 1933       22190          175                 8    857             3
#> 1934       38218          285                13   1245             1
#> 1935        8058           56                17   1953             5
#> 1936        4877          176                11    695             3
#> 1937       19523          160                12   1163             3
#> 1938       34750          179                12   1234             2
#> 1939       19968          147                13   1429             3
#> 1940       12216           31                12   1406             5
#> 1941       18805          133                13   1385             3
#> 1942       27282          244                14   1226             2
#> 1943       37966            2                 9    955             5
#> 1944         808           59                12   1021             5
#> 1945       16420          175                 7    681             3
#> 1946       14177          184                 9   1005             2
#> 1947       18505          499                 6    447             1
#> 1948       28954          130                11    987             3
#> 1949       21062          191                16   1200             2
#> 1950        4509           32                10   1270             5
#> 1951       36101          104                 6    490             4
#> 1952       21491          286                11    862             1
#> 1953        3786          585                 3    346             1
#> 1954       16925          141                 7    683             3
#> 1955       31593          317                 8    575             1
#> 1956       21291          168                 9    642             3
#> 1957       31292          541                 6    412             1
#> 1958       39641            5                19   1743             5
#> 1959       29980           82                 9    719             4
#> 1960       21457          155                10   1138             3
#> 1961       39630          204                12   1316             2
#> 1962       13055           95                12    757             4
#> 1963       16809          133                 9    775             3
#> 1964       31525           35                10    930             5
#> 1965       11225          198                12   1086             2
#> 1966       19874          199                14   1466             2
#> 1967        6128           69                 8    754             5
#> 1968        9608          428                 6    360             1
#> 1969       29509          148                12   1001             3
#> 1970       27628          231                12   1106             2
#> 1971        9097           42                13   1028             5
#> 1972       21963          131                 9    701             3
#> 1973       16982           94                 5    499             4
#> 1974        2495          260                10   1148             2
#> 1975       32139          119                 7    932             4
#> 1976        7020          170                10   1002             3
#> 1977       38120          469                12    813             1
#> 1978       18090          202                 9    975             2
#> 1979       25269           59                 9   1138             5
#> 1980       38094           88                19   1981             4
#> 1981        9404          129                 9    933             3
#> 1982        1256           53                 7    668             5
#> 1983        8855          224                14   1231             2
#> 1984        2407          234                10    802             2
#> 1985        8988          142                 9    923             3
#> 1986       31970           62                 8    597             5
#> 1987       32167          169                14   1391             3
#> 1988       20331           52                12    975             5
#> 1989       36572          408                13   1588             1
#> 1990       33878          128                19   1412             3
#> 1991       23835          218                13   1543             2
#> 1992       13587          113                 7    551             4
#> 1993       13206          221                 8    488             2
#> 1994       19077          379                 8    925             1
#> 1995       27420          134                10    705             3
#> 1996        8074           87                 8    504             4
#> 1997       25228           47                 8    843             5
#> 1998       18730          147                 8    655             3
#> 1999        9828          501                 9    690             1
#> 2000        2473          358                 5    449             1
#> 2001       27329          494                13   1033             1
#> 2002        6807          435                 9    826             1
#> 2003       16145          133                 7    697             3
#> 2004        4840          143                 9    467             3
#> 2005       30281          236                12   1152             2
#> 2006       34087          242                 8    762             2
#> 2007       37986           48                 9    735             5
#> 2008       18931          229                 9    935             2
#> 2009       34738          103                10   1039             4
#> 2010       38905          229                 7    593             2
#> 2011         379          174                 7    667             3
#> 2012        5943           30                 9   1072             5
#> 2013       17614          101                13   1423             4
#> 2014       24803          442                 9    779             1
#> 2015       12545          744                 4    403             1
#> 2016       26484          132                 7    509             3
#> 2017       24597           35                14   1605             5
#> 2018        1807          486                13   1426             1
#> 2019       36617          180                 6    358             2
#> 2020       36458          425                 8    716             1
#> 2021       22227          263                15   1757             2
#> 2022        9740          591                 7    575             1
#> 2023        2751          195                11   1109             2
#> 2024       32960          140                 9    589             3
#> 2025       35486           15                 8    559             5
#> 2026       16755          107                10    741             4
#> 2027       25067           58                10    919             5
#> 2028       23236          301                 9    683             1
#> 2029       13832          329                 9    908             1
#> 2030       32865           82                10   1181             4
#> 2031       10591          101                 4    714             4
#> 2032        4823          128                 8    636             3
#> 2033        1749          310                 6    505             1
#> 2034        5932          119                16   1160             4
#> 2035       12485          162                 8    872             3
#> 2036        8950          189                 6    450             2
#> 2037       27690          322                 5    310             1
#> 2038       14868          135                14   1157             3
#> 2039       35488          211                 8    422             2
#> 2040       27974          114                17   1727             4
#> 2041       38953          450                 8    699             1
#> 2042       34334          291                15   1583             1
#> 2043       33622           58                14   1555             5
#> 2044       11190          157                10   1126             3
#> 2045        3920          138                10    845             3
#> 2046       22891            4                11   1411             5
#> 2047       28392          316                 9    782             1
#> 2048       20696          183                10    884             2
#> 2049       36232           87                15   1481             4
#> 2050        6718          160                 6    749             3
#> 2051        2779           92                16   1781             4
#> 2052       37259          565                 4    343             1
#> 2053        1439          140                 5    443             3
#> 2054       16757          149                14   1491             3
#> 2055       26992          148                17   1479             3
#> 2056       15526           42                10   1032             5
#> 2057       23145           72                 9    764             5
#> 2058        6009           53                 7    554             5
#> 2059       18247          156                10   1057             3
#> 2060       26700          239                 7    612             2
#> 2061       22438           35                 9    678             5
#> 2062        1935          208                13    953             2
#> 2063       15820          218                 6    664             2
#> 2064       33245          127                 6    671             3
#> 2065       36085          167                14   1157             3
#> 2066       35305          140                 7    487             3
#> 2067       38109           69                 7    691             5
#> 2068       16722          115                12   1063             4
#> 2069       22020          396                 3    262             1
#> 2070       37915           84                13   1508             4
#> 2071        6020           66                15   1478             5
#> 2072         706          170                13   1397             3
#> 2073       29231          442                 9    635             1
#> 2074        5041          294                12    982             1
#> 2075        2316           43                18   1854             5
#> 2076       15650          210                 4    235             2
#> 2077       34969          101                 9    812             4
#> 2078       16587            9                12    741             5
#> 2079       39054          115                10    703             4
#> 2080       17081          186                 9    977             2
#> 2081       21461          210                11   1430             2
#> 2082        8563          483                 6    708             1
#> 2083        9511          554                 5    509             1
#> 2084       14663           65                17   1376             5
#> 2085       31118           83                 7    731             4
#> 2086        4602          118                 5    564             4
#> 2087        3750          311                14   1056             1
#> 2088        5059          213                10    823             2
#> 2089       22111            9                13   1197             5
#> 2090         841           79                 7    808             4
#> 2091        4484          211                 9    749             2
#> 2092       37573           74                12   1121             5
#> 2093        4242          174                 7    785             3
#> 2094       35045          175                 9    768             3
#> 2095       11483          237                11    981             2
#> 2096         185           92                 8    900             4
#> 2097        4300          394                10    969             1
#> 2098       22536          145                18   1794             3
#> 2099       10370          223                16   1604             2
#> 2100       19470          116                14   1274             4
#> 2101       12259           72                 8    884             5
#> 2102       22050           92                 8   1012             4
#> 2103       22992          469                 6    644             1
#> 2104       27987          102                16   1462             4
#> 2105       29554           61                10    506             5
#> 2106       21355           61                 7    523             5
#> 2107        2900          168                 5    446             3
#> 2108       28311           16                12    933             5
#> 2109       18109          130                 7    388             3
#> 2110       35898          155                10   1199             3
#> 2111       15956          565                 7    684             1
#> 2112       38082          324                 9    767             1
#> 2113       32696          270                11    668             1
#> 2114       13631          133                12   1100             3
#> 2115        4630          197                 7    698             2
#> 2116       20688           60                 7    516             5
#> 2117       23367          230                 8    445             2
#> 2118        6915          202                10    829             2
#> 2119       19021           32                 7    643             5
#> 2120       10852          168                 9   1092             3
#> 2121       20752          100                 7   1086             4
#> 2122       29695          222                 8    449             2
#> 2123       34823          322                 9   1072             1
#> 2124       35684          182                12   1260             2
#> 2125         505          261                14   1289             2
#> 2126       29579          161                11    898             3
#> 2127        9928           91                 8    739             4
#> 2128       14770          126                 6    459             3
#> 2129        4144          263                13   1316             2
#> 2130       33983          231                 7    939             2
#> 2131        1671          346                 7    645             1
#> 2132        5826          171                12   1129             3
#> 2133       34713          157                10    840             3
#> 2134        3628          181                 9    930             2
#> 2135       17571          153                10    747             3
#> 2136        1146          115                13   1197             4
#> 2137        8246          214                 8    681             2
#> 2138       34805           29                10   1087             5
#> 2139       15865          107                11   1285             4
#> 2140       38986          127                 5    410             3
#> 2141       20290          147                11   1270             3
#> 2142       34465          144                10    858             3
#> 2143       18937          253                12    968             2
#> 2144       11351          150                 8    747             3
#> 2145       12063           11                11    992             5
#> 2146       37192           46                11    853             5
#> 2147       21916          164                 5    510             3
#> 2148       32465          128                11    950             3
#> 2149       17819          382                11    985             1
#> 2150        5782          219                10   1148             2
#> 2151       21100          165                10   1323             3
#> 2152       30716          258                 8    847             2
#> 2153       12554          499                 5    505             1
#> 2154       34208          158                11   1145             3
#> 2155       11643          373                 3    265             1
#> 2156       34150          212                13   1056             2
#> 2157       20747          320                 7    758             1
#> 2158       26258          205                 6    654             2
#> 2159       28145           42                16   1231             5
#> 2160       17763          176                10    712             3
#> 2161       20156          127                 7    574             3
#> 2162       34197          352                 7    812             1
#> 2163       25677          300                 4    216             1
#> 2164       20867          114                 7    444             4
#> 2165       34127          201                 6    493             2
#> 2166       36967           70                 8    597             5
#> 2167       14315           56                 8    803             5
#> 2168       26918          159                13   1584             3
#> 2169       30999           12                 6    446             5
#> 2170        7654          497                 9    666             1
#> 2171       11436          271                 9    854             1
#> 2172       21575          484                 5    656             1
#> 2173        8372          286                 7    652             1
#> 2174        2380          186                 9    819             2
#> 2175        3323          200                17   1884             2
#> 2176       39849          454                12   1003             1
#> 2177       20903          117                 9    944             4
#> 2178        4488          163                10    905             3
#> 2179       19982          567                11    705             1
#> 2180       13545           46                11   1283             5
#> 2181       29234          169                14   1378             3
#> 2182       15135           48                10   1176             5
#> 2183       29614           83                12   1200             4
#> 2184       28853          179                12   1102             2
#> 2185        9801          195                13   1410             2
#> 2186        3214           55                11   1201             5
#> 2187       29165           17                11   1053             5
#> 2188       14125           99                13    675             4
#> 2189       22451           94                13    920             4
#> 2190        2759          430                 9    760             1
#> 2191        2520          141                 9    791             3
#> 2192       17416          209                10    956             2
#> 2193        5025           17                 7    760             5
#> 2194       24220          308                 9    791             1
#> 2195        9322          163                 9    821             3
#> 2196       29929          125                 4    227             4
#> 2197        2720          125                12   1244             4
#> 2198       36369          114                 8    791             4
#> 2199       22661          187                11   1181             2
#> 2200       17373          434                 9   1193             1
#> 2201       17657           53                13   1571             5
#> 2202        8909          311                 8    853             1
#> 2203       32549          446                 5    452             1
#> 2204       21289          114                19   1708             4
#> 2205       37448          234                15   1103             2
#> 2206       20615          229                 7    747             2
#> 2207       36039          226                 9    947             2
#> 2208         313          137                12   1255             3
#> 2209       22954          489                 5    700             1
#> 2210       18694          157                14   1379             3
#> 2211       29351          116                12    845             4
#> 2212       37992           72                12   1331             5
#> 2213       34345           50                10    818             5
#> 2214       29182            4                12   1128             5
#> 2215       36670           77                 9    818             4
#> 2216       19321           36                 8    700             5
#> 2217       24060          163                 9    730             3
#> 2218       12395           52                 7    700             5
#> 2219        2142          156                10    793             3
#> 2220       33433           75                10   1046             5
#> 2221       11650          163                13    893             3
#> 2222        1266           46                 8    856             5
#> 2223       30032           43                15   1459             5
#> 2224        6927          177                 7    622             2
#> 2225       28588           55                11   1034             5
#> 2226       28538          157                16   1249             3
#> 2227        4025          101                10    824             4
#> 2228       30638           64                 5    538             5
#> 2229        8028          317                 8    538             1
#> 2230        6002          119                12   1004             4
#> 2231       39804           49                11   1121             5
#> 2232        6537          395                 8    555             1
#> 2233       13030          189                 6    438             2
#> 2234       27785           79                13   1132             4
#> 2235       12397          122                 8    723             4
#> 2236       38865          509                 7    577             1
#> 2237         106          136                10   1226             3
#> 2238       11865          269                11   1201             1
#> 2239       25847           72                10    705             5
#> 2240       15867          473                 9    803             1
#> 2241       23100          127                 5    562             3
#> 2242       28865            3                15   1203             5
#> 2243       14153          161                13   1262             3
#> 2244       16190          467                 6    680             1
#> 2245       22732          350                 6    209             1
#> 2246       39032          255                 6    547             2
#> 2247        8612           35                 8    605             5
#> 2248        1170          106                11    871             4
#> 2249       26411           81                14   1358             4
#> 2250       22830          199                 9   1067             2
#> 2251       22828          158                13   1064             3
#> 2252       11970          111                13   1381             4
#> 2253        8384          176                 6    664             3
#> 2254       11099          179                11   1081             2
#> 2255        2639          171                12    739             3
#> 2256        4844           26                 8    579             5
#> 2257       20804          194                 7    760             2
#> 2258       29514           44                 9   1151             5
#> 2259        1646          212                 9    755             2
#> 2260       14692           91                13   1120             4
#> 2261        8940          186                10    882             2
#> 2262       32348          121                 9    868             4
#> 2263       29752          153                10    791             3
#> 2264       30454          112                12   1226             4
#> 2265        5027          229                 6    559             2
#> 2266       13573           53                14   1156             5
#> 2267        2096          158                10   1017             3
#> 2268        7028          113                13    842             4
#> 2269        4670          286                12   1394             1
#> 2270       25561          124                12   1217             4
#> 2271       23735          401                 7    479             1
#> 2272       21852          224                 8    630             2
#> 2273       23961          179                 8    780             2
#> 2274       31323           73                 6    442             5
#> 2275       34096          485                10   1036             1
#> 2276       39198          176                12   1296             3
#> 2277       29913           90                 9    986             4
#> 2278       30755           48                11    999             5
#> 2279       24988           96                 8   1096             4
#> 2280       36081          110                 8    945             4
#> 2281       34815          148                 9    904             3
#> 2282        8364          471                 4    242             1
#> 2283       24490           41                12   1377             5
#> 2284       16191          699                 5    316             1
#> 2285       36179          176                 9    460             3
#> 2286       30615          138                 6    558             3
#> 2287       38853           28                18   1868             5
#> 2288       20530          488                11    848             1
#> 2289       13747           51                10    773             5
#> 2290        8873           60                12    931             5
#> 2291        6590           16                15   1620             5
#> 2292       39589          496                10    632             1
#> 2293        8092          233                10    961             2
#> 2294        1784          213                 7    639             2
#> 2295       19511           15                13    704             5
#> 2296       25621            8                 6    866             5
#> 2297       10464          157                10    847             3
#> 2298       16144          344                17   1471             1
#> 2299       35350          146                13   1175             3
#> 2300       21240          311                 6    699             1
#> 2301       20028          167                11   1020             3
#> 2302       19370          108                 8   1170             4
#> 2303       36962          140                 7    690             3
#> 2304       26864          124                11   1410             4
#> 2305       26914          128                10    919             3
#> 2306       11186          144                 9    699             3
#> 2307       38101          298                 7    675             1
#> 2308       25910          185                 7    707             2
#> 2309        2529          102                15   1479             4
#> 2310       10779           53                12   1324             5
#> 2311       27309           81                 7    813             4
#> 2312        1624           40                11    979             5
#> 2313        4942           36                 9    989             5
#> 2314        7434          168                 5    236             3
#> 2315        5677          243                 6    546             2
#> 2316       24169          427                 7    566             1
#> 2317        9912          101                 9    554             4
#> 2318         536          113                12   1026             4
#> 2319        6500          255                 8    736             2
#> 2320       35038          530                 5    651             1
#> 2321       39386          169                12    965             3
#> 2322       20131           23                 8    917             5
#> 2323       32136           32                16   1411             5
#> 2324        5063          233                13   1006             2
#> 2325       27713           22                12   1269             5
#> 2326       23840          197                14   1632             2
#> 2327       24009          124                 8    720             4
#> 2328       18127          127                 5    317             3
#> 2329         838           51                12    850             5
#> 2330        2403          137                 6    770             3
#> 2331       20439          499                 6    737             1
#> 2332       15020          185                 9    722             2
#> 2333       27852          184                14   1225             2
#> 2334        2879          289                 8    908             1
#> 2335       33835          169                 7    715             3
#> 2336        7061          371                 6    484             1
#> 2337       34528          143                 8    717             3
#> 2338       19897          191                 8    713             2
#> 2339       25996          185                16   1475             2
#> 2340       34491          187                 6    740             2
#> 2341       30193           82                14   1218             4
#> 2342       13399          258                12   1102             2
#> 2343       25546          418                 8    823             1
#> 2344       31739           36                10    997             5
#> 2345       34232          155                12   1466             3
#> 2346       16777          480                 3    402             1
#> 2347       31098           27                13   1316             5
#> 2348       13886          118                13   1560             4
#> 2349        2533          322                 7    893             1
#> 2350       14794           78                16   1405             4
#> 2351       30256            4                 7    574             5
#> 2352       22807          114                 9    940             4
#> 2353       10360          127                 6    652             3
#> 2354       27828          149                12    860             3
#> 2355       32705           95                17   1476             4
#> 2356       39308          186                 9    635             2
#> 2357       26645          433                12   1081             1
#> 2358       29434           15                 9    675             5
#> 2359       10884          378                 9   1038             1
#> 2360       15216          155                15   1640             3
#> 2361        1970          415                 6    446             1
#> 2362       23899          116                 6    467             4
#> 2363       24492          529                 9    961             1
#> 2364       24092          114                17   1079             4
#> 2365         978          206                12   1225             2
#> 2366       30348          184                 7    662             2
#> 2367       32504          222                 3    248             2
#> 2368       11212          127                10   1020             3
#> 2369       39532            6                14   1304             5
#> 2370       31534          166                 9    877             3
#> 2371        7470          201                 8    851             2
#> 2372       32302           70                12    799             5
#> 2373       21603           93                 7    781             4
#> 2374       23356          472                 9    766             1
#> 2375       36859          412                11    984             1
#> 2376       21721          280                 9   1024             1
#> 2377        6901          167                12    789             3
#> 2378       13283          421                 7    705             1
#> 2379        3189          407                 8    662             1
#> 2380        7655          621                 5    219             1
#> 2381       38326          165                 6    458             3
#> 2382       22690          391                 9   1051             1
#> 2383       35274           46                10   1394             5
#> 2384       11142            3                12    896             5
#> 2385       30987           21                19   1781             5
#> 2386       12382          587                 8   1075             1
#> 2387       21683          252                10    949             2
#> 2388        7035           62                11   1354             5
#> 2389       10698          382                 7    418             1
#> 2390        8497          335                11    805             1
#> 2391       14752          213                10    865             2
#> 2392       18523          222                 9    718             2
#> 2393       25587           46                 7    751             5
#> 2394       10341          358                 5    648             1
#> 2395       16876          131                 7    461             3
#> 2396        7086          358                11   1231             1
#> 2397       12362          245                14   1431             2
#> 2398       10407           93                15   1509             4
#> 2399       16018          143                 8   1013             3
#> 2400        8662           87                12   1097             4
#> 2401       18827           79                12    828             4
#> 2402       34903           26                10    980             5
#> 2403       37761           92                11    985             4
#> 2404       19850          339                 8    648             1
#> 2405        9482           82                13   1266             4
#> 2406       33012          130                12   1120             3
#> 2407        4231          374                12   1340             1
#> 2408       39482           87                 8    523             4
#> 2409       13758           64                14   1268             5
#> 2410       14092          104                16   1411             4
#> 2411       38587          129                11   1075             3
#> 2412        6374           62                14   1572             5
#> 2413       27305           25                14   1113             5
#> 2414        8640           12                22   2383             5
#> 2415       35101          100                10    815             4
#> 2416       31521          232                11    891             2
#> 2417       36549          372                12   1070             1
#> 2418       17704          105                 8   1054             4
#> 2419       39106           44                 8    621             5
#> 2420       31968          137                13   1036             3
#> 2421        3206          107                 8    914             4
#> 2422        1631          250                10   1068             2
#> 2423       12307          293                 8    923             1
#> 2424       31717          186                11   1172             2
#> 2425       32565           72                 8    495             5
#> 2426       33076          104                 8    684             4
#> 2427       23643          414                 4    278             1
#> 2428        1897           70                 7    737             5
#> 2429       21476           21                 9    979             5
#> 2430        3130          130                13    957             3
#> 2431       14553          206                10    842             2
#> 2432       25213           96                10   1187             4
#> 2433       21885          113                 9    807             4
#> 2434       33270          501                 8    531             1
#> 2435        1866           48                 8    960             5
#> 2436       27163          283                 7    614             1
#> 2437       16586           35                14   1601             5
#> 2438       11934           35                 7    502             5
#> 2439       35872          224                 8    688             2
#> 2440       29828          253                 4    170             2
#> 2441       36381           73                 7    721             5
#> 2442       11595           81                 4    412             4
#> 2443       35322          459                16   1533             1
#> 2444       13094          133                 9    904             3
#> 2445        7756          131                 9    777             3
#> 2446       38244          102                 9    922             4
#> 2447       17697          285                 9    758             1
#> 2448        2416           34                10    756             5
#> 2449        1360          473                 8    808             1
#> 2450        1108          125                 7    688             4
#> 2451       20942          212                 6    468             2
#> 2452       34141          136                12   1512             3
#> 2453       30267          131                 9    975             3
#> 2454       33830          174                12   1293             3
#> 2455        3068          451                 6    661             1
#> 2456       19062          157                10    834             3
#> 2457       30953          209                10   1021             2
#> 2458       13106          523                 5    394             1
#> 2459       16764          438                13   1225             1
#> 2460        7274           87                 6    506             4
#> 2461       39546           23                11   1098             5
#> 2462       28264          181                 7    744             2
#> 2463       28198          135                12    924             3
#> 2464       15568          242                10    974             2
#> 2465       29298           84                 8    732             4
#> 2466       21116          112                 9    784             4
#> 2467       10347           99                12   1148             4
#> 2468       28747           77                11    805             4
#> 2469        8981          198                14   1404             2
#> 2470       14130          151                10   1175             3
#> 2471       28558          569                 2    123             1
#> 2472       15856           11                12   1283             5
#> 2473        7217           14                17   1480             5
#> 2474       35654          200                 3    106             2
#> 2475       19318           12                12    886             5
#> 2476       21017          513                 7    528             1
#> 2477        3278          173                 7    972             3
#> 2478        5071           12                 7    807             5
#> 2479       22915          127                12   1314             3
#> 2480       37748           60                 7    674             5
#> 2481       31761          106                10    945             4
#> 2482       35605           52                12   1328             5
#> 2483       33975          152                10    997             3
#> 2484        9116          159                10    816             3
#> 2485       13784          213                10    931             2
#> 2486        1597           39                11   1279             5
#> 2487       28180          111                 8    721             4
#> 2488        5795          106                15   1348             4
#> 2489        8098          157                11    911             3
#> 2490       12562          131                 8    774             3
#> 2491       16651           59                 7    357             5
#> 2492       39475          369                 3    279             1
#> 2493       10320           39                 9    848             5
#> 2494        8091          121                 6    354             4
#> 2495       19227          105                11   1283             4
#> 2496       16630          164                 5    683             3
#> 2497       24928          188                 8    846             2
#> 2498        3580          158                13   1599             3
#> 2499       14778          180                 9   1072             2
#> 2500       18355           22                16   1213             5
#> 2501        5134          171                11   1339             3
#> 2502       11562           43                 8    784             5
#> 2503       26243          161                13   1429             3
#> 2504       27324           93                15   1384             4
#> 2505       37639           95                 9    739             4
#> 2506       17150          430                 7    778             1
#> 2507       20666          167                11   1014             3
#> 2508        9086            6                10    971             5
#> 2509        5878          201                11    748             2
#> 2510       39994          483                 4    514             1
#> 2511       30942          147                 9    782             3
#> 2512       20955           21                 8    620             5
#> 2513       23739           89                 9    791             4
#> 2514       38564           29                11    860             5
#> 2515       25932          123                15    994             4
#> 2516       38282           10                11   1043             5
#> 2517       31790          152                11   1024             3
#> 2518        4524          203                 9    545             2
#> 2519       22741          256                 9    922             2
#> 2520       23775          128                11   1180             3
#> 2521       12478          116                 6    615             4
#> 2522        5512          532                 5    266             1
#> 2523       32475          303                11   1222             1
#> 2524        2110          248                 8    862             2
#> 2525       27075           21                16   1469             5
#> 2526       14946          928                 3    378             1
#> 2527        2642           73                 9    690             5
#> 2528       28485          156                10    600             3
#> 2529        5160          132                16   1390             3
#> 2530       25776           50                14   1451             5
#> 2531       10087          192                15   1137             2
#> 2532       14047           33                10   1082             5
#> 2533       30374           26                 8    848             5
#> 2534       32337          212                 4    239             2
#> 2535       32419          196                11   1425             2
#> 2536       13742          329                10    816             1
#> 2537        7608          241                14   1305             2
#> 2538       33085          408                14   1563             1
#> 2539        9890          448                 8    946             1
#> 2540       19168           19                14   1317             5
#> 2541       18049          355                13   1209             1
#> 2542        5301          133                 7    708             3
#> 2543        7700          197                 8    894             2
#> 2544       19714          120                 9    992             4
#> 2545       26642           15                13    848             5
#> 2546       16008          528                 7    522             1
#> 2547        3876           92                16   1451             4
#> 2548        5183          231                 7    654             2
#> 2549       28913          155                 9    942             3
#> 2550       18202           21                 7    523             5
#> 2551       12160          537                 7    399             1
#> 2552       38293           98                11    934             4
#> 2553        7194          281                 9    719             1
#> 2554       36090           47                 9   1181             5
#> 2555       33621          332                 7    772             1
#> 2556       18180          360                15   1864             1
#> 2557       23525           98                 5    364             4
#> 2558       26587          186                 6    539             2
#> 2559        8861           42                 6    582             5
#> 2560       22099          189                 9    833             2
#> 2561        4194           77                13   1508             4
#> 2562       35351          117                13   1549             4
#> 2563       10790          245                10    861             2
#> 2564       37726          109                 9    576             4
#> 2565       28426          172                10    455             3
#> 2566       27095          183                11    945             2
#> 2567        1112          405                 8    871             1
#> 2568        7710           60                 8    877             5
#> 2569       38072          304                10    812             1
#> 2570       12658          184                12    729             2
#> 2571        1609           89                15   1206             4
#> 2572       13484          137                14   1731             3
#> 2573       28045          136                10    944             3
#> 2574       25299          236                 9    921             2
#> 2575       27848           38                18   1629             5
#> 2576       17325          201                10    743             2
#> 2577        5110          214                10   1060             2
#> 2578       28836           30                15   1928             5
#> 2579       25951          152                 8    487             3
#> 2580       20059           87                 8    929             4
#> 2581       10131          142                14   1226             3
#> 2582       12918           44                 7    728             5
#> 2583       18478          106                15   1223             4
#> 2584       27654          104                10   1069             4
#> 2585       24780          183                11    829             2
#> 2586        9209          263                 8   1003             2
#> 2587       35201          120                 9    795             4
#> 2588       33777           77                11    823             4
#> 2589       14502           81                10    791             4
#> 2590        6694           47                11   1305             5
#> 2591       23171          474                 6    616             1
#> 2592       18467          159                 9    994             3
#> 2593       25059          157                12   1126             3
#> 2594        3567          123                12   1125             4
#> 2595        7247           44                11   1227             5
#> 2596        6201          164                12    877             3
#> 2597       20360           82                 7    533             4
#> 2598       37419          291                 6    442             1
#> 2599       17121          210                 8    623             2
#> 2600        5661           81                 8    695             4
#> 2601        6760          184                12    948             2
#> 2602       12720          120                 9    745             4
#> 2603        2273           96                 9   1046             4
#> 2604         459           81                14   1298             4
#> 2605       16772          138                10    874             3
#> 2606       38655          163                11   1084             3
#> 2607       33509          205                 6    555             2
#> 2608       39852          595                 8    752             1
#> 2609       38200          199                 6    360             2
#> 2610       35296          151                 9    839             3
#> 2611       18080          133                11   1032             3
#> 2612       27513           86                11   1230             4
#> 2613        1616          164                16   1529             3
#> 2614       12659          122                13   1323             4
#> 2615       18957          204                 6    384             2
#> 2616       15914          111                10   1204             4
#> 2617       35653          168                12    755             3
#> 2618       17317           88                14   1424             4
#> 2619       35251          100                 6    466             4
#> 2620        4220           52                 7    750             5
#> 2621       32070          185                11   1222             2
#> 2622        2186           73                12    812             5
#> 2623        7857          418                11   1185             1
#> 2624        8826          196                 8    684             2
#> 2625       10279          120                12   1510             4
#> 2626       37304          203                 5    511             2
#> 2627        1665          151                 8    737             3
#> 2628       33692          501                 6    863             1
#> 2629       27222           36                11    874             5
#> 2630       29333           57                11    963             5
#> 2631       28994          397                 8    806             1
#> 2632        4366           79                11    925             4
#> 2633        2681           72                15   1201             5
#> 2634       27240          172                10   1021             3
#> 2635       33861          399                 4    380             1
#> 2636        1851           60                11   1199             5
#> 2637        1092          145                10    962             3
#> 2638       13858          238                 4    303             2
#> 2639       30251          355                 9    895             1
#> 2640       23219           91                 9    974             4
#> 2641       34228          240                14   1313             2
#> 2642       34264          109                14    977             4
#> 2643        1002          178                12    950             2
#> 2644        9224           35                11    897             5
#> 2645       18572          196                16   1215             2
#> 2646       19997           83                11   1160             4
#> 2647       39752          122                12   1321             4
#> 2648        3889          244                 7    666             2
#> 2649       38468          179                10    933             2
#> 2650        9427          477                10    735             1
#> 2651       27446          590                 7    476             1
#> 2652       37656           48                11    636             5
#> 2653       15776          156                 9    865             3
#> 2654       24152            5                11    996             5
#> 2655       22549          273                 5    303             1
#> 2656         266          112                10    766             4
#> 2657       39828          121                 5    374             4
#> 2658       22223           48                12   1188             5
#> 2659       36509          185                10   1257             2
#> 2660       24598          138                 8    484             3
#> 2661       16877          215                11    932             2
#> 2662       33113           87                14   1378             4
#> 2663        7708          423                13   1144             1
#> 2664       22383           11                 7    661             5
#> 2665       13353           85                 7    536             4
#> 2666       22991           76                13   1088             5
#> 2667       13716          135                13   1090             3
#> 2668       11356           53                 9    901             5
#> 2669       32962            4                 7    658             5
#> 2670       11000          129                12   1456             3
#> 2671       29905          160                 8    657             3
#> 2672       22982          361                10    800             1
#> 2673       34543          135                 7    727             3
#> 2674       15724          175                17   1488             3
#> 2675       37714          118                10   1002             4
#> 2676       38820          261                 6    604             2
#> 2677       16337          104                12   1378             4
#> 2678       17246           98                13   1570             4
#> 2679       23275          163                18   2102             3
#> 2680       21136          160                 9   1027             3
#> 2681       20087           78                10   1086             4
#> 2682       35909          325                13   1430             1
#> 2683       34434          111                15   1398             4
#> 2684        4492           36                15   1694             5
#> 2685        8800          256                11   1229             2
#> 2686       19983          164                 9    986             3
#> 2687       36890          142                11   1025             3
#> 2688         694           63                15   1343             5
#> 2689       16244          124                10    876             4
#> 2690        8221           60                 7    496             5
#> 2691         864          320                12   1126             1
#> 2692       26789          476                 5    544             1
#> 2693       37103           56                11   1129             5
#> 2694        4691           65                12   1214             5
#> 2695       10004          394                14   1214             1
#> 2696       11145          113                10    828             4
#> 2697       28256          122                 9   1219             4
#> 2698       13345          195                15   1222             2
#> 2699        9543           94                 9    790             4
#> 2700        4686          146                 9    856             3
#> 2701       35273          175                14   1269             3
#> 2702       37649           67                 6    707             5
#> 2703       37308          233                 8    929             2
#> 2704       29445           73                11    994             5
#> 2705       19618          260                12   1089             2
#> 2706        3160           49                14   1576             5
#> 2707        4855          145                12   1218             3
#> 2708       31828          152                 7    911             3
#> 2709        6841          182                 7    641             2
#> 2710       21030          254                12    770             2
#> 2711       39490          447                 7    825             1
#> 2712       37253          479                 8    908             1
#> 2713       11706          313                 8    598             1
#> 2714       31733          288                 9    945             1
#> 2715       27829          437                12   1207             1
#> 2716        2048           46                 8    812             5
#> 2717        6356           77                 6    551             4
#> 2718       39835          109                 8    966             4
#> 2719        1614          102                17   1287             4
#> 2720       38508           40                11   1360             5
#> 2721       34907           60                 8   1179             5
#> 2722       19856           93                12   1034             4
#> 2723       25622          175                 9    985             3
#> 2724       36716           82                 9    964             4
#> 2725       31164          209                10   1034             2
#> 2726       22935          203                 9    940             2
#> 2727       15739          382                 4    481             1
#> 2728         703          231                10    918             2
#> 2729       17419          102                 9    747             4
#> 2730       24538          334                 5    507             1
#> 2731       38822          134                13   1205             3
#> 2732       23852           17                15   1330             5
#> 2733       21243          140                 9   1147             3
#> 2734        9582           52                13   1169             5
#> 2735       10686           98                 7    784             4
#> 2736       17977          192                10    911             2
#> 2737        5675          111                 8    771             4
#> 2738       32260           34                 9    663             5
#> 2739       27287          158                11   1171             3
#> 2740       24031          198                 8    714             2
#> 2741        5340          172                 8    893             3
#> 2742       31844          168                 9   1047             3
#> 2743       38754          524                 6    351             1
#> 2744       17426          538                 4    470             1
#> 2745       19476           18                 8    983             5
#> 2746       37800          143                 9    779             3
#> 2747       35878           98                 4    504             4
#> 2748        4892          610                 3    155             1
#> 2749       24667          595                 7    381             1
#> 2750       38863           39                12    880             5
#> 2751        2069          165                11   1116             3
#> 2752       37230           72                16   1357             5
#> 2753        2195          392                 7    656             1
#> 2754       18845          203                11    665             2
#> 2755        7184           11                16   1479             5
#> 2756       33554          214                12   1015             2
#> 2757       31678          220                10    921             2
#> 2758       12287          144                15   1250             3
#> 2759       12622          301                 4    571             1
#> 2760        1199          337                12    933             1
#> 2761        2120           65                 6    620             5
#> 2762       16634          503                 6    632             1
#> 2763       22639          156                11    767             3
#> 2764       38530           79                 5    410             4
#> 2765       28561          133                 8    886             3
#> 2766        8476           92                 8    830             4
#> 2767       12795          169                 9    748             3
#> 2768       23757          217                 8    968             2
#> 2769       28590          143                12   1087             3
#> 2770       11976           78                10   1156             4
#> 2771       15445          152                11   1101             3
#> 2772       22045          441                10    979             1
#> 2773       10882           95                 6    529             4
#> 2774       27112            4                10    877             5
#> 2775         255          124                15   1461             4
#> 2776        3270          131                11    980             3
#> 2777       17882          128                 8    657             3
#> 2778       26413          110                 8    784             4
#> 2779       21360          205                15   1571             2
#> 2780       36157           74                 7    681             5
#> 2781        3652          243                 9    694             2
#> 2782        3605          515                 8    843             1
#> 2783       39390          144                14   1576             3
#> 2784       24705          111                 7    724             4
#> 2785       10743           60                 7    653             5
#> 2786       34581           27                12    883             5
#> 2787       32999           70                13   1287             5
#> 2788       11088          430                10   1052             1
#> 2789       35519          237                 6    587             2
#> 2790        5359          100                13   1104             4
#> 2791       23273          299                 5    352             1
#> 2792       13785          473                 8    651             1
#> 2793       26940           86                11   1263             4
#> 2794       29914           92                13   1418             4
#> 2795        7378           49                13   1588             5
#> 2796       23249           27                12   1131             5
#> 2797        5064          135                 6    701             3
#> 2798       36704          446                 7    368             1
#> 2799       24316          134                 8    882             3
#> 2800       37959          216                15   1200             2
#> 2801       11433          249                 9    440             2
#> 2802       22625           56                11   1081             5
#> 2803       14913          144                11   1020             3
#> 2804        1979            6                13   1282             5
#> 2805       17984          361                12   1227             1
#> 2806       16408          114                 9    810             4
#> 2807       32160          105                 9    653             4
#> 2808       30841          134                10    728             3
#> 2809       19188          225                 7    655             2
#> 2810       17774          145                 9    683             3
#> 2811       22532          141                15   1795             3
#> 2812       27766          149                15   1395             3
#> 2813       11368          153                 6    534             3
#> 2814       28058           64                11   1209             5
#> 2815       11125          164                15   1542             3
#> 2816       36292           95                13   1107             4
#> 2817       20968          146                13   1281             3
#> 2818       31264          386                 8    682             1
#> 2819       35686          356                 8    857             1
#> 2820       28235          108                14   1321             4
#> 2821       26485          330                12   1235             1
#> 2822       38056           56                12   1273             5
#> 2823        7917          169                15   1610             3
#> 2824       12816           85                12   1147             4
#> 2825       37156           73                19   1762             5
#> 2826       37363          105                 7    693             4
#> 2827       21309          146                10    822             3
#> 2828       12018          182                14   1107             2
#> 2829         181          170                 7    727             3
#> 2830        5342          521                 7    992             1
#> 2831       17565          215                13   1306             2
#> 2832       34577           40                10    717             5
#> 2833       36244          343                 8    940             1
#> 2834        9966          133                10    837             3
#> 2835       33013           80                14   1369             4
#> 2836       35874          122                 7    690             4
#> 2837       19786          194                11    756             2
#> 2838       12797          428                13   1439             1
#> 2839        8034          281                 9    812             1
#> 2840        8089          265                 4    519             2
#> 2841       26053          213                12    815             2
#> 2842       37754          421                10    853             1
#> 2843       25202          132                 9   1036             3
#> 2844       18221          163                10   1102             3
#> 2845       35186           20                10   1042             5
#> 2846       15936          190                12   1201             2
#> 2847       33425           69                15   1880             5
#> 2848       26359          176                10   1135             3
#> 2849       11364          191                12   1354             2
#> 2850        4554          217                13   1011             2
#> 2851        5214           96                 9    966             4
#> 2852        1828          438                 7    840             1
#> 2853       29365          115                 9    841             4
#> 2854       27900          116                15   1092             4
#> 2855        9901          330                 4    479             1
#> 2856         474           32                19   1940             5
#> 2857       20659          100                12   1220             4
#> 2858       35710          101                12   1138             4
#> 2859         794          163                12    901             3
#> 2860       14589          101                14   1263             4
#> 2861        9263          155                 7    798             3
#> 2862       21942          267                15   1326             1
#> 2863       22663           76                12   1187             5
#> 2864       21298          120                 9   1077             4
#> 2865        1404           68                 9    969             5
#> 2866        1009          652                 6    453             1
#> 2867        1945          109                 8    488             4
#> 2868       13400          338                 9   1090             1
#> 2869       10771          202                12    872             2
#> 2870       39932           54                10    814             5
#> 2871       14106          114                 9    859             4
#> 2872        3569           16                 7    791             5
#> 2873       29521          144                11    805             3
#> 2874       19584          214                12    916             2
#> 2875         139          432                 7    743             1
#> 2876       19522          228                 7    855             2
#> 2877       20277          136                 7    490             3
#> 2878        8672           58                16   1288             5
#> 2879       30989          179                 8    542             2
#> 2880       15639          123                10    839             4
#> 2881       11480          129                 4    339             3
#> 2882        5816           66                 8    669             5
#> 2883       33330          185                 5    385             2
#> 2884        3434          163                16   1724             3
#> 2885        4979           31                 6    465             5
#> 2886       15597          194                 9   1060             2
#> 2887       12844          210                11   1027             2
#> 2888       20174          163                 9    806             3
#> 2889       34130           67                11   1046             5
#> 2890       22466          112                11    987             4
#> 2891       11612           24                17   1663             5
#> 2892       27815           13                15   1221             5
#> 2893       35634          117                12   1081             4
#> 2894        7097          391                 7    809             1
#> 2895       34288          178                 8    896             2
#> 2896       25176          206                 7    597             2
#> 2897        4540           41                14   1398             5
#> 2898       16760          252                15   1752             2
#> 2899        2177          222                 9   1245             2
#> 2900       39346          167                13   1344             3
#> 2901        3178          518                10    889             1
#> 2902       16974           64                 9    758             5
#> 2903       12360          272                 5    391             1
#> 2904       36405          174                 7    545             3
#> 2905       11302          101                14   1349             4
#> 2906       26610          169                12   1031             3
#> 2907        3871           50                10    685             5
#> 2908        3847           53                16   1394             5
#> 2909        5008           88                 5    307             4
#> 2910       23730           18                14   1543             5
#> 2911       38744          175                11   1100             3
#> 2912       28134          418                 8    999             1
#> 2913       31079           84                11    990             4
#> 2914        1991          170                12   1105             3
#> 2915       20544          160                 5    187             3
#> 2916       39039          179                 9    916             2
#> 2917       26363          415                 5    343             1
#> 2918        8084          353                12    847             1
#> 2919       30045           55                 7   1139             5
#> 2920        5743          210                 7    449             2
#> 2921       16260          358                11   1015             1
#> 2922        3809          351                 8    801             1
#> 2923       21891          164                 6    798             3
#> 2924        1689          209                10    898             2
#> 2925       29746          244                 8   1118             2
#> 2926       14200           34                 8    513             5
#> 2927       34575          110                10    651             4
#> 2928        7127          214                11   1373             2
#> 2929       24820           95                11   1224             4
#> 2930       37208           94                12   1114             4
#> 2931       18550           81                 9    903             4
#> 2932       15828          150                12   1128             3
#> 2933       27989          117                11   1263             4
#> 2934       22346          166                 9    948             3
#> 2935       33969          130                 8    613             3
#> 2936         159          153                 4    434             3
#> 2937       17885          226                11   1102             2
#> 2938       22253          211                14   1581             2
#> 2939        9489          215                 6    720             2
#> 2940       12202          111                 9   1080             4
#> 2941       34289           79                 7    776             4
#> 2942        9311           90                 6    761             4
#> 2943        3308          333                 8    661             1
#> 2944        9063          296                 4    550             1
#> 2945       21292          223                14   1705             2
#> 2946       11743           90                 7    882             4
#> 2947       37860           99                 7    907             4
#> 2948       30667          418                 4    383             1
#> 2949       25335          210                 9    869             2
#> 2950        1521           10                10   1072             5
#> 2951       11746           27                16   1718             5
#> 2952       32297           58                15   1602             5
#> 2953       34712          265                 8    708             2
#> 2954       19869          356                12   1053             1
#> 2955        5882          140                10    907             3
#> 2956       29477          116                 9    992             4
#> 2957       21332          423                 6    526             1
#> 2958       34587          165                 4    474             3
#> 2959        5992          160                 8    540             3
#> 2960        6805          373                 7    761             1
#> 2961        1315           73                 8    506             5
#> 2962       17207          142                 9   1071             3
#> 2963       10336          191                13   1597             2
#> 2964       36658          168                 6    687             3
#> 2965        5375          125                14   1406             4
#> 2966       12010          206                15   1398             2
#> 2967       15226          269                11    878             1
#> 2968        1384          177                 8    510             2
#> 2969       32022          467                 9    701             1
#> 2970       19747          186                11   1066             2
#> 2971       34121          134                14   1265             3
#> 2972       18026           22                10    866             5
#> 2973       29921          379                 8    625             1
#> 2974       12905           92                18   1830             4
#> 2975        2022          455                 9    970             1
#> 2976       31027          247                14   1565             2
#> 2977       18916          128                11   1014             3
#> 2978       13672          155                13   1157             3
#> 2979       13322          108                10   1386             4
#> 2980        4042           75                 8   1080             5
#> 2981        4125          193                 6    421             2
#> 2982       22059           25                10   1119             5
#> 2983       17933           68                13   1371             5
#> 2984       20756           76                12   1145             5
#> 2985       12165           45                 7    742             5
#> 2986       12572           39                15   1522             5
#> 2987       39469          473                12   1197             1
#> 2988       28771           34                 9    561             5
#> 2989        5271          167                 8   1000             3
#> 2990       21561          104                17   1619             4
#> 2991       35333           88                11   1034             4
#> 2992       22002          215                11   1072             2
#> 2993        1033          117                13   1083             4
#> 2994       35395          242                 8    955             2
#> 2995       17681          126                 8    933             3
#> 2996       19301           52                 6    607             5
#> 2997        3093          148                 8    803             3
#> 2998       21210          252                11   1268             2
#> 2999        3520          144                 8    565             3
#> 3000       31989          189                12    894             2
#> 3001       17866          111                 6    599             4
#> 3002       15061          155                 9    663             3
#> 3003        1194          171                18   1675             3
#> 3004       28951            5                 6    461             5
#> 3005        3743          215                15   1211             2
#> 3006        5196          208                13   1395             2
#> 3007       15164          174                11   1071             3
#> 3008       31695          446                10    851             1
#> 3009        6561           51                13   1349             5
#> 3010       13998          325                 9   1030             1
#> 3011         991          164                 8    801             3
#> 3012       15798          188                10   1317             2
#> 3013       30527          116                 9    584             4
#> 3014        4669          256                 8    784             2
#> 3015        1031          127                13   1087             3
#> 3016       19627          266                12    855             1
#> 3017        2809          126                12   1283             3
#> 3018       25103          199                18   1417             2
#> 3019       37948          111                 9    574             4
#> 3020       31327          214                 9    826             2
#> 3021       36144          201                 9    589             2
#> 3022        5860          491                10    946             1
#> 3023        1621          190                10   1025             2
#> 3024       33799           49                21   1954             5
#> 3025       28815          383                17   1593             1
#> 3026       36506           74                13   1336             5
#> 3027       20653          180                 6    447             2
#> 3028       25342           11                 7    516             5
#> 3029       31539          188                 6    496             2
#> 3030       26127          120                12   1452             4
#> 3031       23206           96                11    794             4
#> 3032       28673          222                13   1570             2
#> 3033        3374           97                13   1253             4
#> 3034       13371          448                 5    422             1
#> 3035        1074           89                 4    510             4
#> 3036       18975           54                 9    632             5
#> 3037       10252           61                 8    565             5
#> 3038       33249          132                 8   1029             3
#> 3039       28833           41                 7    834             5
#> 3040       15699          267                 6    897             1
#> 3041       23897          177                 7    569             2
#> 3042       12349          117                 9    754             4
#> 3043         118          214                11   1124             2
#> 3044       27389          423                 5    498             1
#> 3045       30492          103                12   1081             4
#> 3046       35538          199                10    883             2
#> 3047        2594          200                 8   1091             2
#> 3048       33995          280                 9    846             1
#> 3049       35522          111                12   1196             4
#> 3050       13978          270                 6    545             1
#> 3051        2876          110                10    980             4
#> 3052       24040           80                 6    900             4
#> 3053        7401          147                 9   1007             3
#> 3054       26619           73                 8    969             5
#> 3055       24447          271                13    815             1
#> 3056       32598           84                18   1795             4
#> 3057       35326          528                 7    584             1
#> 3058       37231          286                 5    452             1
#> 3059       32002          118                11   1133             4
#> 3060        3400          128                14   1458             3
#> 3061       15548          417                 9    797             1
#> 3062       21964           35                 5    438             5
#> 3063       26440          114                11   1045             4
#> 3064       16726          340                 5    509             1
#> 3065       16799           93                12    945             4
#> 3066       37068          228                10    985             2
#> 3067       29414          388                 4    292             1
#> 3068       39204          268                12    933             1
#> 3069       22858           89                 6    407             4
#> 3070       29239          227                 7    644             2
#> 3071       12497          313                12    961             1
#> 3072        7714           80                11   1024             4
#> 3073        9356           54                12   1112             5
#> 3074       37537          212                10    914             2
#> 3075       33199          181                13   1107             2
#> 3076        3631            5                12    803             5
#> 3077       25589           83                10    834             4
#> 3078        5306          128                 8    987             3
#> 3079       21889           12                19   1836             5
#> 3080       29339          133                10    999             3
#> 3081       31511          591                 5    501             1
#> 3082       34181          599                 5    623             1
#> 3083       22631          300                11   1250             1
#> 3084       10154          159                14   1380             3
#> 3085         751          145                12   1220             3
#> 3086       19449          134                12   1058             3
#> 3087       11249           58                11   1032             5
#> 3088       32244           74                11    726             5
#> 3089       13820           74                 8    499             5
#> 3090       35928          161                 9   1076             3
#> 3091        4683          165                13   1067             3
#> 3092       34850          206                 7    767             2
#> 3093       11022          177                 4    276             2
#> 3094       14281          155                 7    868             3
#> 3095       35341          377                 8    896             1
#> 3096        3610          208                 7    762             2
#> 3097       28009           39                11    878             5
#> 3098       27699           35                12   1175             5
#> 3099        9382          118                11   1338             4
#> 3100       29589          190                10   1306             2
#> 3101         935           76                11    853             5
#> 3102       13378           89                12   1228             4
#> 3103       33542          285                10    785             1
#> 3104       25566          456                 4    315             1
#> 3105       39053          255                10    826             2
#> 3106        3881          129                13    997             3
#> 3107       15883          269                 9    884             1
#> 3108       11624          224                10    896             2
#> 3109       31451          177                13   1348             2
#> 3110       30728          142                 9    761             3
#> 3111       34203          413                16   1765             1
#> 3112        5192          158                11    989             3
#> 3113       29594           46                 8    448             5
#> 3114        1850           56                12   1055             5
#> 3115        2244          106                13   1222             4
#> 3116       23280          329                 8    993             1
#> 3117        9657          101                12    869             4
#> 3118        4681          454                 4    304             1
#> 3119       23404           75                12   1470             5
#> 3120        8933           58                16   1540             5
#> 3121       13553           74                13   1189             5
#> 3122        7259           91                10    932             4
#> 3123       33143          413                 7    542             1
#> 3124       39755          134                 9    674             3
#> 3125       31065          161                 7    696             3
#> 3126         572           24                 8    795             5
#> 3127       37592           99                14   1046             4
#> 3128       15553           27                 7    764             5
#> 3129       33047          119                 9    971             4
#> 3130       35734          143                 6    597             3
#> 3131       32286          209                13   1541             2
#> 3132        7611          128                 6    401             3
#> 3133       18231          153                 7    813             3
#> 3134       17841          170                11    861             3
#> 3135       15529          320                 4    472             1
#> 3136        8209           69                12   1065             5
#> 3137       16671          315                 9    813             1
#> 3138       27657           56                 7    812             5
#> 3139       34687          289                 8    877             1
#> 3140       34811          129                14   1416             3
#> 3141       28946           53                10    844             5
#> 3142       21304          139                11   1088             3
#> 3143       34250          230                 5    583             2
#> 3144       37524           91                10    815             4
#> 3145       25098          143                 9    593             3
#> 3146         899          239                10    697             2
#> 3147       28428          225                 8    455             2
#> 3148       19651          130                 9    823             3
#> 3149        7902          164                 5    697             3
#> 3150       20150          549                 5    458             1
#> 3151       11664          139                13   1159             3
#> 3152       11991           96                 9    684             4
#> 3153        3905          251                 9    527             2
#> 3154        1311          132                12   1184             3
#> 3155       12100          269                 5    391             1
#> 3156        2360          346                 3    280             1
#> 3157       12229           19                 7    569             5
#> 3158        2928          257                 9    825             2
#> 3159       38425          161                12   1261             3
#> 3160       25775           49                 9   1084             5
#> 3161       33004           82                12    894             4
#> 3162       13334          313                10    684             1
#> 3163       21082          156                11   1077             3
#> 3164       10298          203                 7    711             2
#> 3165       15407          107                 7    916             4
#> 3166       38727          381                 8    728             1
#> 3167       35115          118                10    987             4
#> 3168        6026          185                11    886             2
#> 3169       35213          610                 6    743             1
#> 3170       25650          222                13   1555             2
#> 3171        9638          480                 7    351             1
#> 3172       29598          131                11   1174             3
#> 3173       32613          146                10    813             3
#> 3174        3702          103                 6    544             4
#> 3175       37214          117                 8    503             4
#> 3176       22444          182                10    681             2
#> 3177       23015          124                 8    688             4
#> 3178        6248           27                12   1018             5
#> 3179       33796           42                10    944             5
#> 3180         958          276                10   1087             1
#> 3181        6620          236                12    948             2
#> 3182       17140          120                15   1181             4
#> 3183        5857           51                 9    992             5
#> 3184        8626          488                 4    464             1
#> 3185       24264           11                15   1001             5
#> 3186       11628          260                 7    686             2
#> 3187        9272          147                 9    686             3
#> 3188         565          153                 5    315             3
#> 3189       38063            8                 9   1051             5
#> 3190       30708          214                11   1028             2
#> 3191       38975          214                10    954             2
#> 3192       25146           68                13   1235             5
#> 3193       10805          160                11   1276             3
#> 3194        3870          419                 7    663             1
#> 3195        7748           13                12    966             5
#> 3196       10462           30                 8   1190             5
#> 3197       27525          110                12    826             4
#> 3198       34349           56                13   1404             5
#> 3199       23107           99                10    728             4
#> 3200       10607          213                 9    693             2
#> 3201        5158          229                 7    740             2
#> 3202       24851          107                 8    887             4
#> 3203        4208          379                12   1014             1
#> 3204       28454          267                 7    740             1
#> 3205        3497          217                 9    982             2
#> 3206       17815          114                10   1282             4
#> 3207       19330          409                 6    431             1
#> 3208       38149          254                 5    389             2
#> 3209         367          181                16   1488             2
#> 3210       39237          153                12   1084             3
#> 3211       25070          201                12   1257             2
#> 3212        6944          216                 7    608             2
#> 3213       19521          143                 6    569             3
#> 3214        9253          120                15   1892             4
#> 3215        1250          166                 8    470             3
#> 3216        1951            7                11   1008             5
#> 3217       38873          168                10    910             3
#> 3218       10999           14                13   1539             5
#> 3219        7586          412                 9    798             1
#> 3220       39586          172                12   1420             3
#> 3221       14349           98                 6    516             4
#> 3222       18954          280                11   1046             1
#> 3223       24978          154                15   1563             3
#> 3224        3692           51                11   1115             5
#> 3225       38044          398                 4    374             1
#> 3226        9020          111                 9    988             4
#> 3227       10197           94                12   1374             4
#> 3228       36987           70                10   1027             5
#> 3229       39143          129                 7    272             3
#> 3230        4189           96                10   1036             4
#> 3231       20772          132                 5    392             3
#> 3232       39029          254                 9    780             2
#> 3233       22040           52                16   1458             5
#> 3234       37770          207                13   1356             2
#> 3235       23816          255                 4    418             2
#> 3236       17911          245                11   1054             2
#> 3237       30544          103                16   1784             4
#> 3238       33055           10                 9    720             5
#> 3239        4260          154                12   1336             3
#> 3240       23119            6                11   1304             5
#> 3241         664           89                12    712             4
#> 3242       16748          148                10    941             3
#> 3243       14574          211                17   1468             2
#> 3244       10477           88                 7    804             4
#> 3245       11642          145                 5    522             3
#> 3246       10516          145                14   1179             3
#> 3247          82           89                 9    985             4
#> 3248        2920          129                14   1314             3
#> 3249       30306           34                 7    753             5
#> 3250       26107          609                 6    678             1
#> 3251        2362          244                 9   1136             2
#> 3252       13103          233                 6    592             2
#> 3253       10513          156                 5    514             3
#> 3254        1571          138                 8    708             3
#> 3255         290          219                11   1064             2
#> 3256       29483          213                15   1456             2
#> 3257       26623          198                12   1143             2
#> 3258       21859          117                12   1334             4
#> 3259        6846          160                 9    771             3
#> 3260       24762          174                15   1605             3
#> 3261       23487          155                10   1109             3
#> 3262       39915           72                11   1246             5
#> 3263       33700           23                13   1087             5
#> 3264       23668            9                 9    800             5
#> 3265        1925           39                15   1648             5
#> 3266       31132          264                 9   1078             2
#> 3267       22303          259                 3    297             2
#> 3268       39000          254                 7    779             2
#> 3269        4601          114                 9    757             4
#> 3270       16130           32                 6    427             5
#> 3271        7073          420                11    995             1
#> 3272       35131          131                15   2148             3
#> 3273       29839           94                 9    827             4
#> 3274       16843           90                 8    844             4
#> 3275        2955          178                10   1200             2
#> 3276       14196          149                 8    615             3
#> 3277        5137          149                 5    286             3
#> 3278       24746           30                12   1117             5
#> 3279       30630          156                12    908             3
#> 3280       28111          126                13   1195             3
#> 3281       17343          119                 3    422             4
#> 3282       11426          455                 8    678             1
#> 3283       18743          405                 7    666             1
#> 3284       34210           99                11    972             4
#> 3285       26591          210                 9    729             2
#> 3286       35303          490                 4    590             1
#> 3287       16579           70                18   1587             5
#> 3288       33869          191                14   1214             2
#> 3289       17985          210                 8    739             2
#> 3290       25898           78                 9    792             4
#> 3291       22836          165                10    717             3
#> 3292       22804          198                11    794             2
#> 3293       30562          119                11    694             4
#> 3294       21791          218                 7    858             2
#> 3295       37903          115                 8    817             4
#> 3296       38451          154                 6    348             3
#> 3297        2580          316                11   1118             1
#> 3298       20322           90                13   1182             4
#> 3299        4914           35                15   1473             5
#> 3300        4405          149                 7    592             3
#> 3301       28094           52                13   1532             5
#> 3302        5266          188                 4    357             2
#> 3303       37852           41                11    809             5
#> 3304       31940           67                15    905             5
#> 3305        6188          184                10    895             2
#> 3306       31917           43                 6    653             5
#> 3307        7981          217                 7    411             2
#> 3308       30121           98                 9    688             4
#> 3309       10163          360                16   1499             1
#> 3310       16003          326                 7    592             1
#> 3311       38004          128                 5    742             3
#> 3312       39394          109                 9    655             4
#> 3313       30585          126                13   1018             3
#> 3314       13187          117                 7    703             4
#> 3315       30651          472                 6    581             1
#> 3316       36184          183                 9    882             2
#> 3317       28803          194                 8    499             2
#> 3318       19800           93                11   1046             4
#> 3319       31997          160                 5    238             3
#> 3320       39631          233                 9    814             2
#> 3321       38810           92                11   1198             4
#> 3322        1676          276                10   1327             1
#> 3323       33696          165                10    923             3
#> 3324       37145           85                 6    499             4
#> 3325        6407           74                 7    413             5
#> 3326       18655           69                 7    709             5
#> 3327       28981           70                12   1504             5
#> 3328       23736          107                10    737             4
#> 3329       11179          498                11   1000             1
#> 3330       23976          104                14   1533             4
#> 3331       30711          233                12   1265             2
#> 3332        7985          182                16   1243             2
#> 3333       27679          115                 8   1089             4
#> 3334       16643          123                11    917             4
#> 3335       37108          214                11   1068             2
#> 3336       20118          289                 9    890             1
#> 3337          39          425                 7    728             1
#> 3338       32011           57                14   1327             5
#> 3339        9152          424                11   1373             1
#> 3340        8383          138                10    972             3
#> 3341       13513          128                 7    532             3
#> 3342        3661          135                12   1111             3
#> 3343       28716          234                14   1476             2
#> 3344       15657          170                 6    731             3
#> 3345       26324            9                14   1268             5
#> 3346       29735           11                 6    558             5
#> 3347       37454          459                 8    794             1
#> 3348       15625          217                 8   1057             2
#> 3349        5262           75                12   1313             5
#> 3350       13269          122                11   1522             4
#> 3351       11377          290                10    764             1
#> 3352       39724           51                15   1337             5
#> 3353        3982           90                 8    538             4
#> 3354       35496          227                 9    680             2
#> 3355        1993          453                 9    948             1
#> 3356       38616           44                 8    626             5
#> 3357       15873          195                12   1540             2
#> 3358        3262          177                 6    824             2
#> 3359       37884           19                 8    822             5
#> 3360       14017           93                 9    907             4
#> 3361       11230          330                11   1098             1
#> 3362        5983          185                 6    571             2
#> 3363       33372          246                11   1145             2
#> 3364       25200          449                10    876             1
#> 3365       14629           99                15   1278             4
#> 3366       18635          122                15   1331             4
#> 3367       20082          182                10   1146             2
#> 3368       39885           99                 7    671             4
#> 3369        4605          140                11   1139             3
#> 3370       25968           23                 9   1066             5
#> 3371       29936          183                11   1038             2
#> 3372       33743          158                18   1489             3
#> 3373       31324          579                 6    637             1
#> 3374       31860          189                14   1350             2
#> 3375       13190          186                11   1425             2
#> 3376       32890          211                 8    803             2
#> 3377        4819          106                14   1154             4
#> 3378       35708           19                 7    691             5
#> 3379       22237          264                10   1000             2
#> 3380       24831          399                 9    843             1
#> 3381       16307          222                 9    961             2
#> 3382        5942          102                13   1224             4
#> 3383       15198           66                 8    713             5
#> 3384       23706          158                 6    542             3
#> 3385       23626          109                 9   1013             4
#> 3386       30412          172                 6    533             3
#> 3387        9319          132                11   1418             3
#> 3388       20241          166                 9    846             3
#> 3389       31454          390                 6    662             1
#> 3390       33913          408                 7    368             1
#> 3391       15505           17                10    787             5
#> 3392        9290           81                 8   1057             4
#> 3393       35160          159                 9    835             3
#> 3394       27362           75                18   1814             5
#> 3395       13442           91                10    956             4
#> 3396       33683          326                 6    937             1
#> 3397       22960          449                 8    738             1
#> 3398        8360           90                11   1039             4
#> 3399       17773           78                11   1123             4
#> 3400       34704          314                10   1004             1
#> 3401       36696          183                13    903             2
#> 3402        6100           96                 7    846             4
#> 3403       32283          309                 9   1108             1
#> 3404       29898          304                11   1041             1
#> 3405       22716          620                 4    437             1
#> 3406       24926           39                 9   1028             5
#> 3407       16778          190                 7    611             2
#> 3408        7595           66                10   1197             5
#> 3409        2279           71                22   2259             5
#> 3410        9866          212                11   1044             2
#> 3411       19603          327                 7    527             1
#> 3412       17344          364                17   1514             1
#> 3413       23797          184                 5    463             2
#> 3414       36012           64                 8    572             5
#> 3415       32606          462                 6    534             1
#> 3416       29046           16                 7    936             5
#> 3417        3543          335                13   1049             1
#> 3418       34487          505                 9    806             1
#> 3419        8849          210                12   1165             2
#> 3420       15356          246                 9    920             2
#> 3421       29207          272                10    861             1
#> 3422       38954          111                 9    785             4
#> 3423        3727           95                11   1043             4
#> 3424       37604          209                 7    644             2
#> 3425       27400          201                15   1484             2
#> 3426       35092          148                13   1342             3
#> 3427        5420          234                15   1046             2
#> 3428        3645          123                 5    458             4
#> 3429       12164          248                 8    785             2
#> 3430       20053          144                 7    631             3
#> 3431       23431            3                11    829             5
#> 3432       24450          234                 9    774             2
#> 3433       35940          137                 9    939             3
#> 3434       23927          468                 8    670             1
#> 3435        1503          148                15   1593             3
#> 3436        8825           53                 8    564             5
#> 3437       20321          374                10    719             1
#> 3438        1586          138                 9    805             3
#> 3439       18299          165                17   1813             3
#> 3440        2361          148                12   1061             3
#> 3441       25939           94                11    756             4
#> 3442       26169           62                12    952             5
#> 3443       12646          125                11    974             4
#> 3444        6077           53                 7   1053             5
#> 3445       35782           41                10   1340             5
#> 3446        2602          338                 2     82             1
#> 3447       27978           54                10    920             5
#> 3448        7304           14                13   1604             5
#> 3449       21828          152                 9    672             3
#> 3450        6493          163                 9   1108             3
#> 3451       18792          355                13   1322             1
#> 3452         853           36                12   1149             5
#> 3453        9013          114                20   2309             4
#> 3454        2411          408                13   1299             1
#> 3455       24441           49                11   1241             5
#> 3456        1362           68                12   1332             5
#> 3457       34895          141                10    801             3
#> 3458       24281           69                14   1189             5
#> 3459       17693          187                 5    561             2
#> 3460       25777          274                 8    481             1
#> 3461       33572          156                10    739             3
#> 3462        2449          122                14   1021             4
#> 3463       33084          178                 4    384             2
#> 3464       16247           52                12   1144             5
#> 3465       20391          104                10    842             4
#> 3466       27486          125                13    916             4
#> 3467         792          187                 3    296             2
#> 3468       17435          161                10    674             3
#> 3469       15424          220                 7    679             2
#> 3470       24665           79                13   1140             4
#> 3471       27728          432                 8    766             1
#> 3472        2216          209                 5    557             2
#> 3473        7095          110                10    916             4
#> 3474       26064          226                 7    621             2
#> 3475       19500          306                 7    327             1
#> 3476       16506          507                 5    468             1
#> 3477       10433          528                 7    842             1
#> 3478       30899           35                 6    612             5
#> 3479       25570          155                14   1150             3
#> 3480       14993          191                11   1374             2
#> 3481       15706           64                 9   1040             5
#> 3482        9412          135                10    720             3
#> 3483       31103           37                13    936             5
#> 3484       36297          204                 6    716             2
#> 3485       26157          419                 8    607             1
#> 3486       32517          187                 7    415             2
#> 3487        1361           51                11   1003             5
#> 3488       25066          159                15   1717             3
#> 3489       17448          125                 5    693             4
#> 3490       22219          291                10    960             1
#> 3491       39065           81                15   1495             4
#> 3492       28575           32                12   1100             5
#> 3493        1337           25                13    786             5
#> 3494       32754           21                10    937             5
#> 3495        8993          216                 7    610             2
#> 3496       11434          153                 9    817             3
#> 3497       15377          209                11    917             2
#> 3498       33893          455                10   1149             1
#> 3499       18030          264                 9    962             2
#> 3500       17453          460                 7    701             1
#> 3501       23018          132                10    971             3
#> 3502        1279          440                 5    287             1
#> 3503        1214          374                14   1487             1
#> 3504       22011          278                 9   1082             1
#> 3505       39321          366                 7    547             1
#> 3506         326           91                 4    433             4
#> 3507       23661          161                11    840             3
#> 3508       30596           57                 7    770             5
#> 3509       16797           77                10   1010             4
#> 3510       25594          117                 8    638             4
#> 3511         374          268                11   1194             1
#> 3512       39230          543                 6    510             1
#> 3513       35108           19                15   1545             5
#> 3514         174           69                10    937             5
#> 3515       17237          186                 8    488             2
#> 3516       16084          579                 5    363             1
#> 3517        7491          135                13    993             3
#> 3518       27471          377                18   1887             1
#> 3519        9207          118                10   1353             4
#> 3520       18528           50                13   1211             5
#> 3521       38298          167                14   1398             3
#> 3522       19587          139                14   1207             3
#> 3523       28989          166                12   1246             3
#> 3524       29479           57                 8    670             5
#> 3525       18664          469                 8    653             1
#> 3526        1090          224                 4    384             2
#> 3527        5593          128                12   1027             3
#> 3528       23690          189                 8    778             2
#> 3529       27899           16                 7    793             5
#> 3530       15664          503                 6    558             1
#> 3531        8765          159                 9    933             3
#> 3532        3983           63                 9    848             5
#> 3533       15791           69                16   1428             5
#> 3534       31044           32                 9   1311             5
#> 3535        7198          136                 9    878             3
#> 3536       28277          136                11    813             3
#> 3537       37357           16                11   1106             5
#> 3538       30978          189                10   1095             2
#> 3539       23259          339                 9    841             1
#> 3540       35337          175                16   1318             3
#> 3541       13004           79                12    798             4
#> 3542       14611          132                16   1324             3
#> 3543        8078          100                 8    778             4
#> 3544       13111          189                12   1418             2
#> 3545        6926          439                 3    279             1
#> 3546       24676           17                10    946             5
#> 3547       31468          299                 8    821             1
#> 3548       32239          406                11   1045             1
#> 3549        2209          289                11   1054             1
#> 3550       10979          107                11   1413             4
#> 3551       11747          138                11   1425             3
#> 3552       15569          105                10    759             4
#> 3553        5230          265                 8    477             2
#> 3554        8143           24                15   1506             5
#> 3555       35493          157                11   1153             3
#> 3556        3486           59                15   1013             5
#> 3557        5984          229                10    935             2
#> 3558       28385          152                13   1315             3
#> 3559       14855          172                 7    602             3
#> 3560       17113          288                 6    444             1
#> 3561        1114          157                 9   1041             3
#> 3562        4618          489                 7    852             1
#> 3563        7014          219                15   1453             2
#> 3564       38050          115                 8    527             4
#> 3565       34618          152                 9    936             3
#> 3566        8416          124                10   1034             4
#> 3567       29938          157                15   1415             3
#> 3568       19149            6                 7    575             5
#> 3569       17979          171                 4    500             3
#> 3570       13722          149                 8    664             3
#> 3571       34183          392                 6    437             1
#> 3572        1492          210                10   1315             2
#> 3573       32218          203                13   1200             2
#> 3574       22599          543                 7    515             1
#> 3575        7475          151                10    729             3
#> 3576        2674          200                 4    292             2
#> 3577       15245          159                12   1375             3
#> 3578       33202          194                16   1589             2
#> 3579       15052          147                 8    885             3
#> 3580        3413          283                 8    849             1
#> 3581        7005          468                 6    434             1
#> 3582       35377          270                 9    823             1
#> 3583       23036          107                 9    934             4
#> 3584       29174            7                10    796             5
#> 3585         781          552                 6    623             1
#> 3586        4543           73                13   1344             5
#> 3587        5090          124                11    739             4
#> 3588        4580          101                11    879             4
#> 3589        6332          195                 8    953             2
#> 3590       13986          172                13   1418             3
#> 3591        1461          152                 7    599             3
#> 3592       10569          359                 8    320             1
#> 3593       13438           38                 6    626             5
#> 3594        5164          133                13   1403             3
#> 3595       30361          158                 9    768             3
#> 3596        8138           63                10    942             5
#> 3597       39866          513                10    975             1
#> 3598       23672          326                11   1284             1
#> 3599       24041          162                10    747             3
#> 3600       15017           74                12   1481             5
#> 3601       38073          197                 7    488             2
#> 3602       13403           58                 6    538             5
#> 3603       38786          157                 9    682             3
#> 3604        2621          134                 8    825             3
#> 3605       29826           22                14   1512             5
#> 3606       30208          243                 4    528             2
#> 3607       17601           63                 9   1118             5
#> 3608       10400           79                12    851             4
#> 3609       28709          457                11   1015             1
#> 3610       28074          159                 9    749             3
#> 3611        8288          145                17   1847             3
#> 3612        6868           17                 9    690             5
#> 3613        2410           46                12   1255             5
#> 3614       32240           18                 7    463             5
#> 3615        2402          189                 9    715             2
#> 3616       32812          137                 8    667             3
#> 3617        1764          167                15   2000             3
#> 3618       38671          214                 8    960             2
#> 3619       17640          434                 5    581             1
#> 3620       32250          135                11    845             3
#> 3621       35166          506                10    959             1
#> 3622       36825          112                11    770             4
#> 3623        9443          526                 8    884             1
#> 3624       38453           20                14   1260             5
#> 3625       16535          177                17   1904             2
#> 3626         799           35                12   1085             5
#> 3627       36792          203                 7    532             2
#> 3628        7018          219                 8    740             2
#> 3629       20628          105                15   1384             4
#> 3630        1175          147                 9   1014             3
#> 3631       37630          216                 7    618             2
#> 3632        6181          218                10    926             2
#> 3633        9644           74                11   1102             5
#> 3634       20953           62                10   1147             5
#> 3635       37924           59                11   1301             5
#> 3636       15203          186                12   1178             2
#> 3637        8044          342                11   1006             1
#> 3638        4213          119                 8    697             4
#> 3639       39507          298                 7    808             1
#> 3640        6587          129                11   1327             3
#> 3641       25565          371                 7    460             1
#> 3642        6832           38                12   1264             5
#> 3643       23688          147                12   1135             3
#> 3644       16245           90                13   1066             4
#> 3645       39504           56                18   1495             5
#> 3646       39527          359                10    559             1
#> 3647        6179          223                 4    370             2
#> 3648       19393          170                 8    755             3
#> 3649       29957          197                12   1078             2
#> 3650       15095          125                11   1099             4
#> 3651       17743           95                15   1499             4
#> 3652        4996           54                 9    950             5
#> 3653       18770          163                13    944             3
#> 3654       39161          216                16   1460             2
#> 3655        1537          107                10   1017             4
#> 3656        3117          127                10   1004             3
#> 3657       19489          440                 8    655             1
#> 3658       26111          140                11    946             3
#> 3659        6879          102                12   1312             4
#> 3660       34987           93                10    653             4
#> 3661       21628          306                 7    734             1
#> 3662       14056            8                14   1043             5
#> 3663       19610          443                 7    851             1
#> 3664       23756           40                17   1243             5
#> 3665       24877          389                 9    948             1
#> 3666        4124          276                 5    551             1
#> 3667       30435           28                12   1267             5
#> 3668        6683          141                14   1530             3
#> 3669       29895          230                 7    419             2
#> 3670        9408          211                10   1099             2
#> 3671       29358           62                13   1370             5
#> 3672        5365           58                 9    947             5
#> 3673       16668           81                10   1047             4
#> 3674       32190           48                 8   1008             5
#> 3675       31908          253                 7    625             2
#> 3676        5344           44                13   1086             5
#> 3677       36632          219                 7    856             2
#> 3678       14375          167                 8    814             3
#> 3679       35283           78                10    674             4
#> 3680        3913          246                13   1567             2
#> 3681        6873          174                14   1124             3
#> 3682       19197           42                10    878             5
#> 3683       26136          196                14   1229             2
#> 3684       32568          102                 7    591             4
#> 3685       33530           36                10   1069             5
#> 3686       22143          420                11   1234             1
#> 3687       14971          160                 9    782             3
#> 3688       10028          549                 6    646             1
#> 3689       25657          171                12   1103             3
#> 3690       26161          162                 8    805             3
#> 3691       20229          450                 6    512             1
#> 3692       13607          152                12   1157             3
#> 3693        3790          129                 9    595             3
#> 3694       25915          393                 9    977             1
#> 3695       21515           15                10    652             5
#> 3696       14189          399                 7    852             1
#> 3697       10040          399                 7    583             1
#> 3698        8355           41                14    980             5
#> 3699       35422            9                 6    397             5
#> 3700       32484          236                13   1079             2
#> 3701        7849           35                 9    702             5
#> 3702        2182          184                 7    755             2
#> 3703       17051           38                14   1306             5
#> 3704       19289          184                11    933             2
#> 3705       10474          108                13   1327             4
#> 3706       12162          174                15   1289             3
#> 3707        1319           37                12   1143             5
#> 3708        2717           77                10   1059             4
#> 3709       18110          103                 9    651             4
#> 3710       25382           44                11   1251             5
#> 3711       27934          224                 8    809             2
#> 3712       18211          160                 7    491             3
#> 3713        1941          132                 8    775             3
#> 3714       24830          103                 9    894             4
#> 3715       30540          136                 8    991             3
#> 3716        5356          133                 3    321             3
#> 3717       22109          162                 5    395             3
#> 3718       18367           47                10    877             5
#> 3719        9411          123                 9    892             4
#> 3720        4959          169                 2    161             3
#> 3721       38910          486                 8    659             1
#> 3722       39372          107                12   1075             4
#> 3723        6803          124                10   1299             4
#> 3724       31426          227                 9    896             2
#> 3725       33211          513                 6    543             1
#> 3726        1060          520                 8    766             1
#> 3727       16580          233                13   1328             2
#> 3728       12355          151                 6    559             3
#> 3729        8409           84                11   1087             4
#> 3730       33005          270                 7    953             1
#> 3731       32747           69                12   1104             5
#> 3732         209           61                16   1495             5
#> 3733       34414          257                 8    886             2
#> 3734       14743           65                 8    884             5
#> 3735       18022          124                 8    608             4
#> 3736       20839          179                23   2239             2
#> 3737       35278           76                16   1494             5
#> 3738        7919           19                 8    737             5
#> 3739       31414          161                13   1207             3
#> 3740       37323          271                 9    755             1
#> 3741       27647           94                11   1104             4
#> 3742       27515          198                12    885             2
#> 3743       36698           47                10    658             5
#> 3744        3166           13                 9    653             5
#> 3745       39460          191                14   1468             2
#> 3746        9496          107                 9    696             4
#> 3747       34052          106                16   1596             4
#> 3748       13562          275                10    790             1
#> 3749       12860          202                10   1051             2
#> 3750       32987          113                15   1607             4
#> 3751       26197          359                 5    598             1
#> 3752       13715            6                 4    404             5
#> 3753       10862          101                 9    756             4
#> 3754       11840          261                 8    498             2
#> 3755       36189           49                 9   1404             5
#> 3756         616          174                10    792             3
#> 3757       34964          200                 7    723             2
#> 3758       27875          407                 7    785             1
#> 3759       22936          235                 8    786             2
#> 3760       32256          168                11   1112             3
#> 3761        4542            9                13   1465             5
#> 3762       27919           96                 9    527             4
#> 3763       13717           20                 6    724             5
#> 3764       21752          117                 7    713             4
#> 3765       24716           10                12   1081             5
#> 3766       21869          126                15   1121             3
#> 3767        4938          187                 5    464             2
#> 3768        8474           30                10    829             5
#> 3769       25178           62                13   1418             5
#> 3770        3575          232                15   1198             2
#> 3771       13280          172                 8   1034             3
#> 3772       29706          184                15   1413             2
#> 3773       32223          143                 9    539             3
#> 3774       33926          352                12   1339             1
#> 3775        1679          111                12   1035             4
#> 3776       25058          243                 4    248             2
#> 3777         605          121                 9    956             4
#> 3778        9190          105                13   1344             4
#> 3779       36623           70                11   1016             5
#> 3780        6877          163                 8    934             3
#> 3781       33396          200                11   1092             2
#> 3782       36060          260                10    922             2
#> 3783       14800          111                14   1242             4
#> 3784       15986           93                11    810             4
#> 3785       28502          131                 7    482             3
#> 3786        1880          188                11   1081             2
#> 3787       18286          184                10   1039             2
#> 3788       18053          221                13   1098             2
#> 3789       28441           67                11   1031             5
#> 3790       33853          111                 9   1030             4
#> 3791       16225           99                13   1211             4
#> 3792       19095           59                 5    319             5
#> 3793       21594          128                10   1086             3
#> 3794       22589          297                12   1169             1
#> 3795        8803          189                14   1351             2
#> 3796        9603          302                 9    880             1
#> 3797       33345          127                 8    777             3
#> 3798       36194          179                 7    846             2
#> 3799        9425           18                 9   1003             5
#> 3800       10886           75                11   1284             5
#> 3801       39426          149                12   1063             3
#> 3802       10794          585                 6    580             1
#> 3803       30391          248                11    948             2
#> 3804        7039          159                11    900             3
#> 3805       21867          101                12   1109             4
#> 3806       24346          391                 9    648             1
#> 3807        7578           61                13   1448             5
#> 3808       23649          137                10   1177             3
#> 3809       34495           85                13   1597             4
#> 3810        4999          128                14   1331             3
#> 3811       37928          221                 8    853             2
#> 3812        1775           41                12   1406             5
#> 3813        6656          102                14   1432             4
#> 3814       16161          209                 4    320             2
#> 3815       10334          184                 9    867             2
#> 3816       30351           48                 7    765             5
#> 3817        8589          126                 7    882             3
#> 3818       28400          247                 9    989             2
#> 3819       19608          171                 9    747             3
#> 3820       12895           68                 9    798             5
#> 3821       27499          169                 7    606             3
#> 3822       25433          411                 6    850             1
#> 3823       23155          241                10    964             2
#> 3824       29778           52                 6    597             5
#> 3825       23673          199                14   1197             2
#> 3826       28649          174                10   1217             3
#> 3827       22034          444                 8    561             1
#> 3828       11675           52                 6    988             5
#> 3829       12338          119                10   1144             4
#> 3830       25147          245                 7    515             2
#> 3831       24883           19                 6    764             5
#> 3832       29790          472                 3    358             1
#> 3833       14035           59                15   1511             5
#> 3834        2790          287                 6    480             1
#> 3835        4632          325                 7    662             1
#> 3836       30133          291                 6    562             1
#> 3837       20520          270                10   1201             1
#> 3838       28407          107                 7    762             4
#> 3839       28908          136                 5    401             3
#> 3840       32264          166                 8    673             3
#> 3841         989           16                 5    301             5
#> 3842       39021           66                10    758             5
#> 3843       13223           64                12   1328             5
#> 3844        6699          139                 8    931             3
#> 3845       11064           69                 7    664             5
#> 3846       26652          129                11    982             3
#> 3847       34086          102                10   1062             4
#> 3848       37287           93                11   1151             4
#> 3849       36176          114                13    974             4
#> 3850       21132           62                11   1444             5
#> 3851       32898          427                12    795             1
#> 3852         686          191                13    957             2
#> 3853       16223           23                18   1659             5
#> 3854       34416           22                11   1022             5
#> 3855       38801          467                10   1114             1
#> 3856         855          124                11   1288             4
#> 3857       10113           79                 8   1054             4
#> 3858        4010          103                14   1065             4
#> 3859        9175          187                 7    781             2
#> 3860       32368           90                 4    314             4
#> 3861       12409          273                 4    295             1
#> 3862       22393           79                 6    388             4
#> 3863       15391          207                 7    679             2
#> 3864       31202           16                12   1184             5
#> 3865       28544          147                12    798             3
#> 3866       19005           58                 9   1047             5
#> 3867       18513          135                 8    529             3
#> 3868        3403          560                 3    328             1
#> 3869       21774           71                11   1213             5
#> 3870       12050          205                 7    343             2
#> 3871       20887          170                11    956             3
#> 3872       27508          435                11   1160             1
#> 3873       20023          549                 7    680             1
#> 3874       25009          129                10    639             3
#> 3875       32948           87                12   1116             4
#> 3876         796          229                11    742             2
#> 3877        6776          558                 6    534             1
#> 3878          33          141                11   1077             3
#> 3879       27262          152                14   1150             3
#> 3880       19687           13                 9    955             5
#> 3881       39887          383                 8    776             1
#> 3882        6842           51                11    600             5
#> 3883       10191          197                 7    831             2
#> 3884       14934          315                 8    774             1
#> 3885       19072          166                 6    617             3
#> 3886        3958           75                12    962             5
#> 3887       17371          124                 9    818             4
#> 3888       10916           30                13   1250             5
#> 3889       35766          213                10   1050             2
#> 3890       14039           49                14   1056             5
#> 3891       34929          338                17   1367             1
#> 3892        6378          373                 6    592             1
#> 3893       26459           78                16   1886             4
#> 3894        6346           76                 8    841             5
#> 3895        5202           84                 8    634             4
#> 3896       24107           88                13    919             4
#> 3897       36807          152                12   1018             3
#> 3898        9477          109                 9    931             4
#> 3899        8553           32                10    858             5
#> 3900       31337          263                 9    704             2
#> 3901       33006          160                 7    541             3
#> 3902        1969          153                11   1140             3
#> 3903       23603          317                11    947             1
#> 3904       26575           95                13    985             4
#> 3905        4939           49                11   1118             5
#> 3906       35829           78                13   1463             4
#> 3907       19820          543                 5    673             1
#> 3908        9567          211                 4    515             2
#> 3909       26082          168                 6    628             3
#> 3910       16068          281                14   1605             1
#> 3911       28676          267                11   1123             1
#> 3912          78          142                 6    762             3
#> 3913       31100          159                12    709             3
#> 3914       16063          322                 9    587             1
#> 3915       35916          260                 7    503             2
#> 3916       39097           91                15   1321             4
#> 3917       10534          153                 5    415             3
#> 3918       12657          234                 7    516             2
#> 3919         747           62                12   1157             5
#> 3920       18325           71                16   1268             5
#> 3921         144          500                 5    354             1
#> 3922       34538          140                11    886             3
#> 3923        6206          151                 9    688             3
#> 3924       12991           78                 8    506             4
#> 3925       12567           78                13   1103             4
#> 3926       32370          151                12    989             3
#> 3927       29655           63                12   1285             5
#> 3928       39206          399                 8   1080             1
#> 3929       36162          181                15   1354             2
#> 3930       24167           96                 8    701             4
#> 3931        7507          108                 9    835             4
#> 3932       21484           78                11   1115             4
#> 3933        4850           27                12   1689             5
#> 3934       16519          101                10    664             4
#> 3935        8233          197                 8    570             2
#> 3936        6443          104                10   1074             4
#> 3937       17226          218                11   1112             2
#> 3938       14694          252                10    833             2
#> 3939         169           80                 8    934             4
#> 3940       28085          104                14   1179             4
#> 3941       34051           88                11   1328             4
#> 3942       11659          212                12    992             2
#> 3943        8486          244                10    836             2
#> 3944       39026          169                 6    627             3
#> 3945       39945          466                 9    534             1
#> 3946       11383           71                11   1330             5
#> 3947       33952          172                10    846             3
#> 3948        4117           56                 5    521             5
#> 3949       34685           72                 8    753             5
#> 3950       38683           80                 9    940             4
#> 3951       21249          356                 4    416             1
#> 3952       15733           29                 8    749             5
#> 3953       21940          597                 6    493             1
#> 3954       16157          295                 5    331             1
#> 3955        7049          199                10    919             2
#> 3956       32032          409                12    925             1
#> 3957        5108          163                13    742             3
#> 3958        5070           92                11   1068             4
#> 3959        8161          148                 9    859             3
#> 3960       14175           68                13   1325             5
#> 3961        2788          111                 6    424             4
#> 3962       35298          116                 6    802             4
#> 3963        1281           96                12   1337             4
#> 3964       11731          420                 8    704             1
#> 3965        8929          106                 7    598             4
#> 3966       20301           12                17   1466             5
#> 3967       15355          380                 7    615             1
#> 3968       34177          387                 8    506             1
#> 3969       12463            4                10    590             5
#> 3970       26808          110                 6    527             4
#> 3971        4099            9                 9    899             5
#> 3972       27414          397                 4    227             1
#> 3973        4410           53                13    954             5
#> 3974       34307           46                 9    881             5
#> 3975       14849          250                 6    836             2
#> 3976       28873          125                12   1137             4
#> 3977       24007          141                10   1142             3
#> 3978        5162          119                 7    434             4
#> 3979       24080          204                14   1191             2
#> 3980       32085           28                12    924             5
#> 3981       14007          238                11   1503             2
#> 3982        4310           21                 5    495             5
#> 3983       20810            8                12   1018             5
#> 3984       26991           90                 9    948             4
#> 3985        8769          353                10    532             1
#> 3986         140          200                10    842             2
#> 3987       23743          515                 5    516             1
#> 3988       36614          149                12    853             3
#> 3989        8568          150                 7    843             3
#> 3990       28388          270                 8    856             1
#> 3991       17912          192                 7    639             2
#> 3992       27915          195                11   1406             2
#> 3993        6653          213                 6    409             2
#> 3994       38948          133                17   1458             3
#> 3995        5332           84                 7    716             4
#> 3996        6446           24                10    986             5
#> 3997       13625           84                11    920             4
#> 3998       26461          197                12   1290             2
#> 3999        5210          155                 8    652             3
#> 4000       10127           85                 9    809             4
#> 4001       34030          265                 9    969             2
#> 4002       20265          150                10   1088             3
#> 4003       39118          119                14   1050             4
#> 4004       18271          131                13   1307             3
#> 4005       38735          201                 7    853             2
#> 4006       35742          490                 6    446             1
#> 4007       11134          428                 5    556             1
#> 4008       14665          289                10    861             1
#> 4009       33304          378                 7    700             1
#> 4010       31622           76                 9    690             5
#> 4011       30278           43                12   1145             5
#> 4012       26138          190                 9   1179             2
#> 4013        9972          182                 8    626             2
#> 4014       33018          152                13   1266             3
#> 4015        4130          388                 6    416             1
#> 4016       21724          180                13   1034             2
#> 4017       21495           32                12   1061             5
#> 4018        8493          275                 5    568             1
#> 4019        4134          173                 5    629             3
#> 4020       20757          465                11    860             1
#> 4021       20252          171                 7    575             3
#> 4022       32916          123                 5    366             4
#> 4023       32854          125                12   1053             4
#> 4024        4829          155                12    840             3
#> 4025       24458          236                14   1526             2
#> 4026       18019           88                 5    566             4
#> 4027       26397          141                15   1471             3
#> 4028       14599          297                13   1004             1
#> 4029       32524          183                14   1106             2
#> 4030       18632          157                15   1125             3
#> 4031       17779          159                10    762             3
#> 4032       27763          228                 5    376             2
#> 4033       30109           30                 9    772             5
#> 4034       32290          540                 7    790             1
#> 4035        1423           97                 8    593             4
#> 4036       27277          128                10    908             3
#> 4037        4286           35                 7    534             5
#> 4038       36270          109                 8    757             4
#> 4039        9121          224                15   1813             2
#> 4040       24721          103                 5    353             4
#> 4041       14568          219                 9    810             2
#> 4042       26925          117                 8    746             4
#> 4043       19998           42                10   1106             5
#> 4044       39642            3                10    777             5
#> 4045       33872          174                13   1116             3
#> 4046       36354           35                13   1069             5
#> 4047        1695           75                16   1589             5
#> 4048         675           35                12   1005             5
#> 4049       20683          331                 4    357             1
#> 4050       18825          121                10    968             4
#> 4051          42          202                 7    825             2
#> 4052       10401          117                 9    796             4
#> 4053        5805          117                 6    779             4
#> 4054       18786            5                 8    969             5
#> 4055       17804          438                10    601             1
#> 4056        4973          147                13   1170             3
#> 4057       11899           95                13    944             4
#> 4058       11773          138                10    894             3
#> 4059       27436           83                 7    712             4
#> 4060        1721          352                 8    825             1
#> 4061       21715           91                 8    758             4
#> 4062       13089          118                13   1001             4
#> 4063       27656          432                10    789             1
#> 4064       12311          390                11   1218             1
#> 4065         878          419                11   1203             1
#> 4066       11361           95                12    978             4
#> 4067        9021           25                 9   1149             5
#> 4068       33582           96                 9    536             4
#> 4069       39859          297                 9    893             1
#> 4070       24180          311                13   1049             1
#> 4071        7148          211                10   1264             2
#> 4072       17129           67                12   1344             5
#> 4073       23089           16                14   1544             5
#> 4074        2500            7                12   1040             5
#> 4075       36564          163                 6    492             3
#> 4076       33058          123                17   1426             4
#> 4077       37396          468                10    785             1
#> 4078        9009          192                 7    508             2
#> 4079        2793           45                13   1362             5
#> 4080       37802          207                 8    502             2
#> 4081        9918          120                11   1076             4
#> 4082       26888          212                10   1277             2
#> 4083       20361           33                13   1321             5
#> 4084       13424           73                13   1298             5
#> 4085       29439          243                 9    639             2
#> 4086        3233           74                 9   1288             5
#> 4087       13970          125                14   1180             4
#> 4088       15729           89                 7    551             4
#> 4089       10531           11                14   1177             5
#> 4090       28788          348                 7    839             1
#> 4091       34358          215                 7    731             2
#> 4092        2250          174                 7    713             3
#> 4093       34632          472                10    837             1
#> 4094       14063          366                16   2047             1
#> 4095       23041          450                 8    508             1
#> 4096       32062          158                13   1143             3
#> 4097       10188           81                 8    825             4
#> 4098       32989          127                10    930             3
#> 4099       36206           38                 7    385             5
#> 4100       33562          222                 5    489             2
#> 4101       39226          581                 3    246             1
#> 4102       12239          246                14   1377             2
#> 4103       35517          100                 9    667             4
#> 4104       18563           38                10   1090             5
#> 4105       29127          239                 9   1056             2
#> 4106       12923           67                 9    768             5
#> 4107        2252          219                 5    575             2
#> 4108        4742          217                 4    422             2
#> 4109       14926           53                17   1597             5
#> 4110       25475          146                 9   1039             3
#> 4111        6546          148                11   1430             3
#> 4112        5263          224                 7    569             2
#> 4113       21436          227                 8    838             2
#> 4114         402          160                11   1103             3
#> 4115       15113          485                11   1172             1
#> 4116       35607          109                10    940             4
#> 4117        5950          322                 4    357             1
#> 4118       38207          115                14   1391             4
#> 4119        1740          373                 9   1099             1
#> 4120       20027          160                 7   1096             3
#> 4121        1533          122                12    917             4
#> 4122       29452          514                 4    277             1
#> 4123       30284          198                12    957             2
#> 4124        3145          219                17   1246             2
#> 4125        7881          130                13   1150             3
#> 4126       12309          255                12   1164             2
#> 4127        8584          179                 9   1042             2
#> 4128       16504           40                 7    794             5
#> 4129       22047           49                 9    744             5
#> 4130       35218           98                 8    601             4
#> 4131        9463          246                 9    691             2
#> 4132       17178           49                 6    490             5
#> 4133       24849           55                 6    477             5
#> 4134        4305          132                12   1378             3
#> 4135        1448          384                10   1077             1
#> 4136        8269           82                14   1341             4
#> 4137       29846          268                 7    829             1
#> 4138       10291          193                 7    532             2
#> 4139       18995          105                12   1512             4
#> 4140       25955          133                11    688             3
#> 4141       36024           72                10    994             5
#> 4142        7395           58                 8    701             5
#> 4143       11354           22                11    978             5
#> 4144        2864          445                 8    659             1
#> 4145       26784          270                 7    767             1
#> 4146       35981           85                 9    645             4
#> 4147       27050          379                 8    752             1
#> 4148        3297           39                13   1256             5
#> 4149        7788          200                 6    794             2
#> 4150       16135          152                 9    975             3
#> 4151       22398           26                 6    921             5
#> 4152       31795          235                 9    973             2
#> 4153       36878          455                 6    716             1
#> 4154        8298          201                 6    148             2
#> 4155       16564          490                10    973             1
#> 4156       30611          121                 5    377             4
#> 4157       34736          114                 9    895             4
#> 4158       13756          134                 5    381             3
#> 4159        9347          215                 8    835             2
#> 4160       18891          197                12   1458             2
#> 4161        9448          162                 9   1000             3
#> 4162        5693          161                 4    357             3
#> 4163        6163          149                 9    820             3
#> 4164       10412           57                14   1283             5
#> 4165       27666           74                 9   1117             5
#> 4166         544           51                10    649             5
#> 4167       10612          379                10    942             1
#> 4168       36810          105                10    800             4
#> 4169       37270          165                 9    664             3
#> 4170       19069          252                 8    708             2
#> 4171        6611          452                 9    866             1
#> 4172        5444          209                 8    488             2
#> 4173       19408           88                11   1028             4
#> 4174       34117          144                12   1320             3
#> 4175       35561          330                10    871             1
#> 4176          97           84                10   1146             4
#> 4177       31113          169                10    830             3
#> 4178       38228          262                 9    695             2
#> 4179        7646          163                 9    679             3
#> 4180       19890          229                 9    750             2
#> 4181       33354           82                10    920             4
#> 4182       33303          181                11    978             2
#> 4183       18602          136                10   1078             3
#> 4184         335          143                10    940             3
#> 4185       30442          240                 8   1172             2
#> 4186       22818          197                 7    358             2
#> 4187       33356           34                10    687             5
#> 4188       30389          111                 9    930             4
#> 4189       34421          195                10    778             2
#> 4190        2419          426                16   1118             1
#> 4191        9069            2                10    960             5
#> 4192       39399           42                 9   1031             5
#> 4193       26538          234                10   1028             2
#> 4194       17331           98                 5    542             4
#> 4195       28304           27                 9    852             5
#> 4196       11682           80                13    918             4
#> 4197       30732          175                15   1796             3
#> 4198       14552          136                 9    965             3
#> 4199       13544          534                 3    209             1
#> 4200       24638           35                 8    915             5
#> 4201       23755          154                 7    839             3
#> 4202        6300           58                 8    635             5
#> 4203       20004          415                11   1187             1
#> 4204       27139          385                 6    557             1
#> 4205       11456          494                 5    780             1
#> 4206        8698           39                 9    871             5
#> 4207       31092          206                12   1047             2
#> 4208       10414           43                 9    707             5
#> 4209       36410          161                 9    731             3
#> 4210       13141           82                 8    618             4
#> 4211       38988           30                15   1588             5
#> 4212       19445           57                12   1450             5
#> 4213        6489          458                14   1424             1
#> 4214       38460          572                 8    565             1
#> 4215        4521           66                15   1428             5
#> 4216       30390          162                10    921             3
#> 4217       34999           79                13   1290             4
#> 4218        3042          274                12   1021             1
#> 4219       16976           91                13   1013             4
#> 4220       12500          183                 7    317             2
#> 4221       32755           79                12   1201             4
#> 4222       23684          187                 5    451             2
#> 4223       32765          399                10   1010             1
#> 4224       26142          124                16   1757             4
#> 4225       35811          235                10    794             2
#> 4226        4116          168                 8    567             3
#> 4227       28036          139                 5    300             3
#> 4228       32553          146                 8    750             3
#> 4229       32207          437                 7    584             1
#> 4230         727           72                10   1214             5
#> 4231        4121          119                 8    830             4
#> 4232       27431          699                 3    406             1
#> 4233       21579          207                 7    430             2
#> 4234        7107          125                 7    876             4
#> 4235       21895           62                 8    786             5
#> 4236       16670           73                 9    864             5
#> 4237       36299           56                14   1383             5
#> 4238       23234           89                 5    788             4
#> 4239       21112          153                10    846             3
#> 4240       31165          162                 8    619             3
#> 4241       10881          115                 9    657             4
#> 4242          41          396                 5    554             1
#> 4243       21748          135                 6    665             3
#> 4244       12258          162                14   1661             3
#> 4245       14414          181                 6    349             2
#> 4246       38571           57                18   1661             5
#> 4247        5982           77                12   1175             4
#> 4248       26803          105                11    863             4
#> 4249       24656          153                11   1180             3
#> 4250       27897          250                 9    823             2
#> 4251       30496          108                17   1599             4
#> 4252       31535          371                 8    748             1
#> 4253        6372          302                10    704             1
#> 4254       35222           91                11    810             4
#> 4255       10371          125                10    524             4
#> 4256       19025          152                13   1101             3
#> 4257       12496          154                10    995             3
#> 4258       36013          388                12   1498             1
#> 4259       32174          123                11   1157             4
#> 4260        3224           64                10   1004             5
#> 4261       26394          430                11   1244             1
#> 4262       30055           80                11    938             4
#> 4263       26163          404                10   1266             1
#> 4264       28285          294                 6    746             1
#> 4265       38987          122                 8    869             4
#> 4266       34817          104                 8    523             4
#> 4267       21374          162                12    913             3
#> 4268       26355          216                10   1008             2
#> 4269        8402           15                10    896             5
#> 4270       26214          236                 6    439             2
#> 4271       22796          174                 6    484             3
#> 4272       36079          220                 8    732             2
#> 4273       34678          391                11   1289             1
#> 4274       17034          165                10    887             3
#> 4275        6270          267                 8    958             1
#> 4276        6122           92                11   1311             4
#> 4277       22910           40                11    998             5
#> 4278       36924          102                 8    673             4
#> 4279       35017           66                13   1319             5
#> 4280       24469          243                 9   1098             2
#> 4281       18085          245                12    913             2
#> 4282       26841          194                14   1523             2
#> 4283       18382          150                 8    679             3
#> 4284       16329          244                12   1368             2
#> 4285        4616          212                 8   1110             2
#> 4286       10548           29                 7    901             5
#> 4287       30439          453                10   1111             1
#> 4288       17370          211                 6    739             2
#> 4289       16996           89                19   1443             4
#> 4290       30260           80                18   2106             4
#> 4291       15858          421                 6    622             1
#> 4292       30761          122                10    983             4
#> 4293       25276          163                 6    607             3
#> 4294       20218          206                10    949             2
#> 4295        2831          206                17   1333             2
#> 4296       34498          190                10    820             2
#> 4297       36340          224                12   1056             2
#> 4298       11439          237                 9    843             2
#> 4299       34426           40                 8    705             5
#> 4300        2875          525                11    937             1
#> 4301       29955          245                 9    460             2
#> 4302       10728           42                16   1375             5
#> 4303        7343          126                15   1265             3
#> 4304        3036           52                 7    807             5
#> 4305       15638          126                16   1323             3
#> 4306       31312          291                 9    450             1
#> 4307       23459          304                 7    536             1
#> 4308        9010           61                10    809             5
#> 4309         523          137                12    975             3
#> 4310        1365          136                10   1076             3
#> 4311        8665           52                 8    751             5
#> 4312        3108          217                 5    158             2
#> 4313       34819           97                15   1399             4
#> 4314       37469          106                14   1361             4
#> 4315       28554          149                16   1622             3
#> 4316        2647           85                12   1456             4
#> 4317       26661          122                 8    707             4
#> 4318        9552            6                 8    733             5
#> 4319       23296          144                10    906             3
#> 4320       18350           83                15   1300             4
#> 4321       11427          180                 7    900             2
#> 4322       18557           71                 8    752             5
#> 4323        7901          323                 8    788             1
#> 4324       12546          103                 8   1003             4
#> 4325       35647          130                15   1545             3
#> 4326         979           89                21   1884             4
#> 4327       33751          232                12   1274             2
#> 4328        8494           57                15   1805             5
#> 4329       23359          257                 6    282             2
#> 4330        3124          277                 7    494             1
#> 4331        9988          454                 5    436             1
#> 4332       14350          460                 7    884             1
#> 4333       22189          184                 9    836             2
#> 4334       13548          151                12   1325             3
#> 4335       37896           68                10   1163             5
#> 4336       36351           94                 7    781             4
#> 4337       14048          277                 8    743             1
#> 4338       26280          150                21   1547             3
#> 4339         509           27                11    836             5
#> 4340        7851           51                16   1845             5
#> 4341       20237          623                 8    642             1
#> 4342        9535          107                 9    822             4
#> 4343       27088          436                 7    796             1
#> 4344        7886          241                12   1240             2
#> 4345       37557           65                10   1165             5
#> 4346       33970          209                16   1537             2
#> 4347       22740          300                 7    566             1
#> 4348        8752           55                11   1038             5
#> 4349       18480           60                 6    758             5
#> 4350        7091          127                12    939             3
#> 4351         387          415                 9   1053             1
#> 4352        4989           93                 6    674             4
#> 4353       34361          170                 9    869             3
#> 4354       27017          430                 7    944             1
#> 4355       17703          446                 6    586             1
#> 4356       30888          163                11   1062             3
#> 4357       28114          519                 5    456             1
#> 4358       23158          115                11    829             4
#> 4359       25875           91                13   1299             4
#> 4360       17277          167                12   1187             3
#> 4361       16103          208                 6    532             2
#> 4362       13855          261                10    996             2
#> 4363       25174          194                 6    406             2
#> 4364        5037          194                10    765             2
#> 4365        4668          268                 6    562             1
#> 4366       10671          115                 9    793             4
#> 4367       11801           51                16   1456             5
#> 4368       39902          349                 8   1167             1
#> 4369        6240          211                11    706             2
#> 4370       21215          286                12   1018             1
#> 4371       20040           88                14   1443             4
#> 4372        8408          470                 6    480             1
#> 4373       36441           91                 9    865             4
#> 4374       12122           13                10    802             5
#> 4375        2968           68                 7    880             5
#> 4376       25086           27                 8    587             5
#> 4377       13451          138                 4    470             3
#> 4378       36027           42                 6    318             5
#> 4379       14321          344                 8    735             1
#> 4380        4579           10                 7    603             5
#> 4381       17384          155                11   1067             3
#> 4382       24564           13                 6    507             5
#> 4383       36386           90                11   1235             4
#> 4384       17171          379                 9    896             1
#> 4385       14593          133                13   1353             3
#> 4386       35187          191                12   1073             2
#> 4387        2632          203                14   1594             2
#> 4388       15848          196                 7    410             2
#> 4389        9291          389                 7    532             1
#> 4390       34723          299                11   1026             1
#> 4391       24478          195                11   1146             2
#> 4392       12734           42                16   1503             5
#> 4393       18289          185                 9   1062             2
#> 4394       17893            5                13   1009             5
#> 4395       18209           80                15   1941             4
#> 4396       18364          160                13   1476             3
#> 4397       38321          194                 7    861             2
#> 4398       30266            2                15   1395             5
#> 4399       18415          138                12   1367             3
#> 4400       23956          216                 8    869             2
#> 4401        9399          216                 9   1169             2
#> 4402       18660          564                 5    439             1
#> 4403        4609          159                16   1356             3
#> 4404        4485          494                 5    186             1
#> 4405       24376          184                 8    554             2
#> 4406        2358          423                 7    410             1
#> 4407       31375          227                 5    402             2
#> 4408        7979          108                13   1467             4
#> 4409       12318          159                 7    594             3
#> 4410       30584           78                 5    335             4
#> 4411       22504          259                 9    710             2
#> 4412        3675          204                11   1300             2
#> 4413       30019          139                13   1455             3
#> 4414       35031          155                15   1382             3
#> 4415       15102           16                 9    721             5
#> 4416       27929          146                12    667             3
#> 4417       26478          164                 7    690             3
#> 4418       30249           91                12    959             4
#> 4419         820          152                 8   1013             3
#> 4420       26255          158                 9    751             3
#> 4421       19479          137                14   1562             3
#> 4422       36026          478                 6    841             1
#> 4423       24801          480                 7    826             1
#> 4424       23458          459                 9    960             1
#> 4425       10101          406                14   1354             1
#> 4426        3851           86                11   1170             4
#> 4427       30332          165                 7    491             3
#> 4428       27522          301                11   1238             1
#> 4429       39075          178                12   1369             2
#> 4430       32947          284                10    754             1
#> 4431        6957          316                12   1300             1
#> 4432       22928          224                 7    836             2
#> 4433       10648          125                 9    830             4
#> 4434       35823          198                 6    659             2
#> 4435        7511           48                10    925             5
#> 4436         188          150                 9   1018             3
#> 4437       20260           83                10    943             4
#> 4438       15659           28                 7    921             5
#> 4439       39478          197                13   1328             2
#> 4440       30339          247                12   1176             2
#> 4441        7982          316                 9   1010             1
#> 4442        8725           61                12   1043             5
#> 4443       24606          447                 5    436             1
#> 4444       21937            5                 8    805             5
#> 4445       21672           72                13   1576             5
#> 4446        8321          135                 9    873             3
#> 4447       10219           71                13    872             5
#> 4448       19108          100                 6    483             4
#> 4449       34995          156                13   1376             3
#> 4450       37054          138                 9    987             3
#> 4451       33978          140                12    906             3
#> 4452       39882           45                 8    810             5
#> 4453       21393          113                12   1502             4
#> 4454       24138          119                 7    711             4
#> 4455       25938          173                11   1003             3
#> 4456       34189          473                 3    341             1
#> 4457       12805          116                13    857             4
#> 4458       32806          128                10    854             3
#> 4459        7440           53                11   1148             5
#> 4460       21007          216                10   1118             2
#> 4461       30181           97                 9   1021             4
#> 4462        2858          261                 7    506             2
#> 4463       18728           88                10   1134             4
#> 4464       10549          101                10   1308             4
#> 4465        4884           58                 9   1039             5
#> 4466       31639          155                10    877             3
#> 4467       37124          397                 4    404             1
#> 4468        6495           61                 8    741             5
#> 4469       29412          234                 9    838             2
#> 4470       27248           24                11   1351             5
#> 4471        4453          139                10    740             3
#> 4472        9091          115                10   1070             4
#> 4473       37646           95                 7    330             4
#> 4474        2488          282                 9    885             1
#> 4475       29499          197                12   1279             2
#> 4476        8215           48                11   1079             5
#> 4477       33752          227                10   1147             2
#> 4478        5735          265                13   1287             2
#> 4479       37206           45                 6    744             5
#> 4480       20417          188                11   1184             2
#> 4481       12581          386                11    951             1
#> 4482       15459          100                11   1160             4
#> 4483       14421          171                 4    286             3
#> 4484       10627           57                 6    639             5
#> 4485       36254           72                 9    697             5
#> 4486       38267          146                 6    858             3
#> 4487       27191           36                 9    647             5
#> 4488       22426          183                11   1197             2
#> 4489       35862          118                12    638             4
#> 4490        7272          303                 8    709             1
#> 4491        8926           38                10    758             5
#> 4492       10553          127                13   1232             3
#> 4493       15285          240                12   1018             2
#> 4494       19937           72                 7    443             5
#> 4495       10529          177                17   1722             2
#> 4496       28220          138                14   1139             3
#> 4497       18674          182                 5    544             2
#> 4498         318          226                12   1213             2
#> 4499       19692          417                10   1128             1
#> 4500       23195          142                13    879             3
#> 4501       24330          132                 7    859             3
#> 4502       19341          239                 7    728             2
#> 4503       16636          169                12   1292             3
#> 4504       24248           64                13    850             5
#> 4505       24968          150                 9    907             3
#> 4506         658          191                12   1424             2
#> 4507       28868          108                 9    863             4
#> 4508        6654          253                12   1289             2
#> 4509       13972          195                14   1533             2
#> 4510       19412          145                11   1096             3
#> 4511        8308          123                 4    394             4
#> 4512        2733           19                 9   1116             5
#> 4513       15825          123                 9    964             4
#> 4514       20559           72                 7    479             5
#> 4515       35863          373                 7    495             1
#> 4516       31793          162                 9    806             3
#> 4517       38605          123                13   1128             4
#> 4518       15895           41                15   1511             5
#> 4519       16919           69                11   1372             5
#> 4520       20882          211                 9    967             2
#> 4521       10186           65                13    925             5
#> 4522       22351           44                14   1575             5
#> 4523        3140          102                11   1033             4
#> 4524        5030          269                10   1107             1
#> 4525        7207          190                11    712             2
#> 4526       37489          189                10   1289             2
#> 4527       35182          320                 8    741             1
#> 4528       11214           99                13   1100             4
#> 4529       16294          132                15   1375             3
#> 4530        7065           70                12   1086             5
#> 4531        7238           50                17   1874             5
#> 4532        6043          574                 5    563             1
#> 4533        7889          176                 3    212             3
#> 4534       26561           36                 8    881             5
#> 4535       35533           85                 9    742             4
#> 4536       20924          516                 7    620             1
#> 4537       36287          158                 9    778             3
#> 4538        4071           55                 9    731             5
#> 4539       25365          184                 8    605             2
#> 4540        7465          199                 6    903             2
#> 4541       12334           42                16   1493             5
#> 4542       26851          290                 7    701             1
#> 4543       32252          150                 8    843             3
#> 4544       15089           32                11   1363             5
#> 4545       38818           18                 9    988             5
#> 4546       39058          429                10    772             1
#> 4547       31785          179                10    883             2
#> 4548       24524          122                17   1700             4
#> 4549       34237          101                12   1072             4
#> 4550        1179           59                12   1348             5
#> 4551       28802          141                 8    288             3
#> 4552       35959          136                10    728             3
#> 4553         612           64                12   1009             5
#> 4554       29188          313                10   1070             1
#> 4555       14150          200                 7    771             2
#> 4556       19027          157                15   1333             3
#> 4557       27176           17                11    863             5
#> 4558       17141          291                 8    603             1
#> 4559        9785           20                 9    611             5
#> 4560       28467          223                 9    736             2
#> 4561       14584          117                11    988             4
#> 4562       26632          194                 4    389             2
#> 4563       14804          412                 7    544             1
#> 4564        1165            8                12   1233             5
#> 4565       21720          137                11   1447             3
#> 4566       27382          134                 8    805             3
#> 4567       18460          126                12   1742             3
#> 4568       27296          171                10   1055             3
#> 4569        1130          426                 9    612             1
#> 4570       27085          178                 8    586             2
#> 4571       25113          337                 7    605             1
#> 4572       36882           73                11    991             5
#> 4573       13803           95                 5    662             4
#> 4574       33962           72                12   1454             5
#> 4575       31805          500                10    863             1
#> 4576       15351          504                 9   1049             1
#> 4577       39392           69                 9    671             5
#> 4578       28190          162                12   1227             3
#> 4579       15368          268                 9    808             1
#> 4580       23307          523                11    987             1
#> 4581       38241          141                10   1016             3
#> 4582        9345          285                12   1562             1
#> 4583       25832           87                15   1440             4
#> 4584       13510          333                16   1807             1
#> 4585       27962           93                 7    754             4
#> 4586       22682           88                 9    675             4
#> 4587       17844           80                10    650             4
#> 4588       36311          349                 7    635             1
#> 4589       25287          246                10   1069             2
#> 4590       28020          237                 8    795             2
#> 4591       38502          213                13   1198             2
#> 4592         435          227                 7   1064             2
#> 4593       20212          207                10    813             2
#> 4594       18980          155                 6   1006             3
#> 4595       28612          203                12    913             2
#> 4596       23838          114                13   1246             4
#> 4597       21157           29                 5    522             5
#> 4598         456           99                13   1290             4
#> 4599       11708          103                12   1360             4
#> 4600        7436           83                12   1099             4
#> 4601       14793          149                 7    340             3
#> 4602       11335           60                 8    741             5
#> 4603       21358           81                12   1254             4
#> 4604       29845          161                14   1399             3
#> 4605        6166          130                 8    800             3
#> 4606       30800          314                11    750             1
#> 4607        3492          456                10    949             1
#> 4608       12611          505                10    902             1
#> 4609       31376          117                10    897             4
#> 4610        2487           84                13   1302             4
#> 4611       24345          145                 8    760             3
#> 4612       35987           70                16   1481             5
#> 4613        4839          247                 9    827             2
#> 4614       16312          402                 9    780             1
#> 4615        6955           78                11   1014             4
#> 4616       39227          118                 7    483             4
#> 4617       28735          249                 9    736             2
#> 4618       10689          142                 8    742             3
#> 4619       20510          445                 7    834             1
#> 4620        6557           46                12   1101             5
#> 4621         358          210                 9    960             2
#> 4622       13495          159                 9    746             3
#> 4623       14046           52                13   1343             5
#> 4624       10435          109                13    960             4
#> 4625       20418           96                12   1167             4
#> 4626        6582           16                11    993             5
#> 4627       19839          184                11    940             2
#> 4628        8191          128                 7    627             3
#> 4629       37443          236                 9    584             2
#> 4630       18114          258                13   1703             2
#> 4631       15101          368                10    842             1
#> 4632        9533          206                 9    856             2
#> 4633       21410          245                14   1477             2
#> 4634       33054          446                11   1143             1
#> 4635       11822          468                 4    393             1
#> 4636       35578          487                 6    455             1
#> 4637       14212          175                 4    377             3
#> 4638       39847           42                 9    577             5
#> 4639       35110          414                11    876             1
#> 4640       16203          445                 6    504             1
#> 4641       12420          218                 4    405             2
#> 4642       21099           67                 5    378             5
#> 4643       31845          263                10   1079             2
#> 4644       25341          236                 5    630             2
#> 4645       38444           59                16   1659             5
#> 4646       24055          453                 8    718             1
#> 4647       26462          457                 5    551             1
#> 4648       29559          114                12   1291             4
#> 4649       33063          528                 6    650             1
#> 4650       21730          195                 9    750             2
#> 4651        8682          242                 7    553             2
#> 4652       16354          157                13   1225             3
#> 4653       19116            7                 8    559             5
#> 4654       24317          232                 9    778             2
#> 4655        8352          231                 9    891             2
#> 4656       37039          214                14   1427             2
#> 4657       33164           97                11   1227             4
#> 4658       10106          420                11   1196             1
#> 4659       10150           34                10   1179             5
#> 4660       36362          101                10    523             4
#> 4661       20531          343                 7    630             1
#> 4662       38100           52                11   1115             5
#> 4663       29644           27                12   1135             5
#> 4664       31500           87                11   1121             4
#> 4665       29134          243                11   1260             2
#> 4666       22184           92                12   1163             4
#> 4667        8374           14                 9   1016             5
#> 4668       33429          412                12   1181             1
#> 4669       11008           19                11    969             5
#> 4670       19143          399                 8    692             1
#> 4671        5400          208                 6    598             2
#> 4672       32870          158                10   1134             3
#> 4673        7840           53                11    827             5
#> 4674       11569           72                11    633             5
#> 4675       21283          175                 7    716             3
#> 4676       19586           54                 8    905             5
#> 4677       22208           81                 6    489             4
#> 4678        4507          106                16   1428             4
#> 4679       20349           14                 9    934             5
#> 4680       25597          342                 9    878             1
#> 4681       30894          420                 5    536             1
#> 4682       38060          232                 6    357             2
#> 4683       26557          165                12   1156             3
#> 4684        9450          152                 6    593             3
#> 4685       37219          387                 6    635             1
#> 4686       31636          117                 6    605             4
#> 4687       18428          189                 7    804             2
#> 4688       31130           31                 7    649             5
#> 4689        9469          180                12   1282             2
#> 4690       30669          338                13   1385             1
#> 4691        6565          527                 5    479             1
#> 4692       25467          346                13   1160             1
#> 4693       10965          205                 6    514             2
#> 4694       26346           15                 8    925             5
#> 4695       28258           81                14    848             4
#> 4696       25161          431                10   1246             1
#> 4697       14702          135                 6    730             3
#> 4698       23262           90                12   1171             4
#> 4699       20623          262                 5    286             2
#> 4700       14661          261                10    867             2
#> 4701       14744          181                12   1324             2
#> 4702       18912           51                13   1318             5
#> 4703       24353          137                 6    427             3
#> 4704       32113           79                15   1609             4
#> 4705       35220          172                13   1531             3
#> 4706       21468          526                 9   1090             1
#> 4707       30958          316                 7    589             1
#> 4708       30988          187                 7    918             2
#> 4709       16766          377                15   1077             1
#> 4710       29243          184                10    720             2
#> 4711       38892          133                 8    557             3
#> 4712       30296           15                 9   1264             5
#> 4713       13404          136                10   1060             3
#> 4714       12366          141                12   1040             3
#> 4715       23397           56                13   1446             5
#> 4716       31159          112                10    821             4
#> 4717       21146          147                 7    590             3
#> 4718        2848          268                 7    604             1
#> 4719       31007          100                18   1866             4
#> 4720       19616           47                10    814             5
#> 4721       16186          133                 3    397             3
#> 4722       18600          141                11    659             3
#> 4723       21530           36                10   1045             5
#> 4724       19457           80                 7    751             4
#> 4725       12064          151                 9    739             3
#> 4726       28437          199                 5    430             2
#> 4727        2686          140                 7    375             3
#> 4728       13962          237                 6    545             2
#> 4729       16863            4                13   1177             5
#> 4730       22181          119                11   1214             4
#> 4731       13634          134                 6    707             3
#> 4732       37551          411                12   1256             1
#> 4733       34834          145                 7    607             3
#> 4734       29596          543                 5    573             1
#> 4735       22163            9                 9    873             5
#> 4736       24617            4                13   1254             5
#> 4737        5714           70                 5    380             5
#> 4738       19577          184                12    833             2
#> 4739       23435          189                11    647             2
#> 4740       19134          114                 9    837             4
#> 4741       30754          172                12   1174             3
#> 4742       25453          240                10   1010             2
#> 4743       28517          196                12   1087             2
#> 4744       24401           39                 3    184             5
#> 4745       16140           98                 9   1209             4
#> 4746       31268          119                11   1061             4
#> 4747       15512           60                 8    625             5
#> 4748       22480          151                14   1353             3
#> 4749       10564          176                13   1355             3
#> 4750       38883          169                 9   1444             3
#> 4751       25641           70                 9    699             5
#> 4752       24227          104                 6    620             4
#> 4753       22260          123                 8    951             4
#> 4754       14263          186                11    875             2
#> 4755       15761          249                10   1410             2
#> 4756        5254          265                 8   1144             2
#> 4757         215          167                11   1099             3
#> 4758        9728           24                 9    783             5
#> 4759       35324          145                10    928             3
#> 4760       30167          228                10    769             2
#> 4761        6552          121                12   1446             4
#> 4762        1633          177                 5    595             2
#> 4763       19660          309                 6    607             1
#> 4764       27931           82                13   1409             4
#> 4765       13609          190                11   1036             2
#> 4766        6953          210                 6    523             2
#> 4767       29794          215                13   1397             2
#> 4768       11786          103                 8    650             4
#> 4769       31916          197                11   1049             2
#> 4770       17019          183                11    985             2
#> 4771       12284           84                 5    484             4
#> 4772        1285          477                10    876             1
#> 4773       18922          183                17   1631             2
#> 4774       34488          117                 9   1159             4
#> 4775       25493           89                10    895             4
#> 4776        1161           33                10    718             5
#> 4777        8724          301                 8    631             1
#> 4778       19013           78                 7    553             4
#> 4779        8577           92                10   1176             4
#> 4780       22056          540                 5    631             1
#> 4781       23470          104                 9    570             4
#> 4782        2115          282                10    778             1
#> 4783        4127          277                 9    634             1
#> 4784       32671           96                13   1260             4
#> 4785       38235          201                 7    385             2
#> 4786       24020          159                 4    383             3
#> 4787       25203          114                 2    296             4
#> 4788       18752          166                 6    590             3
#> 4789        9492          104                10    825             4
#> 4790       11709          176                10    926             3
#> 4791        8007          124                 7    654             4
#> 4792       14137           57                 9    924             5
#> 4793       34279          347                 7    839             1
#> 4794        8970          169                 7    843             3
#> 4795       26088          201                 8    575             2
#> 4796       10405            9                10    770             5
#> 4797       18076          139                13   1260             3
#> 4798       16413          400                 9    990             1
#> 4799        5425           97                10   1048             4
#> 4800       17085          132                 9    904             3
#> 4801        8322          195                 8    911             2
#> 4802       29777          146                12   1341             3
#> 4803        9350           59                13   1410             5
#> 4804         828          155                 6    564             3
#> 4805       26616          392                 7    826             1
#> 4806       35996          215                15   1746             2
#> 4807       28557          143                11   1104             3
#> 4808        1241          455                 8    781             1
#> 4809       20370           37                10    462             5
#> 4810        7322          202                12    919             2
#> 4811       13611           85                 8    929             4
#> 4812       21558           44                 9    760             5
#> 4813        5824          331                12   1097             1
#> 4814       20975          300                 8    966             1
#> 4815        2934          187                15   1730             2
#> 4816       36054          211                 7   1006             2
#> 4817       24309          208                16   1325             2
#> 4818       23115          139                15   1012             3
#> 4819       31763          362                 6    808             1
#> 4820       19817          109                10   1272             4
#> 4821       20957          123                14   1290             4
#> 4822       38929          129                14   1784             3
#> 4823       19637           92                13   1514             4
#> 4824       36141          304                 5    349             1
#> 4825       12782           49                11    840             5
#> 4826       11300          151                12   1109             3
#> 4827       15953          121                 8    874             4
#> 4828       37325          131                17   1473             3
#> 4829       29011          103                14   1307             4
#> 4830       38743           43                12    829             5
#> 4831       34598          335                10   1454             1
#> 4832       31937           84                15   1446             4
#> 4833       23008          134                11   1017             3
#> 4834       33957          358                10   1027             1
#> 4835       36494           58                13   1256             5
#> 4836       30720          212                 9   1106             2
#> 4837       13136          199                10   1284             2
#> 4838       17291          134                 4    442             3
#> 4839       19631          103                 8    728             4
#> 4840       36172          199                 8   1091             2
#> 4841        3280           82                12   1071             4
#> 4842       30831          135                 7    688             3
#> 4843        8537          170                 6    760             3
#> 4844       30096          152                12    974             3
#> 4845       20914          287                10   1187             1
#> 4846       10111           45                 9    730             5
#> 4847       17079          218                10   1206             2
#> 4848        7622           93                11   1322             4
#> 4849       39286          261                 4    532             2
#> 4850       17801          244                 9    687             2
#> 4851       29405          170                15   1210             3
#> 4852       19991          162                 7    784             3
#> 4853       26715          263                 6    616             2
#> 4854        3848           83                 9   1203             4
#> 4855       13927          214                 9    567             2
#> 4856       11093          241                 5    234             2
#> 4857       15766          138                12   1023             3
#> 4858       22920          391                10    898             1
#> 4859       16367           99                 8    815             4
#> 4860       29447          549                 4    358             1
#> 4861       30283          389                 6    529             1
#> 4862       29935           57                15    899             5
#> 4863       37141          162                 5    640             3
#> 4864       35164          412                 4    623             1
#> 4865       28237           77                12   1053             4
#> 4866       22701          214                 7    681             2
#> 4867       18341          508                 9   1014             1
#> 4868       29934           53                10    867             5
#> 4869       27130           95                11   1052             4
#> 4870        5587          458                10   1030             1
#> 4871       36203           28                14   1262             5
#> 4872        2685          348                 8    891             1
#> 4873       12369          226                 9   1211             2
#> 4874        9180           29                16   1634             5
#> 4875       32210          128                13   1019             3
#> 4876       35165          193                10    638             2
#> 4877       34669          303                 7    549             1
#> 4878       19217          253                 8   1019             2
#> 4879       26001          258                 6    660             2
#> 4880       34194          294                10    713             1
#> 4881       33992          408                 6    610             1
#> 4882       29747          509                 4    456             1
#> 4883        7439          250                 5    403             2
#> 4884       21909           20                11   1221             5
#> 4885       33048          191                15   1739             2
#> 4886       39120           91                10   1034             4
#> 4887        4990          164                10   1090             3
#> 4888       32851           68                10   1069             5
#> 4889       33837          370                 9    723             1
#> 4890       26021          136                10    935             3
#> 4891       11224          114                 8   1233             4
#> 4892       22033          175                14   1392             3
#> 4893        9544          422                 7    754             1
#> 4894        8030          161                10    872             3
#> 4895       30195          188                11   1426             2
#> 4896        9620          114                 9    647             4
#> 4897       17420           36                11   1140             5
#> 4898        5871           59                 7    808             5
#> 4899       35753           99                 9    685             4
#> 4900        1168          402                 9    533             1
#> 4901       23990           34                 9    907             5
#> 4902       24254           37                13   1463             5
#> 4903       35057          250                 6    582             2
#> 4904        7122            7                10   1327             5
#> 4905       35502          216                 9    924             2
#> 4906       27109           86                11   1049             4
#> 4907       20651          197                15   1499             2
#> 4908       28364          111                 8    645             4
#> 4909        1939          161                10    993             3
#> 4910       37593          138                13   1133             3
#> 4911       18497          461                11    765             1
#> 4912       19124          194                 9    748             2
#> 4913       24010           70                 8    723             5
#> 4914       25145           39                12    958             5
#> 4915       12170          315                 6    894             1
#> 4916       30799          155                 5    650             3
#> 4917         385          257                12   1238             2
#> 4918       36560          186                12   1202             2
#> 4919       30744           73                11    874             5
#> 4920       24158           77                12   1121             4
#> 4921       11157          133                17   2060             3
#> 4922        6852           75                10    709             5
#> 4923        8113          254                10    770             2
#> 4924         196           81                11   1023             4
#> 4925       22866          233                 8    775             2
#> 4926        4427          315                 7    684             1
#> 4927       23578          157                 6    555             3
#> 4928       33602           30                11   1095             5
#> 4929       11063          120                10   1176             4
#> 4930       10057           60                10   1157             5
#> 4931       24322          302                12   1323             1
#> 4932       24052          144                 9    987             3
#> 4933       38806           22                 7    790             5
#> 4934       18983          111                11   1075             4
#> 4935       35846          494                 7    807             1
#> 4936       17896          156                13   1345             3
#> 4937        7676          151                 6    728             3
#> 4938       24332           98                 9    515             4
#> 4939       30881          151                16   1335             3
#> 4940       16126          244                15   1401             2
#> 4941         246          521                 4    447             1
#> 4942       38013           94                17   1798             4
#> 4943       36955          394                 9    989             1
#> 4944       30443           79                 6    501             4
#> 4945        1295          198                 6    737             2
#> 4946       14206          262                11   1043             2
#> 4947       23594          541                 7    960             1
#> 4948       32864          191                14   1838             2
#> 4949       26855          101                12   1089             4
#> 4950        1929          159                13   1519             3
#> 4951       16514          212                 9   1062             2
#> 4952       35762          233                 9    879             2
#> 4953        5278          344                 8    657             1
#> 4954       37005           55                 6    503             5
#> 4955       31246           45                16   1298             5
#> 4956       34829           31                19   2167             5
#> 4957       39090          104                 8    499             4
#> 4958       33285           39                 8    608             5
#> 4959       23106          198                 9    852             2
#> 4960       33797           16                12    966             5
#> 4961       15527            7                16   1797             5
#> 4962       36708          529                 9    833             1
#> 4963       38601          103                14   1256             4
#> 4964       20220          357                 8    844             1
#> 4965       11100          265                 7    815             2
#> 4966       20685           28                 7    719             5
#> 4967       32882            3                14   1477             5
#> 4968       12783          404                 7    792             1
#> 4969       21303           92                14   1200             4
#> 4970       16415          389                 9   1134             1
#> 4971        5879          197                 6    678             2
#> 4972       38994           77                10    949             4
#> 4973        4680          107                10    638             4
#> 4974       36236          240                10    923             2
#> 4975       38644           19                10   1228             5
#> 4976        3111          326                 9    772             1
#> 4977       16172           89                10   1027             4
#> 4978       14873           36                 7    837             5
#> 4979        7026          446                10    975             1
#> 4980       35890          358                 4    445             1
#> 4981       15265           52                15   1785             5
#> 4982       24019           89                13   1098             4
#> 4983        7912           61                12   1184             5
#> 4984        3774          414                11   1287             1
#> 4985       38713          125                 6    421             4
#> 4986       19132          187                 7    763             2
#> 4987       23120          158                 9    999             3
#> 4988        7875           42                11    789             5
#> 4989        7575          179                 8    577             2
#> 4990       30463           41                 6    664             5
#> 4991       16693          174                11    911             3
#> 4992        2393           94                 8    806             4
#> 4993       36552          280                 7    901             1
#> 4994       30556          111                 9    818             4
#> 4995       31311          370                 7    695             1
#> 4996        8842           77                11    859             4
#> 4997        9741          140                11   1123             3
#> 4998       39367          237                 7    716             2
#> 4999       39861          137                 7    610             3
#> 5000       30866           34                12    575             5
#> 5001        5885          189                16   1614             2
#> 5002        5561          136                 7    641             3
#> 5003       15035          114                10    544             4
#> 5004       26129          194                16   1215             2
#> 5005       30006          343                12    864             1
#> 5006        8462          113                 8    909             4
#> 5007       34585          414                 8    906             1
#> 5008        7716          288                 8    509             1
#> 5009        5955          105                 8    681             4
#> 5010       30248          150                 9    373             3
#> 5011       22104          197                 7    599             2
#> 5012       13088           92                14   1523             4
#> 5013       29918           97                 8    602             4
#> 5014        1479          442                12   1051             1
#> 5015       25127          103                 7    830             4
#> 5016       38414          321                 5    436             1
#> 5017         486          128                10    758             3
#> 5018       25576          367                10    754             1
#> 5019        3462          227                 8    693             2
#> 5020       38025          102                19   2063             4
#> 5021       36516          183                14   1353             2
#> 5022        3341          182                10   1248             2
#> 5023       10015           49                10   1180             5
#> 5024       25743           83                10    865             4
#> 5025       14529          187                 9   1151             2
#> 5026       28869          412                 7    495             1
#> 5027       24409          154                17   1689             3
#> 5028       23348          224                11    915             2
#> 5029        6647          210                 8    554             2
#> 5030        1010          149                15   1207             3
#> 5031        4040          176                11    995             3
#> 5032        9375          237                11   1410             2
#> 5033       19858           76                12   1279             5
#> 5034       31188           70                10    999             5
#> 5035        4520          119                19   1444             4
#> 5036       10216          251                12   1790             2
#> 5037        3985          252                 9    627             2
#> 5038       24472          127                 9    990             3
#> 5039       16301          179                12   1527             2
#> 5040       26068          202                10   1020             2
#> 5041       30536           57                 7    773             5
#> 5042       28440          148                 7    899             3
#> 5043       37782          198                 9   1161             2
#> 5044       30298           22                13   1234             5
#> 5045       33857          243                 9   1024             2
#> 5046       36766          105                10    749             4
#> 5047        2463          260                 4    397             2
#> 5048       15053          137                10   1180             3
#> 5049       28500           10                 9    717             5
#> 5050       11872          133                12   1068             3
#> 5051       11761          129                 6    711             3
#> 5052        5288          201                 8    905             2
#> 5053       38899          725                 4    339             1
#> 5054       38503          322                 9    928             1
#> 5055       25613           81                 7    491             4
#> 5056       20444           43                 8    956             5
#> 5057       14892          158                11    964             3
#> 5058       12098          160                18   1492             3
#> 5059        9275          224                13   1232             2
#> 5060       32533          286                 9    714             1
#> 5061       14268          283                 9    817             1
#> 5062       23246           55                 3    374             5
#> 5063       16557          178                11    836             2
#> 5064       32044           54                10   1037             5
#> 5065       22875          122                10    760             4
#> 5066       37780          201                14   1188             2
#> 5067       16365          250                 9    864             2
#> 5068        9597           93                11   1129             4
#> 5069       15855          415                 8    444             1
#> 5070        5884          155                 7   1084             3
#> 5071       32438          289                 6    615             1
#> 5072          38          108                 5    541             4
#> 5073       28777          138                10    853             3
#> 5074       33397          297                 7    562             1
#> 5075       18191          203                13   1232             2
#> 5076       10204          108                 9   1076             4
#> 5077       29709          117                 8    758             4
#> 5078       22456          307                 9    795             1
#> 5079       36276           90                12   1368             4
#> 5080       21387          160                 9    607             3
#> 5081        3165           27                 9    887             5
#> 5082        6431          219                 8    823             2
#> 5083       29668           10                13   1378             5
#> 5084       28018          101                 8    910             4
#> 5085       34102           58                 7    853             5
#> 5086        5448          104                12   1281             4
#> 5087       38583           64                18   1430             5
#> 5088       12076          224                10    984             2
#> 5089       35543           38                 9   1076             5
#> 5090       20436          122                14   1164             4
#> 5091       26770           66                 9    869             5
#> 5092       26467          137                12   1107             3
#> 5093        3732          110                11   1644             4
#> 5094       11268           74                13   1170             5
#> 5095       10993          287                 7    600             1
#> 5096       38158           30                12   1451             5
#> 5097       23689           59                 8   1066             5
#> 5098       36484           12                11    953             5
#> 5099       15453           63                 8    875             5
#> 5100       13704          158                 7    481             3
#> 5101        4993          184                15   1705             2
#> 5102       37482           28                 8    818             5
#> 5103       32968           67                16   1286             5
#> 5104       27870          183                 8    908             2
#> 5105        6266          100                14   1448             4
#> 5106       23434          358                 8    753             1
#> 5107       13924          235                 4    200             2
#> 5108         576            2                17   1575             5
#> 5109        2603           52                11    882             5
#> 5110        1400          182                 7    704             2
#> 5111       35694          386                 5    708             1
#> 5112       23339          133                 9    939             3
#> 5113        5244          101                15   1489             4
#> 5114       21334          255                 8    656             2
#> 5115         135          436                 9    809             1
#> 5116         366          169                 7    372             3
#> 5117       19641           66                11   1160             5
#> 5118       10785           55                11   1056             5
#> 5119       30101          209                11   1023             2
#> 5120       12007           21                 6    681             5
#> 5121       26438           49                16   1426             5
#> 5122       26636          435                11   1051             1
#> 5123       14968          156                 8    774             3
#> 5124       15301           79                10    890             4
#> 5125       39571          101                10    943             4
#> 5126       29390           46                 9   1206             5
#> 5127       23761          117                 7    707             4
#> 5128        9762          262                11   1073             2
#> 5129       17509          228                12   1450             2
#> 5130       28417          308                13   1340             1
#> 5131       31189          143                 5    549             3
#> 5132       11278           24                 9    737             5
#> 5133       20865          381                 7    638             1
#> 5134       36460          442                10    889             1
#> 5135        4031           56                17   1434             5
#> 5136       36370          290                 8    709             1
#> 5137         873          219                 7    638             2
#> 5138       18841           73                 5    530             5
#> 5139       14036          178                12   1135             2
#> 5140       31309          175                 6    542             3
#> 5141        1191          198                13   1454             2
#> 5142       25233          417                 7    607             1
#> 5143       10312          169                 8    736             3
#> 5144       10055           96                11   1169             4
#> 5145       35880           37                10   1102             5
#> 5146       37076          309                 8    591             1
#> 5147       26612          151                11   1086             3
#> 5148        7556           73                 7    743             5
#> 5149       12792           60                 8    955             5
#> 5150       13073          345                13   1311             1
#> 5151       20282          152                13   1546             3
#> 5152       36894          182                 9   1073             2
#> 5153        5851          139                17   1513             3
#> 5154       33268           33                 8    917             5
#> 5155       15001          129                 7    879             3
#> 5156       27421           42                12   1339             5
#> 5157       16560           81                 6    429             4
#> 5158       23970           76                11    909             5
#> 5159       34376          129                14   1158             3
#> 5160       23281          379                10   1159             1
#> 5161       33677           91                11   1330             4
#> 5162       21998          469                 9    916             1
#> 5163       38018          551                 5    525             1
#> 5164        7609          149                11   1065             3
#> 5165       20569          407                11    734             1
#> 5166       38261           55                 9    871             5
#> 5167       35436          113                15   1402             4
#> 5168       35731          331                15   1574             1
#> 5169       16417          176                 5    209             3
#> 5170       27302          142                 9    874             3
#> 5171       39431          389                 5    560             1
#> 5172        5463          357                 6    401             1
#> 5173       32400           65                14    829             5
#> 5174       11405           66                11   1365             5
#> 5175       16532          199                 7    730             2
#> 5176       12972          308                 9    760             1
#> 5177       26101          117                16   1563             4
#> 5178        2589           21                11   1095             5
#> 5179       35828          342                 9    777             1
#> 5180        3956          418                 8    680             1
#> 5181       37727          172                 8    736             3
#> 5182        6504          191                11   1433             2
#> 5183       18259          142                12   1036             3
#> 5184       39802          208                 9    672             2
#> 5185       32700          456                10   1062             1
#> 5186        6048           51                 9    732             5
#> 5187        4429          251                11   1116             2
#> 5188       15752          316                 5    765             1
#> 5189       18757           10                13   1581             5
#> 5190       25167           83                 9    725             4
#> 5191       39486           71                10   1055             5
#> 5192        8830          482                 7    644             1
#> 5193       28844           82                11   1010             4
#> 5194       24796          137                11   1178             3
#> 5195       23071           48                 6    500             5
#> 5196        1005           37                18   1660             5
#> 5197        6779           49                12   1156             5
#> 5198       18434          100                10    784             4
#> 5199       32498           84                18   1455             4
#> 5200        2373          569                 4    301             1
#> 5201       12614          417                 5    611             1
#> 5202       34792          183                13   1211             2
#> 5203        6238           97                 8    747             4
#> 5204       24337          115                 9    755             4
#> 5205       19671           32                14   1262             5
#> 5206       20850          156                12   1228             3
#> 5207       10746          679                 3    180             1
#> 5208        3767          103                12   1013             4
#> 5209       35850          100                12   1334             4
#> 5210       30785          148                11    904             3
#> 5211        2406          144                 5    520             3
#> 5212       13489           96                 7    391             4
#> 5213        7909          149                11   1312             3
#> 5214       27466          123                10    925             4
#> 5215        8540           96                 8   1232             4
#> 5216       28764          130                 7    638             3
#> 5217       36886          168                12   1316             3
#> 5218       28919           90                 5    679             4
#> 5219       30085           48                 9    945             5
#> 5220       14948          114                 9   1025             4
#> 5221       38982           46                 7    500             5
#> 5222       36045          190                 8    854             2
#> 5223       30712          353                 5    465             1
#> 5224       10002          100                 6    560             4
#> 5225       38971          338                 9   1096             1
#> 5226        2677          136                 5    603             3
#> 5227        4912           82                11   1328             4
#> 5228       11521           84                11   1111             4
#> 5229       12858          261                 8    740             2
#> 5230       32148          204                21   2172             2
#> 5231         768          173                19   2422             3
#> 5232        4493          268                 7    626             1
#> 5233       18078          200                10    878             2
#> 5234        9377           84                 5    533             4
#> 5235        6703          190                 7    770             2
#> 5236       17638          181                 6    498             2
#> 5237       19600          379                11    839             1
#> 5238       28330           39                12   1109             5
#> 5239       28121            3                15   1396             5
#> 5240       30883          243                12   1362             2
#> 5241       39201          198                11   1106             2
#> 5242       36874          136                13   1258             3
#> 5243       10172          256                10   1176             2
#> 5244       39908          166                 6    531             3
#> 5245       39922          126                11   1337             3
#> 5246        3914          216                12    929             2
#> 5247        1579          110                12    822             4
#> 5248       32367          218                13   1060             2
#> 5249       37166           52                11   1118             5
#> 5250       36879          262                10    944             2
#> 5251       39960          124                14   1347             4
#> 5252       14861           86                 8    771             4
#> 5253        3431          315                12    820             1
#> 5254       31705          164                 3    236             3
#> 5255       26916          245                 9   1069             2
#> 5256        4107          191                13   1363             2
#> 5257       12159          139                11   1441             3
#> 5258       13224          105                17   1735             4
#> 5259        7839          225                10   1382             2
#> 5260       31743          109                12   1213             4
#> 5261       11027          246                 7    476             2
#> 5262       26996           99                10    666             4
#> 5263       28826          107                13    981             4
#> 5264       23052          181                 8    959             2
#> 5265        9364           14                 9    664             5
#> 5266       18484           57                14   1088             5
#> 5267       39844          352                 7    694             1
#> 5268        9118          104                12   1060             4
#> 5269       22725          438                 4    572             1
#> 5270       21397          125                 7    778             4
#> 5271       18192          429                14   1280             1
#> 5272       21192          183                 5    566             2
#> 5273       28077          162                11    875             3
#> 5274       20648           41                20   2155             5
#> 5275       20266           71                12   1241             5
#> 5276       30812          112                 8    758             4
#> 5277       25238           28                10   1280             5
#> 5278       34392           70                 9   1166             5
#> 5279       38286           73                10   1138             5
#> 5280       24557           89                10    812             4
#> 5281       16446          316                 9    991             1
#> 5282       30856          203                12   1230             2
#> 5283       15080           85                10    789             4
#> 5284       12195          108                 9   1193             4
#> 5285       29308          233                10    832             2
#> 5286       25616          315                 7    742             1
#> 5287       26600           77                 4    393             4
#> 5288       16865          116                15   1563             4
#> 5289        2773          112                13   1058             4
#> 5290       11163           51                 8    838             5
#> 5291       30422            4                 8    868             5
#> 5292       36016          176                13   1688             3
#> 5293        5695           67                11   1351             5
#> 5294       32711          173                 7    855             3
#> 5295       23911          132                 7    585             3
#> 5296       18953          236                 5    377             2
#> 5297       14545          216                13   1359             2
#> 5298       30268          209                11   1380             2
#> 5299       34152          106                 7    509             4
#> 5300        4955          213                 9    800             2
#> 5301       30029          256                10   1121             2
#> 5302       13520           38                13   1583             5
#> 5303        1094          115                 6    445             4
#> 5304        5341          104                13   1160             4
#> 5305       12604          139                 7    635             3
#> 5306       12067          111                 9    884             4
#> 5307       15751           40                15   1417             5
#> 5308        9248           51                 7    831             5
#> 5309       17126           88                 9    972             4
#> 5310       14577           74                10   1173             5
#> 5311       14270          114                 7    835             4
#> 5312       35136           88                 7    938             4
#> 5313       18119          170                 8    991             3
#> 5314        1308          158                10    999             3
#> 5315       32130          217                10   1452             2
#> 5316       36226          127                11   1142             3
#> 5317        6082          157                 8    575             3
#> 5318       30030          181                11    930             2
#> 5319        7140          277                10   1036             1
#> 5320        5669           58                14   1126             5
#> 5321       24902           43                 5    647             5
#> 5322       30815          365                12    935             1
#> 5323       18494          547                 7    777             1
#> 5324       20155          189                12    994             2
#> 5325       22567          197                 9    779             2
#> 5326       36562          216                 7    747             2
#> 5327       24575           83                 6    725             4
#> 5328       11052          497                10   1182             1
#> 5329        3439          141                 7    638             3
#> 5330       22824          107                11    942             4
#> 5331       39897          104                10    999             4
#> 5332       19841           77                10   1154             4
#> 5333       32964          254                 7    745             2
#> 5334       14126           31                 9    914             5
#> 5335        6091          351                 9    692             1
#> 5336       28124          394                11    981             1
#> 5337       17473           79                10    863             4
#> 5338       37865          222                12    614             2
#> 5339       28342           43                10    833             5
#> 5340       11818          202                12   1537             2
#> 5341       21814          149                 8    554             3
#> 5342        1348          119                 9    647             4
#> 5343        3426          167                 8    596             3
#> 5344       13988           66                12   1342             5
#> 5345        3801          108                 9    870             4
#> 5346        5754          440                 7    429             1
#> 5347       17658          117                10   1054             4
#> 5348       27417           77                13   1824             4
#> 5349       35255          143                11   1090             3
#> 5350        6040           69                 8    673             5
#> 5351       27432          210                12   1206             2
#> 5352       12169           92                12    936             4
#> 5353        1025          122                 7    753             4
#> 5354       39942          158                 6    698             3
#> 5355       21542          131                10    817             3
#> 5356       20962          326                11    908             1
#> 5357       18932            8                 8    765             5
#> 5358        5997           99                16   1193             4
#> 5359       36904           57                12   1600             5
#> 5360       10461          139                 8    596             3
#> 5361       27639          166                17   1214             3
#> 5362       17868           88                10    913             4
#> 5363       18184          155                 6    243             3
#> 5364        3706          379                 3    265             1
#> 5365       25255           35                 5    405             5
#> 5366       16237           67                 9    843             5
#> 5367        3077          171                 9    762             3
#> 5368        3861          131                14    821             3
#> 5369       14816          260                11   1334             2
#> 5370        1799          164                 8    526             3
#> 5371       12092           41                15   1722             5
#> 5372        9500           19                 8    782             5
#> 5373       30660          292                13    929             1
#> 5374       25265           99                14   1442             4
#> 5375       15374           33                12   1402             5
#> 5376       19231           64                14   1425             5
#> 5377       22788           78                 8    659             4
#> 5378       26756          245                16   1627             2
#> 5379       15230            3                11   1115             5
#> 5380       33037           86                 9    742             4
#> 5381       20107          181                 7    588             2
#> 5382       18802          199                 8   1049             2
#> 5383       24089          118                10    857             4
#> 5384       15649          229                13   1041             2
#> 5385       27257           88                12   1119             4
#> 5386       25660          432                 5    368             1
#> 5387       33134           99                 8    792             4
#> 5388       31294           85                 8    879             4
#> 5389       15623          411                12    798             1
#> 5390        3440          127                13   1570             3
#> 5391       35697            5                 8   1121             5
#> 5392       12519          282                 7    815             1
#> 5393       21497          159                 8    839             3
#> 5394       12641          203                13   1193             2
#> 5395       18442          184                 9    756             2
#> 5396       31442          120                11    665             4
#> 5397       34749          175                 6    815             3
#> 5398        8528           15                12   1134             5
#> 5399       23624          118                10   1301             4
#> 5400       38254          533                 3    523             1
#> 5401       21950          182                 9    925             2
#> 5402        1034          114                12   1438             4
#> 5403        5402          259                17   1810             2
#> 5404       29650           87                 8    522             4
#> 5405       30981          152                17   2021             3
#> 5406       23905           61                 8    832             5
#> 5407       17060          169                 9    446             3
#> 5408       25648          404                11   1298             1
#> 5409        7487          253                14   1504             2
#> 5410       13335          110                14   1530             4
#> 5411       26172          544                 5    416             1
#> 5412        8305           14                10    974             5
#> 5413        3686          225                 7    713             2
#> 5414       31849           22                10   1341             5
#> 5415        7766          106                10    707             4
#> 5416       17356          166                11    885             3
#> 5417       34574          238                 9    666             2
#> 5418       18568          202                12   1092             2
#> 5419       38998           48                14   1231             5
#> 5420        3055           66                 7    944             5
#> 5421       23986          353                11   1227             1
#> 5422       13873          489                 6    619             1
#> 5423       24024           56                16   1954             5
#> 5424        3352          421                11   1002             1
#> 5425       13808          214                10    741             2
#> 5426        5371          509                11   1169             1
#> 5427       22389          225                11    981             2
#> 5428       30116          552                 3    305             1
#> 5429       32278          121                12   1428             4
#> 5430        5408          169                10    803             3
#> 5431       22827           23                12   1049             5
#> 5432       24045          123                12   1253             4
#> 5433       27878           24                10   1065             5
#> 5434       39774          123                10    982             4
#> 5435        5981          123                11   1151             4
#> 5436        6325           12                11    961             5
#> 5437       21127          175                 7    962             3
#> 5438       29406           75                 8    668             5
#> 5439        5500          259                 7    734             2
#> 5440       15380          292                 7    549             1
#> 5441       26034          106                11   1414             4
#> 5442       30915           42                 7    626             5
#> 5443       24131          143                 9    832             3
#> 5444       39608            4                12   1419             5
#> 5445        3155          386                11   1305             1
#> 5446       13066          231                 9    555             2
#> 5447       32115          442                12   1118             1
#> 5448        4941          101                 7    887             4
#> 5449       32004           35                13    877             5
#> 5450       28396           84                 8    903             4
#> 5451       37338           66                12    887             5
#> 5452       35022          154                 6    481             3
#> 5453       14930           71                10   1166             5
#> 5454        5372          483                10    781             1
#> 5455        4091          196                 8    824             2
#> 5456       22878          107                17   1839             4
#> 5457       39661          115                10    942             4
#> 5458       20115          114                14    914             4
#> 5459       15205          425                10    953             1
#> 5460       15105           29                 8    672             5
#> 5461       26698          310                 8    592             1
#> 5462        9550          195                11   1119             2
#> 5463       29551           23                12   1195             5
#> 5464       25130           93                11    777             4
#> 5465       22882          119                 7    557             4
#> 5466       29257          182                16   1889             2
#> 5467       18878          178                 6    679             2
#> 5468       33081          118                 9    632             4
#> 5469       37322          225                12   1183             2
#> 5470        6992          306                 4    533             1
#> 5471       32689          277                 8    862             1
#> 5472        6676          189                14   1471             2
#> 5473       22173           69                 7    574             5
#> 5474       13149          127                12   1012             3
#> 5475       17552          132                 7    453             3
#> 5476       17283          138                 9   1076             3
#> 5477        1909          128                13   1201             3
#> 5478       19806           68                 9    843             5
#> 5479        5647           84                 8   1107             4
#> 5480       21989          538                 4    713             1
#> 5481       26997          226                13   1484             2
#> 5482       16921           48                11   1325             5
#> 5483       22995          193                 8    722             2
#> 5484       28511          127                 6    402             3
#> 5485       39853          139                11    681             3
#> 5486        3633          236                10    642             2
#> 5487       18430          101                14   1396             4
#> 5488       30603          156                13    812             3
#> 5489       23465           96                23   2077             4
#> 5490       11222          130                16   1294             3
#> 5491       28736           30                12   1138             5
#> 5492       16230          144                 8    765             3
#> 5493       39655          377                13    925             1
#> 5494       23333          123                 7    682             4
#> 5495       22283          230                11   1291             2
#> 5496        9783          138                13   1222             3
#> 5497       30542          293                 7    554             1
#> 5498       35153          347                 5    390             1
#> 5499       20579          158                12    923             3
#> 5500        8561          164                 6    603             3
#> 5501       39314           29                 9    534             5
#> 5502       26982          120                12   1088             4
#> 5503       38533          106                 9    573             4
#> 5504       20097          590                 9    900             1
#> 5505       20392          298                 6    624             1
#> 5506        2234          433                 8    951             1
#> 5507       21096          481                 5    461             1
#> 5508        1197          133                17   1705             3
#> 5509       39721          125                 9    971             4
#> 5510       34417          140                12   1306             3
#> 5511       19993          185                 4    569             2
#> 5512       32040           88                 7    696             4
#> 5513        7424           33                11    976             5
#> 5514       17404           63                12   1355             5
#> 5515       39502          210                12    945             2
#> 5516       30064          110                13   1670             4
#> 5517       32729          111                16   1424             4
#> 5518       20664          103                 6    503             4
#> 5519        5035          126                18   1695             3
#> 5520       13460          161                14   1524             3
#> 5521       10524          269                13   1338             1
#> 5522       21657           74                 9    755             5
#> 5523       18518          168                 7    912             3
#> 5524        1716          120                 6    616             4
#> 5525       36928           54                10   1027             5
#> 5526       11812          369                 9    963             1
#> 5527        6440          228                 9    713             2
#> 5528       20384          485                 4    573             1
#> 5529       18040          144                11   1063             3
#> 5530       29400          123                 8    504             4
#> 5531       15552          168                11   1079             3
#> 5532       27320          188                 7    802             2
#> 5533       12190          186                15   1083             2
#> 5534       13229          137                 9    879             3
#> 5535       21609          487                 3    291             1
#> 5536       15428          132                12   1218             3
#> 5537        2767          253                12   1195             2
#> 5538        3022          261                 9   1139             2
#> 5539       22370          111                 7    837             4
#> 5540       24600            3                11   1086             5
#> 5541       22217          491                 8    682             1
#> 5542       30661          462                 9   1016             1
#> 5543        8224          274                 5    370             1
#> 5544        6746          225                 6    630             2
#> 5545        1554          420                 8    746             1
#> 5546       19366          124                13   1705             4
#> 5547       36724          121                 5    487             4
#> 5548       11858          352                10    762             1
#> 5549        8505           58                11   1132             5
#> 5550        9134          225                11   1139             2
#> 5551       15758          236                 8    818             2
#> 5552       27901           95                 7    676             4
#> 5553       10343          235                12   1324             2
#> 5554        5869          115                 8    534             4
#> 5555        2337          302                 4    118             1
#> 5556        7968           39                12   1435             5
#> 5557       39005            3                10   1154             5
#> 5558       34440          210                18   1420             2
#> 5559       21147          100                 7    553             4
#> 5560       21258          301                 7    702             1
#> 5561        6289          309                 9    984             1
#> 5562        9279          268                10   1260             1
#> 5563        3541           78                11   1171             4
#> 5564        8905          110                15   2149             4
#> 5565       16847          250                 8    856             2
#> 5566       16241           94                 9    612             4
#> 5567        6770          136                15   1469             3
#> 5568       39074           26                12   1226             5
#> 5569       37361          419                10    946             1
#> 5570       33174          153                12    774             3
#> 5571        8524           72                10    638             5
#> 5572        6323           81                10    930             4
#> 5573       11080          439                 4    461             1
#> 5574       23506            7                 5    414             5
#> 5575       37853           97                 9    660             4
#> 5576        4598           51                10   1070             5
#> 5577        4012          460                 6    820             1
#> 5578        7649            6                 8    708             5
#> 5579       20104          322                10   1082             1
#> 5580       26238           67                 7    718             5
#> 5581        4735          328                 5    331             1
#> 5582       34045          530                 8    634             1
#> 5583       24943          109                12   1358             4
#> 5584       30440          276                10    844             1
#> 5585       29516          531                 8    943             1
#> 5586        3957          240                 6    460             2
#> 5587        6066          179                 9    468             2
#> 5588       32219           99                12   1324             4
#> 5589       10941          131                11   1393             3
#> 5590        7922           42                 6    608             5
#> 5591       27523          133                15   1703             3
#> 5592       13367          102                10    746             4
#> 5593        9548           88                 9    768             4
#> 5594       16500          171                11   1278             3
#> 5595       29563          328                10    792             1
#> 5596       31163          121                 6    570             4
#> 5597        7723            7                11   1259             5
#> 5598        2329           58                11   1123             5
#> 5599        4743           66                10    732             5
#> 5600       36218           68                 9    495             5
#> 5601        4112           91                13   1221             4
#> 5602       36497          246                 7    624             2
#> 5603        8959          117                13   1095             4
#> 5604       15735           96                 9    907             4
#> 5605        2692          122                13   1046             4
#> 5606       25609           92                 9    986             4
#> 5607       39360          121                12   1568             4
#> 5608       24996           34                15   1691             5
#> 5609       36298           56                12   1524             5
#> 5610       22094          161                 9    853             3
#> 5611        3761          431                11   1248             1
#> 5612       11277           57                 7    512             5
#> 5613        7494           60                 7    511             5
#> 5614       33900          208                 7    669             2
#> 5615       30108          128                 7    812             3
#> 5616       21709          364                 7    651             1
#> 5617       20084          260                11   1492             2
#> 5618        6914          185                 9    930             2
#> 5619       37452          188                11    804             2
#> 5620       22477           70                16   1588             5
#> 5621       20517          351                13   1678             1
#> 5622       27595          131                 8    714             3
#> 5623        5802           45                16   1909             5
#> 5624       18701          160                10    905             3
#> 5625       38778          396                 7    533             1
#> 5626       39287           94                 8    769             4
#> 5627       32619          226                 8    763             2
#> 5628       29146          328                 9    983             1
#> 5629       24427          478                 8    773             1
#> 5630       39979           56                 7    473             5
#> 5631       37546           67                 8    821             5
#> 5632       23363          165                10    963             3
#> 5633       27070          205                13   1240             2
#> 5634       38271          336                 7   1014             1
#> 5635         678           81                10   1178             4
#> 5636       24698          135                 9    980             3
#> 5637        7623          193                10   1023             2
#> 5638        3388           45                14   1642             5
#> 5639       10902          167                14   1451             3
#> 5640       37722          161                 9    722             3
#> 5641        6260          346                11    880             1
#> 5642       22903          191                 7    930             2
#> 5643       37151          198                 8    683             2
#> 5644       14822          171                 6    494             3
#> 5645         934          435                11    716             1
#> 5646       28849           84                 7    569             4
#> 5647       23165           73                12    755             5
#> 5648        8035           67                 5    541             5
#> 5649       13008          206                13   1347             2
#> 5650       16061          316                 8    683             1
#> 5651       34432          510                 7    999             1
#> 5652       10256          231                10   1008             2
#> 5653        4020          222                 9    923             2
#> 5654       28834           38                17   1716             5
#> 5655       21418          388                 7    522             1
#> 5656       24674          134                 8    645             3
#> 5657       13384           53                12   1015             5
#> 5658       11055           41                10    920             5
#> 5659       11720           79                 5    636             4
#> 5660       39640          409                12   1432             1
#> 5661       16708          204                 6    686             2
#> 5662       18628           14                 9   1212             5
#> 5663       26732          587                 3    492             1
#> 5664       29519          148                11    924             3
#> 5665       28092          145                11    741             3
#> 5666       11411          201                10   1265             2
#> 5667       35803           70                11    956             5
#> 5668       31008          292                 7    609             1
#> 5669       28681          163                 7    639             3
#> 5670       33078           68                10   1288             5
#> 5671       26158          216                 9   1021             2
#> 5672       30356           61                13    867             5
#> 5673       31801          195                 8    812             2
#> 5674       10684          255                12    649             2
#> 5675       33809           94                 9    852             4
#> 5676       11681           95                 9    940             4
#> 5677       21705          140                13   1350             3
#> 5678       23216           34                 9   1021             5
#> 5679       25096          186                13   1109             2
#> 5680       21439           65                18   1651             5
#> 5681       29384          123                15   1346             4
#> 5682       33689          180                 6    300             2
#> 5683       16662           75                15   1651             5
#> 5684       17541           75                12    976             5
#> 5685       29227          548                 5    322             1
#> 5686       34664          384                 8   1000             1
#> 5687        3073          305                10    511             1
#> 5688        8419            7                10    985             5
#> 5689       18493          264                 8    562             2
#> 5690       14357          191                 9    725             2
#> 5691       21522          141                10   1227             3
#> 5692       30335          289                 8    707             1
#> 5693        8920          555                 4    307             1
#> 5694        3163           88                12    960             4
#> 5695       13680          351                10   1015             1
#> 5696        2579          193                11   1016             2
#> 5697       14656          104                 5    558             4
#> 5698        2441          200                10    989             2
#> 5699       35384          372                10   1208             1
#> 5700       17934           28                11   1032             5
#> 5701       27331          104                 9    857             4
#> 5702        6106           51                15    955             5
#> 5703        1997          121                12   1019             4
#> 5704       38904           83                 9   1006             4
#> 5705       39530           71                11    749             5
#> 5706       22855          198                 8    958             2
#> 5707        6780           76                15   1413             5
#> 5708        6093          208                 9    892             2
#> 5709       13231          249                 5    488             2
#> 5710       34041          286                 9    804             1
#> 5711       32019           56                 7    650             5
#> 5712       31876          323                 8    666             1
#> 5713       31715           14                10    642             5
#> 5714       38005          134                15    956             3
#> 5715       14377          163                 6    666             3
#> 5716       15816           32                 7    617             5
#> 5717       12723          136                10    600             3
#> 5718       16859          200                14   1615             2
#> 5719       12892           86                 5    424             4
#> 5720        2366          108                 6    805             4
#> 5721       11216          210                 7    801             2
#> 5722        3047           99                11   1036             4
#> 5723       32315           87                13   1210             4
#> 5724       26219          420                 9    735             1
#> 5725        7885          208                11    778             2
#> 5726       35506           90                17   1435             4
#> 5727       29582          428                 8   1039             1
#> 5728       10940           61                15   1439             5
#> 5729       14597            9                10   1040             5
#> 5730       18389          474                 1     52             1
#> 5731       25742          152                 8    766             3
#> 5732       18852          106                10    831             4
#> 5733       15504          482                 7    425             1
#> 5734       39441          368                 3    163             1
#> 5735       37183          155                14   1517             3
#> 5736       15339          188                 7    701             2
#> 5737       12514           81                 8    918             4
#> 5738       26442          216                 9    700             2
#> 5739       31555           46                14   1720             5
#> 5740       27864          345                 9    812             1
#> 5741       29692           92                 9    777             4
#> 5742       11871           10                15   1438             5
#> 5743        9510          344                14   1271             1
#> 5744       17960          159                 5    529             3
#> 5745       31726          109                 8    850             4
#> 5746       24915          163                10    482             3
#> 5747       26008          212                 6    451             2
#> 5748       31737          293                 9    870             1
#> 5749       38399          172                 9    947             3
#> 5750       14011          465                 6    347             1
#> 5751        4061           33                 8    655             5
#> 5752       33251          124                 9    926             4
#> 5753        2034          165                11   1226             3
#> 5754       27874          530                10    848             1
#> 5755       13783          127                 9    635             3
#> 5756       34869           98                 5    702             4
#> 5757       26427          178                10   1482             2
#> 5758       17460          497                 8    760             1
#> 5759       35309          100                 9   1006             4
#> 5760       34729          142                 9    773             3
#> 5761       19828          199                 8    783             2
#> 5762        1037          116                 8    630             4
#> 5763       12146           97                 7    886             4
#> 5764       20108          268                 6    627             1
#> 5765       28486           98                 9    942             4
#> 5766        2239          123                12   1366             4
#> 5767         985          126                11   1150             3
#> 5768       12838           91                 8    781             4
#> 5769       38704           37                 6    323             5
#> 5770       21864          224                 6    351             2
#> 5771       10803          236                12   1482             2
#> 5772       39654          237                12   1567             2
#> 5773       26885          263                 9   1042             2
#> 5774        1981          270                 7    732             1
#> 5775        1887          105                12   1134             4
#> 5776       36459          115                 6    568             4
#> 5777       13720          209                12    969             2
#> 5778       37140          133                 9    759             3
#> 5779       18997          245                 8   1021             2
#> 5780        8245          255                10   1218             2
#> 5781       23859          439                15   1480             1
#> 5782       36167          145                 6    858             3
#> 5783        8456          334                13   1166             1
#> 5784       20541          233                 6    526             2
#> 5785       16234           53                15    989             5
#> 5786        7521          159                 6    621             3
#> 5787       39683          336                 3    295             1
#> 5788        4077          213                 8    766             2
#> 5789       36527          459                 7    703             1
#> 5790       27927          111                10    750             4
#> 5791       35727           52                11   1017             5
#> 5792       11039          534                 8    778             1
#> 5793       20111          185                 5    410             2
#> 5794       32300          193                 5    309             2
#> 5795       11821          392                 9    590             1
#> 5796       12862          127                12   1040             3
#> 5797        1738           45                 6    711             5
#> 5798       18899           22                 9    695             5
#> 5799         842          186                 9    956             2
#> 5800       33470           39                13   1182             5
#> 5801       21037           66                11   1281             5
#> 5802        3000          120                15    945             4
#> 5803        1707          181                 8    618             2
#> 5804       16099           87                11    923             4
#> 5805       33312          434                10    434             1
#> 5806       29361           93                16   1277             4
#> 5807       19133          113                 9    694             4
#> 5808        1617          457                 8   1016             1
#> 5809       35259          193                 9    793             2
#> 5810       23192           26                 9    897             5
#> 5811       25972           92                 9   1064             4
#> 5812       12553          152                 9    908             3
#> 5813        1324          111                 6    527             4
#> 5814        8253           98                10    826             4
#> 5815       27548          118                 6    315             4
#> 5816       31730          189                10    699             2
#> 5817       25835          629                 5    414             1
#> 5818        4462          567                 5    524             1
#> 5819       35582          427                 7    646             1
#> 5820       12046          258                11    918             2
#> 5821       35461           82                12    895             4
#> 5822        5555          128                10    858             3
#> 5823       20646          467                 7   1016             1
#> 5824       33131          179                11   1359             2
#> 5825       28257          129                 7    920             3
#> 5826       37175            5                 7    730             5
#> 5827       14501          196                12   1188             2
#> 5828        8627          141                11   1252             3
#> 5829       36559           74                 8    835             5
#> 5830       23848          143                 8    886             3
#> 5831       32919          150                 9    973             3
#> 5832       29952           95                 5    365             4
#> 5833       23988           85                14   1435             4
#> 5834       26592          176                11   1139             3
#> 5835        6227          227                15   1394             2
#> 5836       25329           85                12   1227             4
#> 5837       13890          455                 8    647             1
#> 5838       29315           92                15   1018             4
#> 5839       32196          165                19   1486             3
#> 5840        5608          293                15   1128             1
#> 5841       25082          115                 9   1028             4
#> 5842       36949          115                15   1510             4
#> 5843       25855          144                16   1444             3
#> 5844         475          170                13   1388             3
#> 5845       12832          112                10    857             4
#> 5846       13841           74                 8    756             5
#> 5847       39768          265                12   1183             2
#> 5848       23760           87                 7    568             4
#> 5849       24544          142                14   1322             3
#> 5850        6406          213                13   1375             2
#> 5851       29696          148                 6    445             3
#> 5852       27624           50                11   1059             5
#> 5853         280          314                 7    679             1
#> 5854       16167          111                 7    843             4
#> 5855       15134           86                11   1271             4
#> 5856       28299          238                 8    940             2
#> 5857       15244           77                12   1184             4
#> 5858       24958          496                 5    400             1
#> 5859        9034          168                17   1670             3
#> 5860       20427          257                 9    777             2
#> 5861       28471          245                10    951             2
#> 5862        5945          144                 8    693             3
#> 5863       21151          375                12    993             1
#> 5864       26960          197                10   1207             2
#> 5865       37961          135                11    877             3
#> 5866       19846          119                 8    808             4
#> 5867       35888          147                19   1908             3
#> 5868       37317          145                13   1045             3
#> 5869       39169          126                 7    710             3
#> 5870       37678           12                10   1120             5
#> 5871        3551           81                12   1285             4
#> 5872       21980          204                12    893             2
#> 5873       13774          454                10    828             1
#> 5874        1079          272                 8    539             1
#> 5875       18462          188                12   1026             2
#> 5876       12680          206                10    748             2
#> 5877       26973          474                12    886             1
#> 5878       38464           61                13   1497             5
#> 5879       33406          192                13   1378             2
#> 5880       15927          189                10    545             2
#> 5881       21188          164                19   1860             3
#> 5882       31001          173                 6    368             3
#> 5883       18755          203                 7    580             2
#> 5884         553           60                11   1427             5
#> 5885        2456          169                11    958             3
#> 5886        3798          521                 8    783             1
#> 5887       16632          118                10    996             4
#> 5888       37067          126                11   1144             3
#> 5889       24848           97                11   1195             4
#> 5890       13235          145                11    964             3
#> 5891       38367          178                13   1316             2
#> 5892       19130          173                10    747             3
#> 5893       18423          295                 8    575             1
#> 5894       37893          223                13   1339             2
#> 5895       37601          171                 7    878             3
#> 5896       20943          252                16   1845             2
#> 5897        6117           37                12   1080             5
#> 5898       38176          121                 8    881             4
#> 5899       20197           47                14   1390             5
#> 5900        2161          105                11   1356             4
#> 5901        5874          459                 8    899             1
#> 5902       14521          252                 7    685             2
#> 5903       10268          148                12   1065             3
#> 5904        4802          259                16   1645             2
#> 5905       21643          131                17   1427             3
#> 5906       10944          105                12   1334             4
#> 5907       10898          169                 5    438             3
#> 5908        3134          103                11    926             4
#> 5909       33088           40                14   1154             5
#> 5910       24914          281                 8    912             1
#> 5911       22863          118                 7    734             4
#> 5912       14230          213                 8    561             2
#> 5913       27199          105                 9   1092             4
#> 5914        4063           76                 9    873             5
#> 5915       34083          180                11   1371             2
#> 5916       33228          435                 5    640             1
#> 5917       24742          287                 6    667             1
#> 5918       12869          517                 9    990             1
#> 5919        2032            6                 8    728             5
#> 5920         743          166                 8    604             3
#> 5921        8464          211                10   1242             2
#> 5922        5055          459                 6    619             1
#> 5923       30934          120                12   1173             4
#> 5924       10425          160                 9    483             3
#> 5925        8935          343                 9    672             1
#> 5926       18626           30                 9    911             5
#> 5927       30737          461                 5    338             1
#> 5928       25024          187                 6    667             2
#> 5929        8327          276                15   1792             1
#> 5930       34638           84                12   1093             4
#> 5931       28079          140                12    962             3
#> 5932        1610           93                 6    672             4
#> 5933       36528          156                 7    829             3
#> 5934       25248          147                10    871             3
#> 5935       21040          128                13   1257             3
#> 5936        5799          173                13   1272             3
#> 5937       28266          203                13   1146             2
#> 5938        4715           44                17   1793             5
#> 5939       29764           99                12   1239             4
#> 5940       19359          542                 4    525             1
#> 5941       35977          180                15   1358             2
#> 5942       27083           28                18   1851             5
#> 5943       26773           58                10    909             5
#> 5944       20177          170                12   1202             3
#> 5945       20550          125                11   1171             4
#> 5946       11292          103                13   1057             4
#> 5947       38875           96                13   1090             4
#> 5948        6522          403                11    973             1
#> 5949        9052          148                11   1130             3
#> 5950       15030          226                 7    431             2
#> 5951       14712          248                12   1018             2
#> 5952       21076          157                 7    475             3
#> 5953        4400          210                11   1231             2
#> 5954        5599          103                13    974             4
#> 5955       14530           42                14   1573             5
#> 5956       24635          429                 9    843             1
#> 5957       22948          116                15   1516             4
#> 5958       25688          283                12    848             1
#> 5959       18892          226                 5    594             2
#> 5960       20981          179                 5    549             2
#> 5961       11855          114                11    771             4
#> 5962       16150          227                 9    848             2
#> 5963         506          144                14   1559             3
#> 5964        5733          228                17   2166             2
#> 5965       28348          156                16   1843             3
#> 5966        9931          144                 7    935             3
#> 5967       21051           25                13   1056             5
#> 5968       35663           45                 4    450             5
#> 5969       23518          113                 8    983             4
#> 5970       39621          252                 9   1037             2
#> 5971       38669          335                10    845             1
#> 5972       31177          132                11    904             3
#> 5973        8106          132                11    946             3
#> 5974        5670          105                12   1310             4
#> 5975        3770          106                12   1187             4
#> 5976        8603           30                10    797             5
#> 5977        9037          229                 9    685             2
#> 5978       38033          358                 8    541             1
#> 5979         921          175                18   1954             3
#> 5980       10680          234                 6    506             2
#> 5981       21727           93                 4    413             4
#> 5982       20165          203                 6    814             2
#> 5983       22029          169                11   1096             3
#> 5984       38719          106                 7    757             4
#> 5985        3378          494                12   1243             1
#> 5986       35321           72                 9   1091             5
#> 5987       14976          135                 7    429             3
#> 5988       20964          160                 4    433             3
#> 5989       36066          150                13   1068             3
#> 5990       34318           89                10    787             4
#> 5991       15443          109                10    714             4
#> 5992       12214          112                11    908             4
#> 5993        6314           85                 7    563             4
#> 5994       33103          436                14   1735             1
#> 5995       28069          208                12   1055             2
#> 5996        8042          167                12    681             3
#> 5997       38182          133                 7    483             3
#> 5998        7227           18                 9    519             5
#> 5999        3564          239                 5    401             2
#> 6000       25316          114                 8    652             4
#> 6001       37221          269                11   1001             1
#> 6002       38722           41                16   1092             5
#> 6003       14452          381                 6    930             1
#> 6004       27196          272                 7    624             1
#> 6005       36333          534                 5    425             1
#> 6006       37598          164                12   1066             3
#> 6007       30402          141                 8    870             3
#> 6008       35061          538                 5    718             1
#> 6009       25084          514                11    981             1
#> 6010       17534          196                 6    509             2
#> 6011       32662           64                10   1019             5
#> 6012       28322          420                13    827             1
#> 6013        2135          470                11   1084             1
#> 6014       37401          209                 8    728             2
#> 6015       25044           61                 8    544             5
#> 6016       19864           70                11   1005             5
#> 6017       17712           98                10    972             4
#> 6018       23301          439                 7    380             1
#> 6019       22271           68                 7    866             5
#> 6020       33153          696                 3    303             1
#> 6021         535          123                 9    685             4
#> 6022       11883          226                13    978             2
#> 6023       37027          181                10    970             2
#> 6024       28055          489                 9    848             1
#> 6025        7509          144                12    764             3
#> 6026        9064          267                 6    519             1
#> 6027       24182          191                10    980             2
#> 6028       13512          116                10    801             4
#> 6029       23698          322                 7    839             1
#> 6030       38689           85                 8    780             4
#> 6031       13479           89                16   1564             4
#> 6032       37250          347                10    928             1
#> 6033        3355          212                 5    507             2
#> 6034       31076          231                 7    649             2
#> 6035        6632          132                14   1366             3
#> 6036       11136          393                 6    600             1
#> 6037       14340          144                 9    845             3
#> 6038        7422          136                13   1355             3
#> 6039       25049          132                12   1321             3
#> 6040        8687           26                11   1053             5
#> 6041       22673          123                10   1031             4
#> 6042       20336          138                10    963             3
#> 6043        8827          214                11   1261             2
#> 6044       34648           19                14   1538             5
#> 6045       39876          322                11   1259             1
#> 6046       18025          302                 8   1209             1
#> 6047       20164          281                 6    591             1
#> 6048       25728          134                 7    612             3
#> 6049        6919           89                14   1456             4
#> 6050       31999          354                12   1233             1
#> 6051       18135          353                11    976             1
#> 6052        1481           18                 5    481             5
#> 6053        4430           58                 9    908             5
#> 6054       39220          526                 8    874             1
#> 6055        4797          144                 8    880             3
#> 6056       20744          136                 8    882             3
#> 6057         643          155                12   1084             3
#> 6058       31745          146                 8    868             3
#> 6059       17609          295                11    881             1
#> 6060       38648          500                 8    672             1
#> 6061       38493          329                13   1206             1
#> 6062       39155          434                 8    430             1
#> 6063       11745          148                 8    862             3
#> 6064       33300          150                10   1195             3
#> 6065        3433          199                10    875             2
#> 6066       26126          232                13   1207             2
#> 6067       30488          299                13   1124             1
#> 6068       17386          295                10   1099             1
#> 6069       22713           54                15   1811             5
#> 6070       35779          262                 5    521             2
#> 6071       18448          135                10    786             3
#> 6072        8271          374                 5    386             1
#> 6073       22745          184                13   1215             2
#> 6074       23555          408                 4    558             1
#> 6075        2461          117                 3    316             4
#> 6076        6104          259                 7    805             2
#> 6077       27418           48                13   1298             5
#> 6078       25205          487                 5    505             1
#> 6079       10427          495                 7    578             1
#> 6080       15973          290                 9    757             1
#> 6081       37777           58                12   1128             5
#> 6082       22018           49                 8    674             5
#> 6083       17890          152                11   1277             3
#> 6084       25204          223                 9    913             2
#> 6085       11014          170                 7    621             3
#> 6086         428          133                11   1258             3
#> 6087       35864          139                 7    604             3
#> 6088       20613           89                10   1066             4
#> 6089       15117          395                 5    449             1
#> 6090        1779          190                11    570             2
#> 6091       36584           59                 8    673             5
#> 6092       37635          130                15   1313             3
#> 6093       38153          274                 9    976             1
#> 6094       21065           87                 6    416             4
#> 6095       17054          491                12   1322             1
#> 6096       20611          158                10   1176             3
#> 6097         779          252                 7    828             2
#> 6098       26644          239                 9    741             2
#> 6099        1477          239                 7    706             2
#> 6100       39920          132                 9   1033             3
#> 6101        6433          318                10    979             1
#> 6102       27516           30                 7    532             5
#> 6103       12965          202                 8    526             2
#> 6104       12812          193                 9    806             2
#> 6105       21228          162                 7    689             3
#> 6106       25668          155                15   1591             3
#> 6107        8108           79                13   1443             4
#> 6108       29440          184                14   1157             2
#> 6109       11837          102                 6    407             4
#> 6110       30957          596                 4    503             1
#> 6111       19598           80                11   1022             4
#> 6112       26421          235                12   1220             2
#> 6113       34774          107                11   1297             4
#> 6114        4572           96                11   1019             4
#> 6115       17598           88                 6    496             4
#> 6116         476           94                10   1113             4
#> 6117       26975           86                 9    487             4
#> 6118       20176          102                13   1375             4
#> 6119       19961          190                 6    786             2
#> 6120       26051          203                12   1032             2
#> 6121       27570           36                 8    924             5
#> 6122       16352           90                11    968             4
#> 6123       34214           22                 7   1015             5
#> 6124        3665          184                 5    576             2
#> 6125       14760          182                19   1831             2
#> 6126        4804           68                12   1015             5
#> 6127       14353          240                 9    867             2
#> 6128        6383          108                 8    682             4
#> 6129       10989          138                 7    713             3
#> 6130        3399          299                 7    698             1
#> 6131       26563           96                 7    459             4
#> 6132       33625          241                 6    481             2
#> 6133       39805          144                 9    720             3
#> 6134       18553          109                10   1111             4
#> 6135       12584          220                 8    868             2
#> 6136       28967          130                19   1888             3
#> 6137         656          315                 8    973             1
#> 6138       35163           53                13   1242             5
#> 6139       36760           65                 8    633             5
#> 6140       25399          311                 8    603             1
#> 6141       33180          158                10    773             3
#> 6142       23488          120                11    752             4
#> 6143        7268           80                 8    623             4
#> 6144       37756           63                 7    794             5
#> 6145        1253          492                 7    516             1
#> 6146       36327          273                11   1178             1
#> 6147       18137          462                 7    562             1
#> 6148       22841          191                 8   1002             2
#> 6149       21174          173                10    779             3
#> 6150       14628          206                10    786             2
#> 6151       26954           21                 8   1056             5
#> 6152       22413          119                10    703             4
#> 6153        1428          163                 6    647             3
#> 6154       19363          159                 9    790             3
#> 6155       37715          330                 5    497             1
#> 6156       22897           82                10    847             4
#> 6157       28449          116                15   1160             4
#> 6158       16882          146                14   1200             3
#> 6159       19403          192                 9    680             2
#> 6160       11131           22                13    773             5
#> 6161       15984          376                10    833             1
#> 6162       17996           93                 8    712             4
#> 6163       36978          213                 8    499             2
#> 6164       13146          224                14   1764             2
#> 6165       26224          154                 9    431             3
#> 6166       35740          246                 6    463             2
#> 6167       10165          493                 5    529             1
#> 6168       23633          108                 8    546             4
#> 6169        5068          159                11   1289             3
#> 6170        4306          331                 6    556             1
#> 6171       31532           77                 8    915             4
#> 6172       20409          150                12    947             3
#> 6173       15111           55                16   1493             5
#> 6174       31810          173                10    818             3
#> 6175        3463           61                12    913             5
#> 6176        1547          152                 7    554             3
#> 6177       20056          136                15   1480             3
#> 6178       30277          303                 9    596             1
#> 6179       16179            7                14   1568             5
#> 6180       29748          301                11   1096             1
#> 6181       14893          244                12   1471             2
#> 6182       23313          152                16   1335             3
#> 6183       37196           29                14   1281             5
#> 6184       19746          141                 9    570             3
#> 6185       24774           45                 9    694             5
#> 6186       11126           74                13   1246             5
#> 6187        5390          443                 8    874             1
#> 6188        2695           14                14   1158             5
#> 6189       25523          173                11    874             3
#> 6190       18097          452                 7    424             1
#> 6191       28037          478                 9   1067             1
#> 6192       24153          290                 7    440             1
#> 6193       35521          194                11    996             2
#> 6194        1331          153                 8    655             3
#> 6195       13076          485                 9   1296             1
#> 6196        4207          337                 7    745             1
#> 6197       23103          158                14   1294             3
#> 6198        3511          212                12   1060             2
#> 6199       36911          223                 6    419             2
#> 6200        5610           41                10   1087             5
#> 6201        2340          140                12   1293             3
#> 6202        7057           72                13   1109             5
#> 6203       20979          418                14   1495             1
#> 6204       38901          121                 8    778             4
#> 6205       36462           47                19   2058             5
#> 6206       24565           47                13   1572             5
#> 6207       23529          121                 9    781             4
#> 6208       22421          427                 7    452             1
#> 6209       29145           87                 6    233             4
#> 6210       18298           17                15   1674             5
#> 6211        7642          271                 9    601             1
#> 6212       17394           56                15   1630             5
#> 6213        7101          124                 5    588             4
#> 6214       28547           74                15   1583             5
#> 6215        7540           39                10    660             5
#> 6216       18035          140                 9    965             3
#> 6217       25063          115                 7    551             4
#> 6218       11477           55                11   1231             5
#> 6219       29690           61                11   1328             5
#> 6220       22751           13                16   1604             5
#> 6221       27079          118                 6    463             4
#> 6222       36607          318                12   1299             1
#> 6223       38055          125                 8   1000             4
#> 6224       12508          351                 8    759             1
#> 6225       32584          143                13   1235             3
#> 6226       10140          212                14   1518             2
#> 6227        2836           90                 7    355             4
#> 6228        4253          157                17   2218             3
#> 6229       35630          303                14   1184             1
#> 6230       36097           25                13   1629             5
#> 6231       15222          206                11   1062             2
#> 6232       25640          105                 6    562             4
#> 6233       27791          129                12   1207             3
#> 6234       36725           59                11   1059             5
#> 6235       19325          439                13   1323             1
#> 6236       31149           69                10   1154             5
#> 6237       28585          137                13   1079             3
#> 6238         388          140                 6    479             3
#> 6239       14627          468                 8    444             1
#> 6240       16848          183                10    698             2
#> 6241       18893          144                17   1858             3
#> 6242       36414           74                12   1340             5
#> 6243       14833           52                10   1066             5
#> 6244       15670          230                 8    690             2
#> 6245       26201          181                 9    733             2
#> 6246       10296           12                12   1479             5
#> 6247        7835          100                 9    983             4
#> 6248       37739          101                 9   1066             4
#> 6249       38838           35                10    907             5
#> 6250       25902          237                10    962             2
#> 6251       23758          126                15   1404             3
#> 6252        8794          172                 8    868             3
#> 6253       24789          508                 5    506             1
#> 6254        3228          388                 2    154             1
#> 6255       22529           52                13   1198             5
#> 6256       22266          231                 6    575             2
#> 6257         909           37                 8    698             5
#> 6258        6788           57                11    727             5
#> 6259       13605          270                11   1247             1
#> 6260       27903          196                10    811             2
#> 6261       13809          116                 9    886             4
#> 6262       16310          128                10   1175             3
#> 6263         844          168                 9    630             3
#> 6264       33369          426                 8    615             1
#> 6265       17080          158                11   1121             3
#> 6266        3345          285                12   1132             1
#> 6267       21117           72                10   1015             5
#> 6268        8545          296                 3    240             1
#> 6269       19218           85                12   1449             4
#> 6270       29772          148                10   1131             3
#> 6271        5691          152                16   1162             3
#> 6272       25447          107                 7    503             4
#> 6273       32773          278                 9    874             1
#> 6274       18896           62                11    998             5
#> 6275       12759          107                 9    740             4
#> 6276       27671          141                16   1902             3
#> 6277       25129          179                11   1079             2
#> 6278       31425          161                12   1244             3
#> 6279       29775          127                17   1691             3
#> 6280       24836           58                16   1516             5
#> 6281        9054          220                 6    677             2
#> 6282       21403          182                11   1330             2
#> 6283       25663          224                11    983             2
#> 6284        4330          119                 9    573             4
#> 6285       39808          150                11   1262             3
#> 6286       25296          224                13   1009             2
#> 6287       22918           18                 7    722             5
#> 6288       22510          213                 9    760             2
#> 6289       18973           85                11   1180             4
#> 6290       33586           34                 7    486             5
#> 6291       31960           98                10   1105             4
#> 6292       35257          178                 7    754             2
#> 6293        3503           56                13   1432             5
#> 6294       30519          137                 4    472             3
#> 6295        2109           73                 6    640             5
#> 6296       16734          244                 9    807             2
#> 6297        2440          137                 9    791             3
#> 6298       11119           77                20   1976             4
#> 6299        6479          191                14   1534             2
#> 6300       21644          163                 5    557             3
#> 6301        1387           46                11   1075             5
#> 6302       27071          229                15   1641             2
#> 6303       36636          193                10   1164             2
#> 6304          17          211                13   1300             2
#> 6305        4642           64                 6    324             5
#> 6306       10187          371                 6    453             1
#> 6307       25085          145                 8    801             3
#> 6308        4633          204                13   1252             2
#> 6309       22668           81                16   1562             4
#> 6310       23634          350                 6    654             1
#> 6311       18559           99                 7    781             4
#> 6312         961          186                13    971             2
#> 6313       21356          170                12   1212             3
#> 6314       26083          474                 2    309             1
#> 6315        5506          455                 9    994             1
#> 6316       20386          146                 7    606             3
#> 6317        7932          217                 8    581             2
#> 6318       30545          410                 5    329             1
#> 6319        7458          275                 3    243             1
#> 6320       31938          178                12   1227             2
#> 6321        7004          263                 8    658             2
#> 6322       25599          131                10   1056             3
#> 6323       35383           11                12   1384             5
#> 6324       23421          185                14   1890             2
#> 6325       37759          442                10   1131             1
#> 6326       13219          245                14   1640             2
#> 6327        3150          145                15   1654             3
#> 6328       34556          155                 7    654             3
#> 6329        3925          147                10    881             3
#> 6330        5581           32                 8    845             5
#> 6331        6885          135                11    960             3
#> 6332       35772          112                 7    658             4
#> 6333        1020          149                10   1149             3
#> 6334       34890          440                15   1314             1
#> 6335       23183          202                13   1409             2
#> 6336       21635          109                13    908             4
#> 6337       16796          181                 8    924             2
#> 6338       25030          107                 9    475             4
#> 6339       36558           59                13   1175             5
#> 6340       23345          122                11   1200             4
#> 6341       16070          272                10   1061             1
#> 6342        3264          232                 9    789             2
#> 6343       18046          345                10    760             1
#> 6344       21399           64                10    728             5
#> 6345       11913          166                13   1551             3
#> 6346        2479          147                 8    914             3
#> 6347       31320          110                11   1221             4
#> 6348       28595          193                11   1129             2
#> 6349       12461          295                 7   1029             1
#> 6350        9744          114                 9   1056             4
#> 6351       18466           96                 7    652             4
#> 6352        8997          132                13   1427             3
#> 6353        4900            9                15   1691             5
#> 6354       26019          133                10   1189             3
#> 6355        5562          199                 9    868             2
#> 6356        3370          560                 6    530             1
#> 6357       17084          240                 9    803             2
#> 6358       23224          121                11    881             4
#> 6359       29135           93                 5    456             4
#> 6360       27117           72                 6    806             5
#> 6361        4082          129                10   1175             3
#> 6362       25206           66                17   1545             5
#> 6363        3129          146                 9    709             3
#> 6364       35203          260                12   1207             2
#> 6365       13620          244                13   1353             2
#> 6366        5534          124                 8    750             4
#> 6367        2167           42                12   1231             5
#> 6368       24192           96                10    866             4
#> 6369       38459          184                12   1243             2
#> 6370       20945          275                11   1209             1
#> 6371       11768          233                 9    800             2
#> 6372       18898           54                10   1120             5
#> 6373       24596           64                 6    391             5
#> 6374       39038           59                 7    835             5
#> 6375       28825          477                 5    655             1
#> 6376       35836          110                14   1205             4
#> 6377       17573            5                 7    352             5
#> 6378       20317           96                 9    861             4
#> 6379       15688           96                 8   1038             4
#> 6380       35111          543                 7    675             1
#> 6381         562          145                14   1304             3
#> 6382       39968          227                10   1057             2
#> 6383       38537          414                 7    579             1
#> 6384         876          207                10   1173             2
#> 6385       33598          174                12    852             3
#> 6386        2657           83                 9    613             4
#> 6387        7707          171                12    946             3
#> 6388       16614           47                16   1536             5
#> 6389       34767          407                 4    335             1
#> 6390        3216          132                10   1084             3
#> 6391       34943          246                12    870             2
#> 6392       33965          253                 8    692             2
#> 6393        1903          220                 6    326             2
#> 6394       32669           50                 8    663             5
#> 6395       26402           96                10   1159             4
#> 6396        6459          131                10    779             3
#> 6397       19118          130                11    702             3
#> 6398       26753          101                 8    903             4
#> 6399       20513          298                11   1074             1
#> 6400       20889           23                15   1571             5
#> 6401       29119           93                 8    726             4
#> 6402       32177          141                14   1356             3
#> 6403       21699          407                 4    330             1
#> 6404       30060          563                 9   1015             1
#> 6405       28874           34                12    952             5
#> 6406       24675          102                10    804             4
#> 6407       13358          168                15   1061             3
#> 6408       23020           81                 8    644             4
#> 6409       37797          176                 8    782             3
#> 6410       26430          211                11    951             2
#> 6411       13641          113                14   1319             4
#> 6412       30891          415                11    851             1
#> 6413       15107          145                 9    880             3
#> 6414        3425           60                15   1316             5
#> 6415        6791          279                 8   1020             1
#> 6416       26658           17                 8    729             5
#> 6417       27732          499                 4    678             1
#> 6418       36071          348                14   1390             1
#> 6419       29268           66                10   1266             5
#> 6420       39211           67                 5    462             5
#> 6421         672          185                 5    477             2
#> 6422       17489          167                15   1573             3
#> 6423        6551          234                10    742             2
#> 6424       21502          170                 7    898             3
#> 6425       19542          102                12   1056             4
#> 6426       16864          147                 8    941             3
#> 6427        5908          534                 8    666             1
#> 6428       26453          134                12   1295             3
#> 6429       21022          143                 8    911             3
#> 6430       21091          320                 7    688             1
#> 6431       38915           36                 8    755             5
#> 6432       14655          174                 6    537             3
#> 6433        5875          146                 7    342             3
#> 6434       35693           76                 5    592             5
#> 6435        8947          380                10    662             1
#> 6436       17379          294                 7    801             1
#> 6437       32875           97                 7    829             4
#> 6438       29099          247                 8    459             2
#> 6439       33104           70                12   1399             5
#> 6440        5000          267                 6    417             1
#> 6441       11363          213                11    899             2
#> 6442       35408          438                 6    509             1
#> 6443       28813          222                14   1221             2
#> 6444       24950          115                 9    666             4
#> 6445       36682           27                13   1291             5
#> 6446       30762          426                10   1224             1
#> 6447       39896          162                13   1203             3
#> 6448       29892           98                 5    580             4
#> 6449        5446          405                 4    231             1
#> 6450       34778           42                11    960             5
#> 6451       33388          171                12   1204             3
#> 6452       36100          264                 5    316             2
#> 6453        8037          217                 8    920             2
#> 6454       31995          164                11   1088             3
#> 6455       39300           79                14   1503             4
#> 6456       11823          119                16   2022             4
#> 6457       19491          194                10    990             2
#> 6458       17040          165                10   1165             3
#> 6459       31212           36                12   1215             5
#> 6460       27729          376                 7    671             1
#> 6461       34812          186                 9    611             2
#> 6462       36970          483                10   1017             1
#> 6463       11495          413                10   1171             1
#> 6464       39686          369                 3    159             1
#> 6465       38307          185                10    907             2
#> 6466       25404           40                 9    933             5
#> 6467        5085          115                 8    868             4
#> 6468       37716          465                 9    534             1
#> 6469       15280          439                 9    782             1
#> 6470       29691          137                 6    680             3
#> 6471       33993          284                10   1126             1
#> 6472       23945          207                13   1166             2
#> 6473       35489          119                11   1112             4
#> 6474       28373           78                15   1340             4
#> 6475       16914           31                 7    462             5
#> 6476       31517          356                 6    739             1
#> 6477       26439          329                12   1007             1
#> 6478       22787           11                12   1495             5
#> 6479       19420           16                 7    812             5
#> 6480       15326            2                11    999             5
#> 6481       36225           70                12    978             5
#> 6482       31310          271                 7    513             1
#> 6483       24601          518                 8    670             1
#> 6484        6825            6                 9    993             5
#> 6485       20639          108                 9    719             4
#> 6486       35330          143                14   1242             3
#> 6487        6578          235                15   1463             2
#> 6488        6415          189                12    989             2
#> 6489       32231          170                 8    862             3
#> 6490       16915          269                 9    695             1
#> 6491       24079           64                11   1076             5
#> 6492        5053          285                11    986             1
#> 6493       37735           72                10    858             5
#> 6494       38531          215                10    611             2
#> 6495       37403          101                 7    723             4
#> 6496       37818           91                11   1015             4
#> 6497       26547          117                10    789             4
#> 6498       26981          469                 5    655             1
#> 6499       15817          197                15   1220             2
#> 6500       23178           52                11   1288             5
#> 6501       30341           88                15   1173             4
#> 6502       12818          375                11   1081             1
#> 6503        3445            9                14   1401             5
#> 6504        7063           14                10    791             5
#> 6505        6456          121                 6    636             4
#> 6506       38509          411                 3    265             1
#> 6507       11722          248                 8    859             2
#> 6508        9964          104                10    620             4
#> 6509        7697           85                12   1002             4
#> 6510       39941          304                10   1105             1
#> 6511       28553          100                10   1073             4
#> 6512       31269          289                 9   1150             1
#> 6513       16436          106                14   1700             4
#> 6514       12677          250                 5    477             2
#> 6515       35238          113                20   2208             4
#> 6516       21265          230                 7    799             2
#> 6517        1502          454                 6    528             1
#> 6518       31603          462                 9    936             1
#> 6519       27622          135                 9    799             3
#> 6520       18974          430                11    988             1
#> 6521       14411          196                14   1528             2
#> 6522       37971           46                 9    800             5
#> 6523       19101          273                10   1215             1
#> 6524        6563          101                 7    662             4
#> 6525        5395           55                15   1377             5
#> 6526       31129           45                 8    543             5
#> 6527        7656          409                 7    701             1
#> 6528       37574          195                10    964             2
#> 6529       28015           78                 8    816             4
#> 6530        4438           37                 7    848             5
#> 6531       15871          186                 8    793             2
#> 6532       16462          128                10   1329             3
#> 6533       21161           17                10    788             5
#> 6534          84           99                12   1259             4
#> 6535       19901           90                11   1061             4
#> 6536        3392          148                14   1421             3
#> 6537       26062           34                 9    751             5
#> 6538       18069           91                 6    381             4
#> 6539       20556           53                11   1059             5
#> 6540       35293          352                11   1351             1
#> 6541       15938          136                14   1260             3
#> 6542       36735          406                 8   1144             1
#> 6543        3932           39                13   1119             5
#> 6544       14783          129                12   1223             3
#> 6545       37353          409                11   1348             1
#> 6546        6320          101                 8    813             4
#> 6547       17982          127                16   1615             3
#> 6548        5514          112                12   1114             4
#> 6549       29402          123                10    985             4
#> 6550       28192          129                 9   1107             3
#> 6551       11046           38                13   1510             5
#> 6552        5049          165                10    924             3
#> 6553         802           97                 4    319             4
#> 6554       35632          165                 9    726             3
#> 6555        4367           91                 9    964             4
#> 6556       21166          366                 9    821             1
#> 6557       21597          119                 6    498             4
#> 6558       22656           75                 8    630             5
#> 6559         746          112                12   1054             4
#> 6560         343          170                10    834             3
#> 6561       12598          201                 8    882             2
#> 6562       34573           29                17   1063             5
#> 6563       21556          469                 8   1067             1
#> 6564        5086          200                 8    609             2
#> 6565        8618          385                10    700             1
#> 6566        4074          125                14   1379             4
#> 6567       30490          110                13   1017             4
#> 6568       21946           75                15   1303             5
#> 6569        1443          193                10   1000             2
#> 6570       23766          240                12    914             2
#> 6571       37335           89                11    575             4
#> 6572        5726            3                10   1154             5
#> 6573       26588           62                 9   1012             5
#> 6574       26983           14                10   1241             5
#> 6575       26044          148                13    985             3
#> 6576       24804           89                 6    415             4
#> 6577       38484          165                 8    515             3
#> 6578        1126          377                 5    609             1
#> 6579        7183          416                 9   1169             1
#> 6580       28974          215                 5    471             2
#> 6581       14217          210                10    722             2
#> 6582        1198          239                 9    844             2
#> 6583       35173           29                13   1335             5
#> 6584       31302           29                 8    726             5
#> 6585        5800          237                 9    717             2
#> 6586        3804          426                 7    907             1
#> 6587        7906           62                18   1658             5
#> 6588       22327           11                11    988             5
#> 6589       11441           72                 6    709             5
#> 6590       28973          159                 8    765             3
#> 6591       27239          152                 8    503             3
#> 6592       35282           66                14   1459             5
#> 6593         353          589                 8    771             1
#> 6594       31187          138                11   1049             3
#> 6595       19472          376                 4    556             1
#> 6596       19232          134                 7    595             3
#> 6597       11930          178                14   1707             2
#> 6598       37036          122                 9    508             4
#> 6599       31664           29                 6    473             5
#> 6600       23308          530                 4    220             1
#> 6601       30986           77                12   1157             4
#> 6602         968           40                 7    694             5
#> 6603       12758           90                 9    799             4
#> 6604        3807          164                 9    771             3
#> 6605       19098          117                 7    732             4
#> 6606        4354          118                13   1752             4
#> 6607       37497           20                 8    726             5
#> 6608       20961          173                 5    254             3
#> 6609       10729          507                 6    452             1
#> 6610       28986           84                 4    242             4
#> 6611       12173          240                 5    659             2
#> 6612       13116           36                11   1253             5
#> 6613        9909           36                 9   1258             5
#> 6614       27839          150                14   1563             3
#> 6615       23364          100                 6    543             4
#> 6616       24586          268                 9    848             1
#> 6617        2758          212                 7    590             2
#> 6618       39181           91                11    914             4
#> 6619       10078          206                 9    990             2
#> 6620        4662           32                 9    940             5
#> 6621       16762           72                13   1323             5
#> 6622       29461          319                 5    347             1
#> 6623        3120           91                 8    959             4
#> 6624        3184          126                 8    856             3
#> 6625       20066           98                14   1464             4
#> 6626       33774           54                10   1110             5
#> 6627       13918          224                11   1139             2
#> 6628       36563          200                 9    947             2
#> 6629       33719           60                15   1537             5
#> 6630       27171          135                15   1510             3
#> 6631       37709           39                 9    899             5
#> 6632       10751          520                 4    496             1
#> 6633       36407          235                 5    437             2
#> 6634       39333          214                 9    691             2
#> 6635       25318           45                12    974             5
#> 6636       14002          264                13   1235             2
#> 6637        6949          253                 8    798             2
#> 6638       28494          218                13   1053             2
#> 6639       23405           18                 9    794             5
#> 6640          77          164                 9    842             3
#> 6641       13603          108                10    906             4
#> 6642       27702          522                 8    825             1
#> 6643       39848          347                 3    315             1
#> 6644        9805          162                 8    540             3
#> 6645       14944          163                14   1234             3
#> 6646       34918          123                 2     66             4
#> 6647       35667          191                11   1162             2
#> 6648       24765          200                 7    666             2
#> 6649       14884          589                 3    400             1
#> 6650        2125          175                 7    650             3
#> 6651         695          401                 7    758             1
#> 6652        7033          156                 9   1149             3
#> 6653       20693           23                12   1625             5
#> 6654       37862           92                 9    819             4
#> 6655       31768          238                12   1156             2
#> 6656       12434          279                11    959             1
#> 6657         564          277                 3    263             1
#> 6658       17307          346                 6    597             1
#> 6659        8642           72                13   1574             5
#> 6660       31461          133                 8    540             3
#> 6661       35924          104                 7    477             4
#> 6662       20136          102                 9    971             4
#> 6663       27385           23                 7    629             5
#> 6664        7391          106                 8    485             4
#> 6665       39153          232                 8    892             2
#> 6666       39600           94                 8    582             4
#> 6667       38386          143                 9    819             3
#> 6668       28772          116                 9   1085             4
#> 6669       20145           84                10   1244             4
#> 6670       15941           77                16   1722             4
#> 6671       23181          432                 9    799             1
#> 6672        7530           99                10   1012             4
#> 6673       13910          157                16   1628             3
#> 6674       24786          163                 9    695             3
#> 6675       32579          158                15   1555             3
#> 6676       30875          124                15   1619             4
#> 6677       38967           96                 8   1118             4
#> 6678         749          484                 8    688             1
#> 6679       24097           44                 8    496             5
#> 6680       37673           71                 9    719             5
#> 6681       12021          160                 8    474             3
#> 6682        3285          180                11   1432             2
#> 6683        5913          159                13   1554             3
#> 6684       18907           21                13   1506             5
#> 6685        5620          309                 7    557             1
#> 6686       30922           57                15   1383             5
#> 6687       32069          168                 9    712             3
#> 6688        8859          375                 8    684             1
#> 6689       16942          266                13   1510             1
#> 6690       32580           47                 9    829             5
#> 6691         427          232                11    752             2
#> 6692       21281          469                 8    952             1
#> 6693        3350          394                 5    418             1
#> 6694       17759          153                 8    381             3
#> 6695        6754          253                 7    640             2
#> 6696       31833           80                 8    858             4
#> 6697       30008          398                 7    606             1
#> 6698       30405          119                12   1141             4
#> 6699       15640          167                11    856             3
#> 6700       31047          121                14   1252             4
#> 6701        9696          165                11    998             3
#> 6702       17262          100                 9    719             4
#> 6703        7471          161                12   1360             3
#> 6704        5646           96                 8    855             4
#> 6705       37001          574                 5    468             1
#> 6706       21990          204                15   1423             2
#> 6707       39473          476                 5    464             1
#> 6708       24299           62                16   1161             5
#> 6709       23423          144                 7    778             3
#> 6710       11044          151                 4    579             3
#> 6711       15673          460                 9    967             1
#> 6712       34561          135                10    696             3
#> 6713       25448           57                 5    470             5
#> 6714       39810           77                15   1678             4
#> 6715       39926           72                12   1356             5
#> 6716       30859          468                10    785             1
#> 6717       16043          101                 8    553             4
#> 6718       35979           40                10   1058             5
#> 6719       11615          325                10    778             1
#> 6720       21534           38                 9    697             5
#> 6721       10167          258                 9    894             2
#> 6722         354           20                10    784             5
#> 6723       36395          142                 9    921             3
#> 6724       24391           45                 8    823             5
#> 6725       23765          223                11    641             2
#> 6726        4368          130                12   1206             3
#> 6727       11721            3                 5    248             5
#> 6728       35394           97                 9    935             4
#> 6729       19546           71                18   2019             5
#> 6730       12262          141                 8    709             3
#> 6731       21532           22                 9    822             5
#> 6732       23648          113                15   1441             4
#> 6733        2833          260                 8    925             2
#> 6734        4957           59                10    882             5
#> 6735       17481          224                 7    626             2
#> 6736        4817           54                 8    843             5
#> 6737       37451          126                 9   1081             3
#> 6738       29676           73                11    828             5
#> 6739       11557          120                 9    735             4
#> 6740        6741          175                15   1401             3
#> 6741       31740           61                13   1033             5
#> 6742       16855           32                12    979             5
#> 6743        1976           75                 8    682             5
#> 6744        9179          210                 9    831             2
#> 6745       14953          495                 6    481             1
#> 6746       39996          298                 9    555             1
#> 6747       28462          480                 9   1072             1
#> 6748       33784          258                14   1558             2
#> 6749       19238          383                10    777             1
#> 6750        3053           40                15   1563             5
#> 6751       14023          165                 5    548             3
#> 6752       16834          216                12   1091             2
#> 6753       20074          118                15   1292             4
#> 6754       18969           75                10    999             5
#> 6755        6688          199                11   1277             2
#> 6756        7081          148                 9    872             3
#> 6757       29738          171                10   1051             3
#> 6758       15242          256                 7    802             2
#> 6759        6295           30                 6    619             5
#> 6760       13718          430                 4    306             1
#> 6761       29813          256                10   1071             2
#> 6762       17003           91                10   1016             4
#> 6763         480          465                 9    705             1
#> 6764       21141           57                16   1611             5
#> 6765        4388           79                13   1109             4
#> 6766       36091          325                10    686             1
#> 6767       16716           91                12    941             4
#> 6768       32809           83                 7    525             4
#> 6769       34412          185                15   1547             2
#> 6770       30524          349                14   1493             1
#> 6771       17218           42                10   1220             5
#> 6772       24051            4                 7    832             5
#> 6773       28634          468                 9    994             1
#> 6774       14221          124                10    928             4
#> 6775       26235          394                 7    674             1
#> 6776       32578          334                13   1011             1
#> 6777       15253          342                 9    634             1
#> 6778       22119          197                 9    700             2
#> 6779       24935          133                10    849             3
#> 6780        7376          112                19   1970             4
#> 6781        4154          345                11   1084             1
#> 6782       19551          142                10    939             3
#> 6783        8879          400                10   1191             1
#> 6784       10624           88                12   1325             4
#> 6785       15072           54                13    935             5
#> 6786        9430          187                13   1303             2
#> 6787        1221          169                11    941             3
#> 6788        2636          124                 7    703             4
#> 6789       18051           23                 9    807             5
#> 6790        1043           92                11   1026             4
#> 6791       15989          174                16   1195             3
#> 6792        3126           44                12   1261             5
#> 6793       15864          211                10    910             2
#> 6794         925          251                12    812             2
#> 6795       19358          132                 9    772             3
#> 6796       19888          146                11   1341             3
#> 6797       13843          273                10    985             1
#> 6798       16688          296                 6    462             1
#> 6799       17719           68                 6    487             5
#> 6800       23955          106                13   1423             4
#> 6801       19772          130                 8    811             3
#> 6802       33914           86                11   1148             4
#> 6803        1821          334                13   1264             1
#> 6804       10808          224                 5    439             2
#> 6805       39172          195                11   1118             2
#> 6806       14072          101                12   1081             4
#> 6807       29643          346                 6    413             1
#> 6808       28514          118                14   1333             4
#> 6809       20847          120                 7    643             4
#> 6810        4778          245                 8    949             2
#> 6811        9413          163                 8    863             3
#> 6812       20219          132                 8    747             3
#> 6813       29972          139                11   1040             3
#> 6814       39136           41                 4    369             5
#> 6815       21966          116                 6    710             4
#> 6816       39549          190                18   2117             2
#> 6817       10411           30                14   1283             5
#> 6818       19426           85                 9    936             4
#> 6819       22434          183                 9   1017             2
#> 6820        3568           70                10   1379             5
#> 6821       28011           10                14   1360             5
#> 6822       32620          254                11   1243             2
#> 6823       15933          113                13   1618             4
#> 6824       32361          158                13   1246             3
#> 6825       14446          219                10    511             2
#> 6826       11244          469                 9    832             1
#> 6827       39878          435                 9    691             1
#> 6828       24554          301                10    938             1
#> 6829       14668           66                13   1576             5
#> 6830       17939           66                10   1381             5
#> 6831       23455          217                10   1169             2
#> 6832       30846           78                 6    596             4
#> 6833       33928          125                12   1357             4
#> 6834        7468          181                14   1454             2
#> 6835        6182           16                12   1452             5
#> 6836        7133          123                14   1204             4
#> 6837       29768           30                 6    460             5
#> 6838       15837           74                11   1248             5
#> 6839       37034          142                 7    732             3
#> 6840       15162           47                 8    687             5
#> 6841       36394           32                 7    413             5
#> 6842           8          572                 6    615             1
#> 6843       11725           71                 2    262             5
#> 6844       22207          183                11    903             2
#> 6845       39130          189                11    604             2
#> 6846       30758          271                 5    520             1
#> 6847       30512           46                 9    879             5
#> 6848        6049          548                 7    647             1
#> 6849       18582          117                 9    730             4
#> 6850       27153          229                10    828             2
#> 6851       14719          100                13   1127             4
#> 6852       37899          192                14   1345             2
#> 6853       12889          247                11    879             2
#> 6854       33636          282                11   1178             1
#> 6855       23258          214                 7    784             2
#> 6856       34803           31                18   1440             5
#> 6857       10467          132                10    575             3
#> 6858       36425          149                13   1360             3
#> 6859        4055          111                10   1075             4
#> 6860       26341          276                 9    884             1
#> 6861       18751           63                 9    992             5
#> 6862       14382          109                14   1686             4
#> 6863       32656           98                 6    519             4
#> 6864        3078           58                13   1252             5
#> 6865       16699          156                 7    435             3
#> 6866       33145          144                 8    855             3
#> 6867        7435          167                 9    801             3
#> 6868       30151           54                14   1520             5
#> 6869       24300          125                12   1302             4
#> 6870        8368          128                 9   1135             3
#> 6871       24873          214                 7    547             2
#> 6872       36768          123                14   1611             4
#> 6873       29337           12                12   1075             5
#> 6874       37588          355                 7    532             1
#> 6875       28542           54                11   1201             5
#> 6876       24069          258                 7    368             2
#> 6877       38641            5                 5    513             5
#> 6878       19172            6                16   1366             5
#> 6879       39727          176                 7    724             3
#> 6880       38780           66                13   1114             5
#> 6881        7803          176                 6    447             3
#> 6882       15839           13                13   1287             5
#> 6883       12388           82                15   1307             4
#> 6884       27562          156                13   1314             3
#> 6885       12747          164                13   1068             3
#> 6886       35084          184                 9    852             2
#> 6887       23514            6                12    936             5
#> 6888       15196           81                 7    689             4
#> 6889       32950           47                11   1120             5
#> 6890       36711          130                12   1009             3
#> 6891        9806          115                 5    464             4
#> 6892       10951          265                 7    668             2
#> 6893        1432          530                 5    526             1
#> 6894        1182          193                 7    868             2
#> 6895       16409          218                10    996             2
#> 6896       37237          459                11    922             1
#> 6897        4008          103                 9    902             4
#> 6898       23004          154                11   1187             3
#> 6899       23231           25                 6    649             5
#> 6900       37299          161                 7    524             3
#> 6901       18331            5                12   1385             5
#> 6902         631          187                17   1356             2
#> 6903       15721          164                10   1006             3
#> 6904       28761          198                11    964             2
#> 6905       18507           62                10   1097             5
#> 6906       36985           33                16   1584             5
#> 6907       12271           29                 8    929             5
#> 6908       35126           55                12   1280             5
#> 6909        6155          437                 7    618             1
#> 6910        8758          168                11   1227             3
#> 6911       39756          534                 6    590             1
#> 6912       33087          159                11    787             3
#> 6913       34455          113                11    907             4
#> 6914       29370          425                 8    674             1
#> 6915       13457            6                16   1468             5
#> 6916       36360          214                16   1178             2
#> 6917       21578          122                13   1350             4
#> 6918        4842           42                 7    820             5
#> 6919       24645           75                 8    789             5
#> 6920       17910          205                11    963             2
#> 6921       23590          274                 7    799             1
#> 6922       16309          178                 8    684             2
#> 6923       36398           70                 8    476             5
#> 6924       11648          136                 9    765             3
#> 6925        7918           31                 8   1037             5
#> 6926       21071          391                10    729             1
#> 6927       18959          211                 5    507             2
#> 6928       29043            8                12   1477             5
#> 6929       23153          419                 6    467             1
#> 6930       23629           23                18   1743             5
#> 6931       37324          144                 9    893             3
#> 6932        1086           52                10   1056             5
#> 6933       14076          189                11   1217             2
#> 6934       29175          187                 7    733             2
#> 6935       24327          442                 6    407             1
#> 6936       38759          153                11    792             3
#> 6937        5953          170                 9   1081             3
#> 6938       21811          221                12    855             2
#> 6939        1406          356                10    848             1
#> 6940        6601          118                15   1632             4
#> 6941       20542          140                 9    686             3
#> 6942       19037          177                 9    831             2
#> 6943       13671          105                 8    708             4
#> 6944        1456          195                10   1341             2
#> 6945        7371          214                10   1098             2
#> 6946        7197          309                 9    721             1
#> 6947       39907           97                12   1423             4
#> 6948        1603          280                 7    571             1
#> 6949       15085           53                21   1901             5
#> 6950       31573          257                10    991             2
#> 6951       24459          211                11    942             2
#> 6952        3287           93                20   2244             4
#> 6953        2384          123                12   1155             4
#> 6954       37481           90                 7    547             4
#> 6955        5384          274                 7    590             1
#> 6956       29884          184                10   1019             2
#> 6957       29508          119                10   1173             4
#> 6958        2953           43                12   1403             5
#> 6959       30910           80                19   1852             4
#> 6960       21577          184                10   1284             2
#> 6961       14464          579                 3    165             1
#> 6962       21123          188                 9    895             2
#> 6963       39262          237                12    880             2
#> 6964        5533           14                12    805             5
#> 6965        4679          159                 6    786             3
#> 6966       17827          150                 5    507             3
#> 6967       20379           74                16   1558             5
#> 6968       21771          362                10   1290             1
#> 6969       27921          487                 2     85             1
#> 6970       27951          101                10   1076             4
#> 6971       27479          177                11    698             2
#> 6972       10861          293                 8    604             1
#> 6973       24815          141                11   1271             3
#> 6974        1275           92                11   1113             4
#> 6975       17365          175                 5    593             3
#> 6976        8863          120                 6    589             4
#> 6977       31070          279                 8    627             1
#> 6978       13188          300                 7    614             1
#> 6979        7833          481                 7   1003             1
#> 6980       10980          177                 5    589             2
#> 6981        7290          304                10    989             1
#> 6982         319          651                 6    475             1
#> 6983       13092           37                10    894             5
#> 6984       22300          139                10    787             3
#> 6985        3271          135                12   1494             3
#> 6986       23517          222                10   1219             2
#> 6987       29449           85                11   1120             4
#> 6988       24224          107                 7    582             4
#> 6989       29665           62                 6    656             5
#> 6990       37919          158                 7    650             3
#> 6991        3154           60                10    895             5
#> 6992       22131          128                11   1012             3
#> 6993       36720          141                13   1075             3
#> 6994       18647           89                 6    640             4
#> 6995       36047          330                10   1035             1
#> 6996       31859           85                13   1005             4
#> 6997       22170          160                 8    884             3
#> 6998        9049          116                13    879             4
#> 6999        7813          163                 8    856             3
#> 7000       29792          122                 9    782             4
#> 7001       19416          123                 5    535             4
#> 7002       37911          440                 5    510             1
#> 7003       36965           97                 7    597             4
#> 7004       19960          153                 8    720             3
#> 7005       10483          249                10    761             2
#> 7006        1512          213                 9    993             2
#> 7007       25619          143                11    921             3
#> 7008       26295          187                14   1843             2
#> 7009       22699          210                12   1265             2
#> 7010       14239          108                12    970             4
#> 7011       30526          104                14   1005             4
#> 7012        9442           67                12   1082             5
#> 7013       30384          167                 8    706             3
#> 7014       39309          221                 8    491             2
#> 7015       15322          273                10   1305             1
#> 7016       13714          152                 9    806             3
#> 7017         487           40                10   1191             5
#> 7018       24364          207                 7    757             2
#> 7019       34518           98                 7    833             4
#> 7020       33766          307                 8    688             1
#> 7021       34195          124                 4    507             4
#> 7022        3734          463                 7    572             1
#> 7023       15128          207                10   1112             2
#> 7024       39858          181                12   1134             2
#> 7025        1063          382                 6    715             1
#> 7026        6322          166                15   1318             3
#> 7027       18736           34                13    851             5
#> 7028       31315            3                12    907             5
#> 7029        3975          209                 7    575             2
#> 7030       23570          440                 6    569             1
#> 7031       29592           10                 4    398             5
#> 7032       10763          527                 6    430             1
#> 7033       36335           79                17   1143             4
#> 7034       11330          266                 9    849             1
#> 7035       24273          103                12    965             4
#> 7036       37187            3                 6    384             5
#> 7037       37817          151                 8    491             3
#> 7038        7890          120                 9    945             4
#> 7039         850           48                11   1152             5
#> 7040        1059           23                17   1508             5
#> 7041       37051           99                 6    369             4
#> 7042       37430           75                 8    916             5
#> 7043       25483          168                13   1564             3
#> 7044       13940           51                15   1216             5
#> 7045       33749           85                 5    567             4
#> 7046       26890           20                10   1326             5
#> 7047       31808          214                 9    987             2
#> 7048       37449           16                 9    752             5
#> 7049        2261           38                13   1380             5
#> 7050       19988           99                 8    554             4
#> 7051       27303          177                 8    785             2
#> 7052        8526          158                11    840             3
#> 7053        9792          453                 8    666             1
#> 7054        3340          337                 7    617             1
#> 7055       21807          261                12   1159             2
#> 7056       26577          161                 9    767             3
#> 7057       10479          199                 8    878             2
#> 7058        5001          391                12   1109             1
#> 7059       35406          453                 8    892             1
#> 7060        5690          206                14   1362             2
#> 7061       31732          250                 7    529             2
#> 7062       19355          235                 5    483             2
#> 7063       24710          100                10    813             4
#> 7064       22019           69                 8    703             5
#> 7065         577          112                14   1386             4
#> 7066        9349           96                 6    465             4
#> 7067       13846           39                11    929             5
#> 7068       13617          339                 7    660             1
#> 7069       12217           54                13   1176             5
#> 7070       14214          419                 8    824             1
#> 7071       29718           76                10   1192             5
#> 7072       12697           44                 9    606             5
#> 7073       13045          229                 6    758             2
#> 7074       13966          168                 6    436             3
#> 7075       36803          244                12   1169             2
#> 7076       10031          114                12    856             4
#> 7077       17130           74                10    943             5
#> 7078       13964           68                16   1447             5
#> 7079        1639            4                 9    838             5
#> 7080        2613          372                 7    538             1
#> 7081       35482          106                11   1004             4
#> 7082       24591          185                 9    581             2
#> 7083       15385          242                13   1206             2
#> 7084       39978          270                 8    418             1
#> 7085       22296           92                15   1331             4
#> 7086       24740          453                10    759             1
#> 7087       16193          180                10   1069             2
#> 7088       39510          106                 9    824             4
#> 7089       14282          113                 8    784             4
#> 7090       13221          348                14   1244             1
#> 7091       32265          154                13   1286             3
#> 7092       37023           83                10   1312             4
#> 7093        6027          303                 7    674             1
#> 7094       36431            7                13    835             5
#> 7095       14346          111                10    712             4
#> 7096       30410          451                15   1301             1
#> 7097       24200           26                11    937             5
#> 7098       17275          148                10    957             3
#> 7099       17577          106                10   1086             4
#> 7100       15006          601                 5    499             1
#> 7101       17001            7                 9    682             5
#> 7102       16819          128                 9    508             3
#> 7103       31648          189                10    782             2
#> 7104       21379           48                16   1435             5
#> 7105       39672          118                 8    799             4
#> 7106       34539            4                10    791             5
#> 7107       38813          110                12    913             4
#> 7108       37933           19                13   1406             5
#> 7109       14408          114                13   1111             4
#> 7110       37608           65                11   1095             5
#> 7111       24287          100                13   1239             4
#> 7112       11862          150                 8    819             3
#> 7113       34273            9                 7    530             5
#> 7114       23651          475                 5    489             1
#> 7115       28968          160                12    979             3
#> 7116       25880           63                 7    720             5
#> 7117       26523           86                 5    525             4
#> 7118       15352          237                 8    848             2
#> 7119        8670          412                 4    365             1
#> 7120       18549          145                13   1520             3
#> 7121       23102           61                20   2039             5
#> 7122       29686          285                 7    672             1
#> 7123       19583          161                14   1230             3
#> 7124       24285           79                 8    713             4
#> 7125       28630          116                11   1127             4
#> 7126       35314           33                 6    616             5
#> 7127       21921          101                 9    790             4
#> 7128       21204           87                 9    949             4
#> 7129       15276          124                15   1597             4
#> 7130       19905          208                 8    478             2
#> 7131       25256          177                11    908             2
#> 7132       10740           46                16   1147             5
#> 7133       24763          216                 9    956             2
#> 7134       21610           92                 3    388             4
#> 7135       19821          178                 7    502             2
#> 7136        5099           41                 8    666             5
#> 7137       35234          122                 9    941             4
#> 7138       26837          256                 8    855             2
#> 7139       17087          153                 9    727             3
#> 7140       20169          107                10   1046             4
#> 7141        5198          174                 5    220             3
#> 7142       34888          271                 4    534             1
#> 7143       31290          104                14   1259             4
#> 7144       18240           19                 7    633             5
#> 7145       20438          189                13   1380             2
#> 7146       33641           57                12   1183             5
#> 7147       13845           60                 9    880             5
#> 7148       37887           92                12   1243             4
#> 7149       32832           57                 7    683             5
#> 7150       16065          117                 6    335             4
#> 7151        8630          287                 5    377             1
#> 7152       35088          281                10   1126             1
#> 7153       32600          411                11    830             1
#> 7154        1156          156                 9    982             3
#> 7155       10084           94                13   1303             4
#> 7156        3858          101                11   1110             4
#> 7157       22293            4                13   1428             5
#> 7158        7739          100                15   2082             4
#> 7159       11685          306                 9    755             1
#> 7160        6164          140                13   1246             3
#> 7161       16732          147                 4    211             3
#> 7162       31502          179                10    867             2
#> 7163       13166           59                 9    715             5
#> 7164       15199          101                11    774             4
#> 7165        2067          129                 9    884             3
#> 7166       27913          121                13   1158             4
#> 7167       33420          140                 9    735             3
#> 7168       17956           63                10    702             5
#> 7169        7729          106                 5    558             4
#> 7170        4992          104                 8    722             4
#> 7171        8746           57                10    733             5
#> 7172       20565           58                 8    755             5
#> 7173       13598          263                10    912             2
#> 7174       20054          209                13   1192             2
#> 7175       19621           71                 8    642             5
#> 7176       18574           38                13    985             5
#> 7177       25795           20                11   1220             5
#> 7178       32664          166                12   1368             3
#> 7179       25543          511                 6    828             1
#> 7180       22418           58                13   1223             5
#> 7181       30294           55                 8    799             5
#> 7182       26222          212                17   1608             2
#> 7183       15781          587                 4    238             1
#> 7184       30563           27                 8    894             5
#> 7185       38319           53                10    804             5
#> 7186       38136           15                 9    765             5
#> 7187       12433           72                 4    239             5
#> 7188       34527           18                12   1003             5
#> 7189       14696          156                 9   1078             3
#> 7190        2898          352                 7    908             1
#> 7191        1781          147                11   1117             3
#> 7192       13521           82                12   1120             4
#> 7193        4803          127                12    800             3
#> 7194       26667           12                13   1484             5
#> 7195       36647          149                 9    924             3
#> 7196       19129          156                 6    555             3
#> 7197       10489           83                 7    615             4
#> 7198       38688          182                 9    992             2
#> 7199        7893           69                11   1396             5
#> 7200       28632            5                 9    773             5
#> 7201       12476          147                13   1602             3
#> 7202       31920          333                 7    697             1
#> 7203       32858           52                16   1909             5
#> 7204       38582          162                11    799             3
#> 7205       27910          138                 8    822             3
#> 7206       16240          210                 9    801             2
#> 7207       22483          167                11   1093             3
#> 7208       27801          330                11   1222             1
#> 7209       24343          138                10    869             3
#> 7210        4828          189                14   1129             2
#> 7211        5632          212                 7    386             2
#> 7212       12852          527                 8    715             1
#> 7213       33469          166                 7   1005             3
#> 7214        5092          189                10    702             2
#> 7215       20830          246                 7    580             2
#> 7216       28639           30                11    886             5
#> 7217        8851          115                14   1510             4
#> 7218        1246          193                11    912             2
#> 7219         924           56                13   1704             5
#> 7220       14256          126                 7    667             3
#> 7221       13616           44                11    875             5
#> 7222       39190          105                 7    851             4
#> 7223         131          113                15   1383             4
#> 7224       16841          128                10   1271             3
#> 7225       31032          188                11   1303             2
#> 7226       37186          342                 6    550             1
#> 7227       23186          310                12   1268             1
#> 7228       14947          420                 9    535             1
#> 7229       31464          195                 8    821             2
#> 7230       32444           52                 7    732             5
#> 7231       30962          435                 8    642             1
#> 7232       27192          466                 9    966             1
#> 7233       29273          302                 8    993             1
#> 7234       24573          266                 6    817             1
#> 7235       15696          565                 6    526             1
#> 7236       39590          544                 3    315             1
#> 7237       19401           91                17   1070             4
#> 7238       13412          107                12   1234             4
#> 7239       13891          219                 8    682             2
#> 7240       19462          356                11    960             1
#> 7241       28394          177                11    971             2
#> 7242        2880           23                11   1146             5
#> 7243       36419           31                 9    838             5
#> 7244       13183          145                13   1262             3
#> 7245       17342          182                11   1117             2
#> 7246        7205          120                 9    841             4
#> 7247        6318          166                11   1098             3
#> 7248       34059           30                 8    591             5
#> 7249       33779          184                13   1387             2
#> 7250       26660          325                13   1348             1
#> 7251        7232          376                13   1379             1
#> 7252       19409          147                12   1099             3
#> 7253       31050          164                12   1464             3
#> 7254       29224          454                11    904             1
#> 7255        5034           26                12   1228             5
#> 7256       11760          158                 9    883             3
#> 7257       28436            3                10    862             5
#> 7258        9949          106                 9    767             4
#> 7259         261          172                13   1170             3
#> 7260       26510           63                14   1131             5
#> 7261       19110          213                 8    741             2
#> 7262       27961          219                 8    749             2
#> 7263       15514          362                 9    666             1
#> 7264       32735           90                12   1549             4
#> 7265        3938           11                15   1373             5
#> 7266       17679           72                 8    787             5
#> 7267       27472          377                10    996             1
#> 7268       19179          448                 8   1008             1
#> 7269       19490          182                 4    348             2
#> 7270        9945          193                13   1161             2
#> 7271       36964          202                10   1072             2
#> 7272        8592          414                 9   1063             1
#> 7273       29380           80                 9    534             4
#> 7274       33137           51                18   1728             5
#> 7275        3792          449                 8    822             1
#> 7276       35832          194                 8    403             2
#> 7277       32577          473                 6    617             1
#> 7278       23468           28                13   1293             5
#> 7279       26325          264                 7    780             2
#> 7280        5806            3                 7    709             5
#> 7281       17733          184                10    722             2
#> 7282       38211           50                 5    273             5
#> 7283       36602          119                11    815             4
#> 7284       20814          286                 8    613             1
#> 7285       35112           27                11   1585             5
#> 7286       39365          184                 9    643             2
#> 7287         491          240                12   1243             2
#> 7288       38961          170                12   1128             3
#> 7289       29916          186                 4    328             2
#> 7290       37766          209                 8    527             2
#> 7291       22876           75                 7    932             5
#> 7292       24507          120                12    911             4
#> 7293       32319           98                 8    628             4
#> 7294        1766          154                 8    788             3
#> 7295       18033           73                 9    789             5
#> 7296        2300          156                14   1671             3
#> 7297        9327          204                12   1006             2
#> 7298       23396          494                 5    637             1
#> 7299       34927          146                12    908             3
#> 7300        2254           69                13   1506             5
#> 7301       24303          103                12   1031             4
#> 7302       39516           21                 6    762             5
#> 7303       10116           30                10    883             5
#> 7304       17756           74                 6    603             5
#> 7305       38485          135                15   1455             3
#> 7306       17772          170                 9   1026             3
#> 7307        6725           69                 8    542             5
#> 7308        8766          242                 7    693             2
#> 7309       32020          348                11   1224             1
#> 7310       13126          281                10    872             1
#> 7311        9129          176                10    629             3
#> 7312       13222          205                13   1539             2
#> 7313       13458           72                22   2001             5
#> 7314       15928          228                 8    742             2
#> 7315        6528          430                 8    764             1
#> 7316       30654          156                 8    684             3
#> 7317        4531           46                12   1285             5
#> 7318       18556          116                 4    310             4
#> 7319       16733           64                 9    795             5
#> 7320       32087          155                 8    782             3
#> 7321       10234           46                12   1345             5
#> 7322        5624           56                14   1395             5
#> 7323         397          233                12    903             2
#> 7324       31430          205                 4    462             2
#> 7325       38629           17                11    694             5
#> 7326       10639          350                11   1259             1
#> 7327       32523           86                15   1740             4
#> 7328        5393          349                 8    462             1
#> 7329       27091           94                 6    815             4
#> 7330       19211          439                 7    938             1
#> 7331       17102          165                12    999             3
#> 7332       37494           85                 4    169             4
#> 7333       15136           55                 9   1068             5
#> 7334       27707          503                10   1005             1
#> 7335       11320          227                 9    952             2
#> 7336       16050           20                15   1502             5
#> 7337       27125           56                 8    505             5
#> 7338       31493          427                17   1218             1
#> 7339       38043          155                 7    621             3
#> 7340       24614           13                15   1610             5
#> 7341        9616          109                 7    758             4
#> 7342       29906          238                13   1403             2
#> 7343        9955          107                15   1975             4
#> 7344       23337          400                 8    977             1
#> 7345       37093          206                 5    556             2
#> 7346        2653          286                10   1010             1
#> 7347        4767          198                12   1379             2
#> 7348       11246          347                 8    707             1
#> 7349       37429          475                 9   1020             1
#> 7350       32385          497                10    956             1
#> 7351        7799           29                 6    542             5
#> 7352       13863          146                11   1167             3
#> 7353       30840           54                 7    853             5
#> 7354       12997          157                 9   1015             3
#> 7355        5900          254                12   1240             2
#> 7356       28720          425                 5    454             1
#> 7357        3087          161                 8    919             3
#> 7358        6520          120                10   1010             4
#> 7359       13390          243                 7    561             2
#> 7360       28950           98                 9    869             4
#> 7361          74          121                 7    712             4
#> 7362        6444           71                 8    602             5
#> 7363       28255          133                13   1196             3
#> 7364       12247          251                12   1182             2
#> 7365       18652          184                12    992             2
#> 7366       26711           96                11   1129             4
#> 7367       18544           39                 8    896             5
#> 7368        7215           58                13   1245             5
#> 7369       37201          163                 8    531             3
#> 7370       18386          138                11   1330             3
#> 7371       18455          247                 6    546             2
#> 7372       21951          104                13   1509             4
#> 7373       29324          117                11    838             4
#> 7374        9772          292                11   1074             1
#> 7375       19181            8                 9   1021             5
#> 7376       14358          439                 5    750             1
#> 7377        9352          211                 6    487             2
#> 7378       27790           55                13   1461             5
#> 7379       17351           90                10    857             4
#> 7380       22306           86                 9    677             4
#> 7381       15473          131                 9   1111             3
#> 7382       19337          211                14   1243             2
#> 7383       10749          192                14   1238             2
#> 7384       38385          380                 6    416             1
#> 7385       11816           97                15   1461             4
#> 7386       17181           95                 6    778             4
#> 7387       13380          133                 8    678             3
#> 7388       11586           20                11    822             5
#> 7389       23134           40                11   1162             5
#> 7390       10114          128                 5    230             3
#> 7391       22883          164                14   1140             3
#> 7392       23732          359                 6    404             1
#> 7393       28907          143                 6    716             3
#> 7394       15760           20                 8    753             5
#> 7395       19553          108                14   1298             4
#> 7396       12150           92                14   1168             4
#> 7397       23480          415                10   1336             1
#> 7398        4972          259                 5    615             2
#> 7399        2002          175                10   1197             3
#> 7400        9204          180                14   1174             2
#> 7401       37037          175                 7    909             3
#> 7402       21504          111                14   1227             4
#> 7403       36976           68                14   1372             5
#> 7404       37847          110                10   1004             4
#> 7405       16200          298                 6    441             1
#> 7406       17809          169                 8    709             3
#> 7407        7951          160                17   1374             3
#> 7408        6072          432                 6    774             1
#> 7409       31892          194                 9    822             2
#> 7410        7612          157                 6    642             3
#> 7411       24095          189                16   1848             2
#> 7412        5503           99                14   1555             4
#> 7413       34154          430                 8    785             1
#> 7414       13124          150                12   1260             3
#> 7415       18349          110                 8    763             4
#> 7416       23793          158                 5    400             3
#> 7417       17521          441                 8    944             1
#> 7418       39732          243                 6    764             2
#> 7419       34756           46                10    948             5
#> 7420       21931          176                 7    421             3
#> 7421       20832           39                 8    635             5
#> 7422       20604          222                11   1165             2
#> 7423       17664          304                11   1156             1
#> 7424       15314          200                 3     95             2
#> 7425       24788          530                 6    840             1
#> 7426       27634           93                 8    696             4
#> 7427       17997           76                10    984             5
#> 7428       13296          145                 7    756             3
#> 7429       39253           35                 9    703             5
#> 7430       12256          191                 7    755             2
#> 7431        5167           81                20   2008             4
#> 7432        8555          487                 6    518             1
#> 7433       28010          470                12   1213             1
#> 7434       25836           52                 7    559             5
#> 7435       20585          157                 8    798             3
#> 7436       17682           92                16   1357             4
#> 7437       29729           87                 9    948             4
#> 7438       22363          279                10   1169             1
#> 7439       21878          297                10   1046             1
#> 7440       24218           42                10    534             5
#> 7441        5161          100                11   1113             4
#> 7442       26727          161                11    957             3
#> 7443        6375          199                 7    831             2
#> 7444       17900          182                 9    905             2
#> 7445       30239           98                14   1527             4
#> 7446       30456          106                 6    510             4
#> 7447         507          393                 8    616             1
#> 7448        8189          341                 7    622             1
#> 7449        6115           26                14   1611             5
#> 7450         761           35                 5    457             5
#> 7451       25190          216                 9    711             2
#> 7452        4162          117                13    998             4
#> 7453       37311          452                10    737             1
#> 7454       24509          146                 9    823             3
#> 7455       31933            5                11   1062             5
#> 7456        6526          400                 9    721             1
#> 7457        3481           69                 7    644             5
#> 7458       32414          167                 9    532             3
#> 7459        6679          372                12   1243             1
#> 7460       23779           68                 7    657             5
#> 7461       30460          288                 8    682             1
#> 7462         839          253                 8    686             2
#> 7463       20042          435                 9   1037             1
#> 7464        6138          371                 8    628             1
#> 7465        8347          100                10    912             4
#> 7466       11877          172                 7    773             3
#> 7467        4637          487                 9    637             1
#> 7468       11229          136                 8    758             3
#> 7469       10986          136                12   1343             3
#> 7470       29279          310                11   1079             1
#> 7471       39191           25                 9    965             5
#> 7472        7872           15                12   1048             5
#> 7473       16159          304                10   1001             1
#> 7474       29108          124                12   1272             4
#> 7475       12956          134                11    700             3
#> 7476       37897          112                14   1486             4
#> 7477       15675          115                11   1052             4
#> 7478       18181           94                10    882             4
#> 7479       28185          402                 7    595             1
#> 7480       24736           84                 7    492             4
#> 7481       17174          238                 9   1057             2
#> 7482       37040          109                 6    617             4
#> 7483       14497          245                 8    998             2
#> 7484        7824           91                10   1357             4
#> 7485       23365          146                 8    609             3
#> 7486       22064          348                 9    633             1
#> 7487       36125           67                13    950             5
#> 7488       18406          193                13   1239             2
#> 7489       23074          150                 8    592             3
#> 7490        8242           97                15   1297             4
#> 7491       20996           97                13   1081             4
#> 7492       35295          125                 5    450             4
#> 7493       12987          245                13   1122             2
#> 7494       24652          186                 5    518             2
#> 7495       31437          221                10    883             2
#> 7496        3545          452                 9    826             1
#> 7497       30128          197                 8    741             2
#> 7498       25392           77                10    967             4
#> 7499       38850          323                 8    732             1
#> 7500        1643          522                 9    599             1
#> 7501       20103          201                 8    827             2
#> 7502       30135           64                14   1250             5
#> 7503       21003          116                11   1047             4
#> 7504       17639           51                10    895             5
#> 7505        9668            2                12    920             5
#> 7506       39985           86                 7    592             4
#> 7507       29720          155                 8    902             3
#> 7508       35435          244                 7    657             2
#> 7509       13529          368                 7    870             1
#> 7510        2732            8                10    959             5
#> 7511       37880            8                12   1054             5
#> 7512       22322          111                 6    546             4
#> 7513       12043          353                 6    448             1
#> 7514        9781           49                10   1033             5
#> 7515       31919          360                 5    359             1
#> 7516        8748          289                 7    324             1
#> 7517       32125           50                12    814             5
#> 7518       18949           49                13    692             5
#> 7519        5355          157                13   1263             3
#> 7520       35425           36                10    894             5
#> 7521       22600           86                11   1092             4
#> 7522       28129          227                 7    634             2
#> 7523       31060           40                11   1570             5
#> 7524       36158          492                 7    823             1
#> 7525       30319          116                13   1203             4
#> 7526        8754          117                 8    594             4
#> 7527       33713          397                13   1185             1
#> 7528       26472          333                13   1266             1
#> 7529        3227          119                 8    639             4
#> 7530       36139          170                13   1371             3
#> 7531       32881          438                 7    477             1
#> 7532        8502          135                11    805             3
#> 7533       17551          247                 8    685             2
#> 7534        9508          223                 8    853             2
#> 7535        4023           96                13   1211             4
#> 7536       13109           87                 8    674             4
#> 7537        5838          276                 6    818             1
#> 7538       38939           84                10   1041             4
#> 7539       13304           30                 8    573             5
#> 7540       30921          105                13   1056             4
#> 7541       35216          234                10   1041             2
#> 7542       10844           99                 5    710             4
#> 7543       19629           99                 6    508             4
#> 7544       22721           47                 9    849             5
#> 7545        3398          151                10    871             3
#> 7546       39911          130                11   1026             3
#> 7547       33887          111                14   1379             4
#> 7548       12006          235                11   1206             2
#> 7549       19481          199                10    890             2
#> 7550       28728           79                11    880             4
#> 7551       27625          247                11    892             2
#> 7552       14933          204                10    742             2
#> 7553       28916           95                 8    829             4
#> 7554       38253          100                 8    722             4
#> 7555       28026          117                 8    677             4
#> 7556       37035          190                 8    521             2
#> 7557       16685          158                 9   1105             3
#> 7558       20562          301                 8    533             1
#> 7559       21381           62                 8    785             5
#> 7560       25536          219                 8    869             2
#> 7561       32710          464                 9    588             1
#> 7562       31064           63                 7    612             5
#> 7563       22597          161                11   1551             3
#> 7564         298           81                10    823             4
#> 7565        4595           64                11    721             5
#> 7566        6234          138                 9    876             3
#> 7567       34665           16                13    790             5
#> 7568       13473          162                 6    394             3
#> 7569       38881          116                 7    545             4
#> 7570       35376          131                13   1113             3
#> 7571        1496           70                 9    604             5
#> 7572       31944           92                11   1056             4
#> 7573       35559           96                17   1725             4
#> 7574       35998          149                 8    660             3
#> 7575        6595          350                 9   1366             1
#> 7576       11321          264                 6    530             2
#> 7577       13983          168                 6    734             3
#> 7578       22507          101                 9   1035             4
#> 7579       14402          156                 6    767             3
#> 7580       36851          380                10   1123             1
#> 7581       10984           82                 9    832             4
#> 7582       29840          467                 3    414             1
#> 7583       26426          228                14   1177             2
#> 7584       28383          201                 9   1133             2
#> 7585       31365          220                11    814             2
#> 7586       33849           72                12   1040             5
#> 7587       28321           72                 5    357             5
#> 7588       11048            9                11   1136             5
#> 7589       37997           40                 8    769             5
#> 7590       35640          372                11   1404             1
#> 7591       16306           72                 7    609             5
#> 7592       20304          516                 6    425             1
#> 7593       26429          105                14   1363             4
#> 7594       33355           60                11   1247             5
#> 7595       14359           84                11    909             4
#> 7596          92           14                15   1041             5
#> 7597       34201           91                 9    864             4
#> 7598       22193          140                 9    616             3
#> 7599       14117          252                 9    709             2
#> 7600        4369            2                13    969             5
#> 7601       10761          557                 8    586             1
#> 7602       34682          164                 8   1014             3
#> 7603       17966          160                11    934             3
#> 7604       11834           46                 9    642             5
#> 7605       11024          215                16   1877             2
#> 7606        8669          163                 9    696             3
#> 7607        5019           59                11   1113             5
#> 7608       38066          403                14   1263             1
#> 7609       13507          100                13   1238             4
#> 7610       23700          123                15   1722             4
#> 7611        8862          215                 5    509             2
#> 7612       11900           30                10    750             5
#> 7613       36046          273                 7    861             1
#> 7614       34267          179                13   1330             2
#> 7615       10672          230                12   1094             2
#> 7616        2862          150                13   1191             3
#> 7617       24973          164                 9   1060             3
#> 7618       12962          139                13   1382             3
#> 7619       19791          153                12   1242             3
#> 7620       34304           79                13   1276             4
#> 7621       13847          286                14    824             1
#> 7622       25950          181                13    983             2
#> 7623       11291           44                11    967             5
#> 7624       12825          324                 7    340             1
#> 7625        8290          170                13   1446             3
#> 7626       27422           84                14   1499             4
#> 7627       17249           97                10    859             4
#> 7628       14022          347                 9    959             1
#> 7629       25607          203                 9    687             2
#> 7630       35028          281                 8    743             1
#> 7631       12055          223                10    933             2
#> 7632       26628           91                15   1440             4
#> 7633       27202          244                 9   1096             2
#> 7634       37397           41                16   1590             5
#> 7635       25762          174                 4    332             3
#> 7636       21813          225                 8    803             2
#> 7637       30650          221                12   1072             2
#> 7638       37240          230                10    874             2
#> 7639       38717           38                 6    595             5
#> 7640       22103          568                 7    432             1
#> 7641       18514          328                 9    797             1
#> 7642       14469          287                 5    706             1
#> 7643       16753          120                 8   1157             4
#> 7644        5993          101                 7    572             4
#> 7645        4483          127                 8    916             3
#> 7646       21563          140                11   1179             3
#> 7647       32692          146                13   1261             3
#> 7648        1516          144                 6    815             3
#> 7649       36429          477                 3    148             1
#> 7650        9294           93                11   1171             4
#> 7651         407           75                 8    911             5
#> 7652       20227          456                 4    492             1
#> 7653       13575          140                 9   1115             3
#> 7654       20624          149                11    901             3
#> 7655       27793          210                 9    951             2
#> 7656       37354          426                 7    857             1
#> 7657       21259           33                 7    662             5
#> 7658       31325           92                13   1416             4
#> 7659        5293          321                 9    783             1
#> 7660       28911          412                 8    809             1
#> 7661        6102          227                11    996             2
#> 7662        9449           70                 8    724             5
#> 7663       16257          513                 6    462             1
#> 7664        1538           77                12   1246             4
#> 7665       39126          301                 9    647             1
#> 7666        7675          133                 9    923             3
#> 7667       31197          148                11    820             3
#> 7668       17022          130                 4    373             3
#> 7669       17091          122                 6    554             4
#> 7670       26889           83                11    951             4
#> 7671       23936          160                13   1544             3
#> 7672       33587          446                 7    719             1
#> 7673       37117          175                 9    652             3
#> 7674        9102           40                 9    854             5
#> 7675        1106          123                17   1947             4
#> 7676        8145          207                 7    654             2
#> 7677        4627          223                11   1076             2
#> 7678       20656          101                 8    928             4
#> 7679       31472           39                15   1637             5
#> 7680        3502          101                 8    652             4
#> 7681       24737          104                10    881             4
#> 7682        4647          117                15   1288             4
#> 7683       28655          178                16   1179             2
#> 7684       19361           72                13   1006             5
#> 7685        4302          152                13   1107             3
#> 7686        8529           77                14   1496             4
#> 7687       30416          232                15   1477             2
#> 7688        1177           72                 7    585             5
#> 7689        5163           53                13    899             5
#> 7690        8096          108                 9    884             4
#> 7691        4606           17                12   1079             5
#> 7692       31563          125                 3     94             4
#> 7693       29908          461                 8    935             1
#> 7694       18329          183                17   1427             2
#> 7695       37490           76                12   1387             5
#> 7696        4954          467                12   1098             1
#> 7697       36439          250                 9   1157             2
#> 7698       16493          258                 8    849             2
#> 7699       39168          209                14   1226             2
#> 7700       34552          353                 6    404             1
#> 7701       18142          373                 6    647             1
#> 7702       13475           59                10    769             5
#> 7703         316          525                 4    439             1
#> 7704       24190           99                13   1110             4
#> 7705       27068          112                12    909             4
#> 7706       29024          443                 4    551             1
#> 7707       27096          172                 9    891             3
#> 7708        3328          107                13   1539             4
#> 7709       17135          136                14   1576             3
#> 7710        5665          161                10    844             3
#> 7711       10996          141                 9    847             3
#> 7712       24918          199                 9    771             2
#> 7713       17458          489                10   1160             1
#> 7714       26026          215                 8    962             2
#> 7715        9713          127                12   1364             3
#> 7716       35737          208                 8    835             2
#> 7717        9229          146                11   1166             3
#> 7718       32979           83                10   1087             4
#> 7719       32434           35                12   1371             5
#> 7720       39329           13                17   1712             5
#> 7721       26870          180                 8    820             2
#> 7722        9956          173                 8   1104             3
#> 7723       17589           48                 6    544             5
#> 7724       35225          250                12   1507             2
#> 7725        2274          142                11    945             3
#> 7726       19965          100                11    727             4
#> 7727       27661          145                12   1196             3
#> 7728        6422          411                 6    721             1
#> 7729       14020          120                 7    758             4
#> 7730       21839          221                13   1070             2
#> 7731       23042           59                16   1159             5
#> 7732       10473           69                12   1293             5
#> 7733       21354          396                 9   1103             1
#> 7734        8956           94                14   1735             4
#> 7735       10097          567                 6    630             1
#> 7736       21735           54                15   1265             5
#> 7737        7847          512                 9    724             1
#> 7738       15153           83                11    802             4
#> 7739       36980          286                 4    398             1
#> 7740       24953           90                15   1312             4
#> 7741       20570          237                 4    374             2
#> 7742       28607           55                 8    679             5
#> 7743       23809           67                 8    707             5
#> 7744       20949          114                 6    400             4
#> 7745        7392          326                 7    776             1
#> 7746        6380          150                 8    628             3
#> 7747       31626           89                13   1017             4
#> 7748       20393          232                11   1136             2
#> 7749       37416          156                13   1269             3
#> 7750        2475           64                10   1054             5
#> 7751       38350          171                13   1115             3
#> 7752       12473          124                13   1176             4
#> 7753       24897          118                13   1366             4
#> 7754       32908          244                 5    386             2
#> 7755        9409          106                 7    582             4
#> 7756       11013          134                 7    620             3
#> 7757       17617           48                 9    843             5
#> 7758       15629          294                11    940             1
#> 7759       38125           38                 9    754             5
#> 7760       11123          132                 7    779             3
#> 7761        6723          441                10    738             1
#> 7762       28756           72                 5    377             5
#> 7763       25170           89                12   1255             4
#> 7764       33836          328                10    625             1
#> 7765       29879          406                 7    628             1
#> 7766       12218          484                 7    711             1
#> 7767       26194          143                10    936             3
#> 7768       17486           81                16   1344             4
#> 7769        6755           95                12    938             4
#> 7770       16953          466                10   1296             1
#> 7771       35715          164                 9    807             3
#> 7772        3835          252                 7    533             2
#> 7773       18906           70                 9   1220             5
#> 7774       34696          284                 7    519             1
#> 7775       25344          194                10    887             2
#> 7776        4270          293                 9    815             1
#> 7777       30529          106                11    929             4
#> 7778        4349           64                 7    927             5
#> 7779         601          199                11   1163             2
#> 7780         707           85                 9   1027             4
#> 7781       20706           40                 7    896             5
#> 7782       24929          131                 7    582             3
#> 7783       39614          498                 6    525             1
#> 7784        3461           57                16   1420             5
#> 7785        2320           75                 6    550             5
#> 7786       39778          229                 6    671             2
#> 7787        9414          500                 7    364             1
#> 7788       12121          170                10   1429             3
#> 7789       15507          192                 7   1051             2
#> 7790       12543          469                10   1246             1
#> 7791        5577           94                12   1388             4
#> 7792        9226          175                 9    876             3
#> 7793        2650          246                 7    552             2
#> 7794       20546          243                 8    829             2
#> 7795       24625          111                12   1203             4
#> 7796        2106          265                 6    349             2
#> 7797       32601           62                13   1174             5
#> 7798        2550           27                 6    546             5
#> 7799       19241          199                 7    613             2
#> 7800        9572           16                 6    764             5
#> 7801        5281          203                11   1081             2
#> 7802       16046           97                10    859             4
#> 7803       12586          184                 5    352             2
#> 7804       28222           26                10    947             5
#> 7805       38370           25                 8    738             5
#> 7806       33710          523                 2    262             1
#> 7807       20801          114                 7    872             4
#> 7808       21587          296                 9    709             1
#> 7809       35144          186                13   1031             2
#> 7810       33823          165                10    515             3
#> 7811       35889           79                18   2020             4
#> 7812       17039          389                 9    494             1
#> 7813       34008          139                10   1266             3
#> 7814       28205          508                 3    219             1
#> 7815       13599          278                 6    421             1
#> 7816       38053          196                14   1147             2
#> 7817       21422          111                12   1175             4
#> 7818       12268          449                10    833             1
#> 7819       31395          421                 6    676             1
#> 7820       32450          106                 5    394             4
#> 7821       33788          322                12   1557             1
#> 7822       30559          150                14   1163             3
#> 7823       30929          229                10    868             2
#> 7824       19200          153                12   1025             3
#> 7825        9150          186                11   1069             2
#> 7826        4796          164                11    883             3
#> 7827       29781          391                 9   1111             1
#> 7828       25339          286                 7    596             1
#> 7829       22077            3                12   1092             5
#> 7830       34533           45                13   1170             5
#> 7831        5919          321                 8    903             1
#> 7832       33431          131                14   1624             3
#> 7833       12042          154                 9    860             3
#> 7834       17747          244                 6    522             2
#> 7835       29597          177                 7    842             2
#> 7836       38762          160                16   1669             3
#> 7837       39742          226                12   1177             2
#> 7838       23674          161                 8    728             3
#> 7839       25514          129                11   1192             3
#> 7840       14623          193                 5    530             2
#> 7841       29240          452                11    871             1
#> 7842       13007          150                 8    763             3
#> 7843        6136          138                 7    964             3
#> 7844       31284          237                 9    971             2
#> 7845        5988          128                 7    740             3
#> 7846        9830           74                 8    695             5
#> 7847       25822          158                11    874             3
#> 7848       13326          203                 8    822             2
#> 7849       15362          111                12   1020             4
#> 7850       26763          217                10   1047             2
#> 7851        4733           34                10    975             5
#> 7852       17095           94                13   1312             4
#> 7853       34789          440                 4    314             1
#> 7854       30424           64                11   1177             5
#> 7855       13050          137                11   1259             3
#> 7856        7074           20                 8    972             5
#> 7857       34926          248                 9    826             2
#> 7858       25362           53                13   1014             5
#> 7859       37236           74                17   1835             5
#> 7860       21118           31                14   1319             5
#> 7861       16898           21                12    968             5
#> 7862        7725          100                11    886             4
#> 7863       34536          131                 5    471             3
#> 7864       33642           59                 8    486             5
#> 7865        2834           28                10    817             5
#> 7866       18936           29                 6    827             5
#> 7867       29780          152                 7    787             3
#> 7868       33735          180                 8    757             2
#> 7869       20340          378                 8    892             1
#> 7870       29392          190                10   1059             2
#> 7871        1498          125                10   1014             4
#> 7872       35566          480                 9    767             1
#> 7873         588          100                12   1533             4
#> 7874       15963           78                10   1198             4
#> 7875       33184          228                 7    438             2
#> 7876       34353          204                11   1093             2
#> 7877       31773          551                 5    590             1
#> 7878       38458          149                 9    774             3
#> 7879       37289          245                 9    519             2
#> 7880       19543          176                11   1497             3
#> 7881       15902          215                 8   1012             2
#> 7882        6737          119                10    747             4
#> 7883        3617          133                 8    693             3
#> 7884        3691          195                 9    973             2
#> 7885       37957           94                15   1677             4
#> 7886       21474          158                12   1096             3
#> 7887       12348          162                11    932             3
#> 7888        1440          435                13   1157             1
#> 7889         271          159                 8    909             3
#> 7890        5630          393                 6    577             1
#> 7891       27439          218                 7    717             2
#> 7892         997          161                14   1358             3
#> 7893       23620          137                 8    792             3
#> 7894       35542           70                 8   1001             5
#> 7895       31233          175                11   1152             3
#> 7896        8247          123                 9    705             4
#> 7897        1696          189                 7    841             2
#> 7898       14122           97                12   1192             4
#> 7899       35494           89                10    942             4
#> 7900       18321          380                 9   1132             1
#> 7901        6256           76                15   1140             5
#> 7902         787          103                10    904             4
#> 7903       38202          584                 4    259             1
#> 7904       36451          221                 8    661             2
#> 7905       23403          135                 7    943             3
#> 7906       28479          375                 9    763             1
#> 7907       14907          152                11   1079             3
#> 7908        2105          130                21   2090             3
#> 7909       27939          189                11    981             2
#> 7910       28475           66                 6    701             5
#> 7911       18311          265                10    856             2
#> 7912       18591          430                12   1346             1
#> 7913        6484           54                13   1204             5
#> 7914       23531          127                 7    560             3
#> 7915       29304          133                13   1162             3
#> 7916       38247          115                 9    905             4
#> 7917       29931          129                 8    658             3
#> 7918       27037          179                 4    240             2
#> 7919       11049          146                10   1212             3
#> 7920       25271           45                12    994             5
#> 7921       15585          173                11    991             3
#> 7922       10866          404                 4    348             1
#> 7923       22823          171                14   1319             3
#> 7924        6365          192                10    955             2
#> 7925       36121          251                17   1990             2
#> 7926       20874          243                 8    677             2
#> 7927       31872          340                12   1697             1
#> 7928        6118          496                 6    636             1
#> 7929       37705          258                11   1010             2
#> 7930       31560          138                11   1011             3
#> 7931       29168           32                 9    684             5
#> 7932        2506          194                14   1081             2
#> 7933       23504          137                 8    762             3
#> 7934       25052          161                 9    847             3
#> 7935       39514          503                 8    580             1
#> 7936       34501           34                15   1324             5
#> 7937       34818          502                 6    873             1
#> 7938       35688          129                11   1415             3
#> 7939       14647          188                 9    980             2
#> 7940       23147          267                13   1178             1
#> 7941        3169           97                 8    686             4
#> 7942        7094          129                12   1241             3
#> 7943       32892          112                14   1201             4
#> 7944       16151          272                11   1167             1
#> 7945        6593           43                 7    884             5
#> 7946        6606          393                 7    677             1
#> 7947        7574          594                 5    664             1
#> 7948       13113          166                11   1179             3
#> 7949       20694          108                 9    974             4
#> 7950       11796          109                 8    738             4
#> 7951       17670          209                 9    959             2
#> 7952       25393          279                 8    785             1
#> 7953       36142          108                11   1042             4
#> 7954       13401           17                16   1576             5
#> 7955       36112          244                13    734             2
#> 7956       35794           12                12   1175             5
#> 7957       14040           83                 8    805             4
#> 7958       25036          272                 7    498             1
#> 7959       10275           49                15   1234             5
#> 7960        2350          128                 8    737             3
#> 7961       11819          176                 8    926             3
#> 7962       38334           47                 8    680             5
#> 7963       23201           93                 9    873             4
#> 7964       27293          375                10    918             1
#> 7965       14021           98                 9    894             4
#> 7966       17004          185                12   1414             2
#> 7967         732          244                 6    343             2
#> 7968       33748          111                14   1625             4
#> 7969       32261          155                10   1069             3
#> 7970       33918          121                 9   1062             4
#> 7971       29677           34                11    964             5
#> 7972       29274          258                 5    437             2
#> 7973       14739           46                 5    312             5
#> 7974       18740           14                 8   1034             5
#> 7975       32496          222                18   1774             2
#> 7976       21108          201                13   1176             2
#> 7977       18719            9                13   1206             5
#> 7978       26128          177                 9   1012             2
#> 7979       15187          129                 6    497             3
#> 7980       37420           63                13   1353             5
#> 7981       11552          178                 7    861             2
#> 7982       39001          219                 7    706             2
#> 7983       36718          478                 9   1299             1
#> 7984       23617           56                13   1233             5
#> 7985       13243          117                10   1063             4
#> 7986       13419          140                12   1015             3
#> 7987        5470          109                 9    686             4
#> 7988        5172           76                10   1394             5
#> 7989       37072           71                13   1142             5
#> 7990       17115          177                10    767             2
#> 7991       11841           89                 8    990             4
#> 7992       25078          135                 7    904             3
#> 7993       18846           29                 9    865             5
#> 7994       25716          535                 8    673             1
#> 7995       19826           96                10    986             4
#> 7996       10737          210                13    982             2
#> 7997       17708           71                 8    638             5
#> 7998         602           87                 9    762             4
#> 7999       17128           97                 8    743             4
#> 8000       33852           26                12    918             5
#> 8001        5188          253                15   1904             2
#> 8002        2212           25                10    604             5
#> 8003       12474           42                10   1282             5
#> 8004        1942           71                15   1494             5
#> 8005       24993          119                14   1644             4
#> 8006       20339           84                 9    877             4
#> 8007        4371          166                 8    742             3
#> 8008        9271          204                 8    738             2
#> 8009       30801          245                13   1354             2
#> 8010       12468           80                10    966             4
#> 8011       21732          136                10    783             3
#> 8012       29978          176                 4    566             3
#> 8013       14029          113                13   1229             4
#> 8014       32198          246                 9    677             2
#> 8015        5586          176                12   1042             3
#> 8016       28434           86                 8    718             4
#> 8017       16675          108                 9    863             4
#> 8018       11257           19                13   1162             5
#> 8019       12435          226                 9    965             2
#> 8020       31727          216                 6    554             2
#> 8021        7549          148                 8    653             3
#> 8022       27014           74                15   1469             5
#> 8023       31245           45                13   1202             5
#> 8024       15420          487                 9    646             1
#> 8025        9166          216                14   1249             2
#> 8026       13173           97                11   1061             4
#> 8027       10950          128                12   1071             3
#> 8028        7411           56                 7    915             5
#> 8029       25141          164                15   1312             3
#> 8030       37305          259                 8    498             2
#> 8031       36721           57                12   1084             5
#> 8032        9075           17                10    721             5
#> 8033       34344           42                 9    996             5
#> 8034       24174          552                 5    484             1
#> 8035       39951          162                 7    589             3
#> 8036       21843          153                 9   1117             3
#> 8037        7108           43                10    869             5
#> 8038       18061          225                 8    775             2
#> 8039       24942          511                 7    775             1
#> 8040       34007           43                 8    905             5
#> 8041       39664          152                14   1078             3
#> 8042       10352          278                14    949             1
#> 8043        3571          227                10   1015             2
#> 8044       31279          108                12   1462             4
#> 8045       37651            7                13   1421             5
#> 8046       37486          112                10   1289             4
#> 8047       37833          541                 7    640             1
#> 8048        5361          126                12   1206             3
#> 8049        4109          175                 8    608             3
#> 8050       15182          113                16   1523             4
#> 8051       26876          240                 8    601             2
#> 8052       13439          298                 9    971             1
#> 8053       16712          445                10    946             1
#> 8054       25488          157                11    975             3
#> 8055       10528           36                 9    979             5
#> 8056       20371          180                 7    676             2
#> 8057        3927           58                 6    643             5
#> 8058       21620           53                 9   1191             5
#> 8059       38944          123                 6    436             4
#> 8060        7256           92                12    992             4
#> 8061       28551           89                13   1187             4
#> 8062       30026           16                10   1169             5
#> 8063       33944          304                 7    556             1
#> 8064       35849          119                 7    812             4
#> 8065       39256          500                 4    451             1
#> 8066       30622          151                 8    807             3
#> 8067       17981          356                 9    819             1
#> 8068       29026          521                 7    784             1
#> 8069       10701           97                 9    918             4
#> 8070       18793          112                14   1344             4
#> 8071       20199           49                13   1570             5
#> 8072       23811          223                 8   1026             2
#> 8073       36948          147                12   1333             3
#> 8074       37126          338                 5    504             1
#> 8075       26605          220                 6    423             2
#> 8076        6843          478                10   1291             1
#> 8077       12814          105                 8    917             4
#> 8078         479          137                11    832             3
#> 8079       22381          156                11   1066             3
#> 8080       30730          111                20   1654             4
#> 8081       17267          129                12    841             3
#> 8082         485           85                13   1442             4
#> 8083       29986           94                13    886             4
#> 8084        2965          255                 7    495             2
#> 8085       34500          260                10    975             2
#> 8086       13647           63                 7    757             5
#> 8087       21507          160                12    917             3
#> 8088        7362           97                 9    635             4
#> 8089       36051          195                11   1092             2
#> 8090       29025           78                15   1528             4
#> 8091       26303          104                14   1138             4
#> 8092       15804          177                 9    839             2
#> 8093       29057          223                 8    936             2
#> 8094       31973          185                13   1321             2
#> 8095       18179          135                12   1209             3
#> 8096        2693           61                12   1212             5
#> 8097       17263          304                16   1576             1
#> 8098       35009          100                 7    722             4
#> 8099       17176          136                14   1367             3
#> 8100       30023          405                13   1152             1
#> 8101        4644           91                12   1109             4
#> 8102       24029          164                13    950             3
#> 8103       32934          144                 8    782             3
#> 8104       37367          147                14   1589             3
#> 8105       37520          122                12    815             4
#> 8106       39465           95                 7    569             4
#> 8107       24760           71                 5    620             5
#> 8108       21888          284                12   1018             1
#> 8109       36667          288                 5    463             1
#> 8110       11497          118                13   1216             4
#> 8111        3069          172                14   1434             3
#> 8112       35813          180                12   1545             2
#> 8113        3528          124                15   1041             4
#> 8114       33646          291                11   1255             1
#> 8115       10959          486                 6    310             1
#> 8116       21469           67                10    861             5
#> 8117       18118          397                 8    791             1
#> 8118       23503          181                 9    775             2
#> 8119       18977           62                13   1396             5
#> 8120       31194          105                11   1100             4
#> 8121       23728          132                11   1169             3
#> 8122       21687           56                10    914             5
#> 8123        3667           81                15   1589             4
#> 8124        2543           52                10   1068             5
#> 8125        3103          255                 7    687             2
#> 8126       20140          452                 5    351             1
#> 8127       28325           26                12   1058             5
#> 8128        3643          393                10    984             1
#> 8129       11098          170                15   1514             3
#> 8130        2970          130                 7    528             3
#> 8131       30235          164                14   1175             3
#> 8132       36156          111                 5    410             4
#> 8133       39223           83                 4    365             4
#> 8134       38656          126                 9    389             3
#> 8135       11228          197                 9    847             2
#> 8136       32687          539                 9   1183             1
#> 8137       13911          388                15   1395             1
#> 8138       26186          399                10   1061             1
#> 8139       11923           44                14   1110             5
#> 8140       32634          435                 4    317             1
#> 8141       37052          225                10   1015             2
#> 8142       37747           33                14   1642             5
#> 8143       30628          144                14   1274             3
#> 8144       25744          190                13   1217             2
#> 8145       20631          106                10   1048             4
#> 8146       26412          164                11   1041             3
#> 8147       16276           84                15   1660             4
#> 8148       34732          208                13   1269             2
#> 8149       28920           96                 7    616             4
#> 8150       16303          190                13   1308             2
#> 8151        7896          160                 7    527             3
#> 8152         712          421                12    813             1
#> 8153       16617          139                10    953             3
#> 8154       15171          202                10   1122             2
#> 8155        6195          136                 5    225             3
#> 8156       26520          444                 5    596             1
#> 8157       32658          497                 8    791             1
#> 8158        2176          203                12   1298             2
#> 8159       26043          223                 7    800             2
#> 8160         673          234                12   1373             2
#> 8161        4784           32                 5    326             5
#> 8162        5171          101                12    870             4
#> 8163       38317          108                12   1201             4
#> 8164       17467           80                 7   1078             4
#> 8165       27300          256                 8    529             2
#> 8166        1127          146                 7    915             3
#> 8167        3739          270                10    865             1
#> 8168       21472          180                 9    654             2
#> 8169       12265           83                10   1104             4
#> 8170       36736          101                10   1002             4
#> 8171       38613          218                 4    215             2
#> 8172       28183           94                 8    809             4
#> 8173        7084          273                13   1173             1
#> 8174       20502           25                 9    972             5
#> 8175       15007          152                 9    556             3
#> 8176       18224           64                 8    757             5
#> 8177       31080           92                 9    950             4
#> 8178       16209          140                12   1209             3
#> 8179       30670          158                 6    311             3
#> 8180       13461          445                10    524             1
#> 8181        7208          239                 8    902             2
#> 8182        6502          199                11   1191             2
#> 8183       15821          474                 6    645             1
#> 8184       12537          405                 5    677             1
#> 8185        2797           36                 3    480             5
#> 8186        8173          170                10    586             3
#> 8187       38708          101                 9   1314             4
#> 8188       21335          203                 8    908             2
#> 8189        1673          403                 7    615             1
#> 8190       22078          129                 9    792             3
#> 8191       13338          193                 7    809             2
#> 8192         155          164                 5    583             3
#> 8193        5412           60                11   1044             5
#> 8194       36788           37                14   1763             5
#> 8195       29610           39                 6    244             5
#> 8196       34761          599                 5    424             1
#> 8197       37293            2                12    804             5
#> 8198        7999          206                10    882             2
#> 8199        6113          302                17   1089             1
#> 8200        2248           37                 6    844             5
#> 8201       37252          106                11   1050             4
#> 8202       39645          231                 8    608             2
#> 8203        1611           43                 7    570             5
#> 8204       30112           88                10    939             4
#> 8205       33444           81                10    679             4
#> 8206       18009          204                 6    715             2
#> 8207       26825           46                10    884             5
#> 8208       10010          139                15   1375             3
#> 8209       19571          237                 9   1071             2
#> 8210        6069           18                 8    706             5
#> 8211       22364          566                 4    427             1
#> 8212        1219          183                 7    706             2
#> 8213       34777           59                 6    626             5
#> 8214       36472          259                 7    734             2
#> 8215        9289          137                11   1477             3
#> 8216       30604          101                 6    710             4
#> 8217       33870          178                13   1192             2
#> 8218       39986           25                10   1025             5
#> 8219        5284          125                 8    697             4
#> 8220       32859          173                13   1079             3
#> 8221       29694           43                14   1137             5
#> 8222        2436          104                16   1381             4
#> 8223        8941          357                 6    575             1
#> 8224        2575          163                11   1036             3
#> 8225        7563          130                13   1142             3
#> 8226       12025           51                10    869             5
#> 8227       31576          116                 7    389             4
#> 8228        9791          206                 9    950             2
#> 8229       36038          114                 8    668             4
#> 8230       34914          296                10    710             1
#> 8231       37826          201                11   1034             2
#> 8232       38377          151                 7    860             3
#> 8233       36869          104                 7   1001             4
#> 8234       24136          147                 9   1136             3
#> 8235       30648           99                 9    943             4
#> 8236        8903          127                 7    691             3
#> 8237       39083          120                14   1590             4
#> 8238        8853           64                14   1357             5
#> 8239       33218          113                 8    825             4
#> 8240       29020           90                15   1801             4
#> 8241       21372           98                 5    678             4
#> 8242       36261          294                10    883             1
#> 8243        6327          166                 8    635             3
#> 8244       15843           85                11    756             4
#> 8245        3290          210                 8    748             2
#> 8246         645          184                12    841             2
#> 8247       11654           75                 9    790             5
#> 8248        6487          138                10   1215             3
#> 8249       32488          120                13   1155             4
#> 8250       28445          221                11    992             2
#> 8251        3197          312                14   1646             1
#> 8252        5974          455                 9    890             1
#> 8253       28758          306                 5    403             1
#> 8254       10236          286                 7    746             1
#> 8255       26193           15                 9   1037             5
#> 8256       29956           97                12   1101             4
#> 8257       36700          121                 7    515             4
#> 8258        1531           81                13   1299             4
#> 8259       36488          188                16   2230             2
#> 8260       23128          490                10   1030             1
#> 8261       33182           84                11    792             4
#> 8262       33263          204                 8    501             2
#> 8263       38283          178                 6    818             2
#> 8264       21602          206                12    904             2
#> 8265        8050          204                11   1025             2
#> 8266       30771          159                 7    728             3
#> 8267        1688          310                15   1493             1
#> 8268        9268          152                 7    797             3
#> 8269        1238          110                 9    859             4
#> 8270       38858          494                 5    418             1
#> 8271        9436           16                 5    657             5
#> 8272       28496          195                10    997             2
#> 8273       38510          533                 5    600             1
#> 8274        8488          163                14   1584             3
#> 8275       38006           91                10   1071             4
#> 8276       31736           91                21   2010             4
#> 8277        9613          167                 6    538             3
#> 8278        5427          184                12    973             2
#> 8279       38478          193                 8    547             2
#> 8280       13392          124                 9    807             4
#> 8281        8763           28                11   1087             5
#> 8282       25639          266                11   1596             1
#> 8283        2328          110                15   1250             4
#> 8284       20999          225                 7    683             2
#> 8285       21726           70                 7    355             5
#> 8286       20886          462                 5    373             1
#> 8287       21615           10                14   1396             5
#> 8288       23351          160                11   1213             3
#> 8289       28978          345                 8   1183             1
#> 8290       15881          169                 6    623             3
#> 8291       23407          169                 9    549             3
#> 8292       10309           88                10    804             4
#> 8293       33782           42                 9   1197             5
#> 8294       16999          250                10   1328             2
#> 8295       12226          267                 8    975             1
#> 8296        8548           77                10   1060             4
#> 8297       17107          112                15   1504             4
#> 8298       38441          344                 9   1069             1
#> 8299       25128          179                 9    819             2
#> 8300       18185          404                 8    679             1
#> 8301       12009           19                10    940             5
#> 8302       31243          387                 6    573             1
#> 8303        8267          127                 9    908             3
#> 8304       35289          183                 6    664             2
#> 8305       34043          245                 6    769             2
#> 8306        5382          109                 8    719             4
#> 8307        3054          360                 9    958             1
#> 8308       19964           60                 5    316             5
#> 8309       14883          149                15   1581             3
#> 8310       25427          126                 9    839             3
#> 8311       15324          443                 9    803             1
#> 8312       25602          117                11   1024             4
#> 8313       27084          301                10    936             1
#> 8314       12938          462                 7    693             1
#> 8315        2459           77                 5    528             4
#> 8316        4028           92                13   1256             4
#> 8317       13100          104                11    984             4
#> 8318        3484          304                11    678             1
#> 8319        8467            8                11    964             5
#> 8320        3880          177                13   1732             2
#> 8321       21796          262                 8    746             2
#> 8322        8608          173                 9    614             3
#> 8323       34878          265                 6    687             2
#> 8324       26081          184                 7    950             2
#> 8325       32325          292                 8    718             1
#> 8326       31702          148                13   1270             3
#> 8327       25107           34                18   2006             5
#> 8328       37286          134                11    752             3
#> 8329        3676           48                 7    682             5
#> 8330       38108          534                 7    625             1
#> 8331       35881           47                16   1397             5
#> 8332        5674          136                11   1088             3
#> 8333       39013          115                11   1104             4
#>      frequency_score monetary_score rfm_score most_recent_visit     first_name
#> 1                  2              2       222        2006-05-14      Maddalena
#> 2                  5              5       455        2006-09-08        Bradley
#> 3                  1              1       511        2006-11-19        Gwenora
#> 4                  4              4       544        2006-10-29       Hendrick
#> 5                  4              5       545        2006-12-09       Cathleen
#> 6                  4              3       543        2006-10-21         Norrie
#> 7                  5              5       455        2006-09-11          Leigh
#> 8                  4              2       342        2006-08-12          Zelig
#> 9                  2              2       522        2006-11-19      Millisent
#> 10                 3              3       333        2006-08-23          Sella
#> 11                 2              2       122        2006-04-10            Doy
#> 12                 2              2       122        2005-12-26          Datha
#> 13                 3              3       433        2006-09-27     Jackquelin
#> 14                 5              5       355        2006-07-15        Kincaid
#> 15                 5              4       154        2006-02-02        Baryram
#> 16                 1              2       312        2006-08-28      Constanta
#> 17                 1              2       512        2006-12-14         Kayley
#> 18                 2              2       222        2006-04-30        Beverly
#> 19                 4              4       344        2006-08-21          Janel
#> 20                 2              2       222        2006-07-04         Roldan
#> 21                 4              4       344        2006-07-24        Marcelo
#> 22                 2              2       322        2006-08-02          Lauri
#> 23                 5              5       255        2006-05-15          Uriah
#> 24                 2              2       122        2006-03-23          Leona
#> 25                 2              2       322        2006-07-29          Rakel
#> 26                 3              2       432        2006-09-22        Fanchon
#> 27                 3              3       333        2006-08-04           Adam
#> 28                 1              2       212        2006-06-14      Nathaniel
#> 29                 4              2       442        2006-08-30        Loralie
#> 30                 5              4       354        2006-07-31           Trix
#> 31                 1              1       111        2005-11-05          Joann
#> 32                 5              5       455        2006-10-15        Maureen
#> 33                 2              2       322        2006-08-02          Lanny
#> 34                 3              5       435        2006-10-16          Katie
#> 35                 5              5       455        2006-10-15          Tabby
#> 36                 2              3       423        2006-10-12          Laura
#> 37                 3              3       233        2006-06-07         Lemmie
#> 38                 1              1       111        2005-11-17        Jarrett
#> 39                 1              1       111        2005-07-12       Reinaldo
#> 40                 5              5       555        2006-11-25         Shawna
#> 41                 2              3       123        2005-10-03      Timotheus
#> 42                 5              5       555        2006-11-19         Nalani
#> 43                 2              1       321        2006-08-16       Penelope
#> 44                 3              3       233        2006-06-18           Boot
#> 45                 1              1       511        2006-12-21          Trixi
#> 46                 4              4       444        2006-09-06         Garald
#> 47                 2              3       423        2006-09-14         George
#> 48                 2              2       322        2006-08-15        Melodie
#> 49                 1              1       111        2006-04-02      Elbertine
#> 50                 3              3       533        2006-11-24          Delia
#> 51                 2              2       322        2006-07-21         Ariana
#> 52                 3              4       434        2006-08-30            Doe
#> 53                 1              1       111        2006-03-23        Annabel
#> 54                 5              4       354        2006-08-18       Zaccaria
#> 55                 3              3       433        2006-09-15          Casar
#> 56                 3              5       335        2006-07-17          Rikki
#> 57                 1              2       112        2005-08-10       Catriona
#> 58                 2              5       125        2006-03-29       Caterina
#> 59                 4              5       145        2005-11-29         Noreen
#> 60                 3              3       433        2006-10-06     Michaeline
#> 61                 4              3       543        2006-12-22          Leigh
#> 62                 1              1       311        2006-07-20            Lon
#> 63                 1              2       112        2006-02-19         Padget
#> 64                 5              4       554        2006-12-10          Euell
#> 65                 4              4       444        2006-09-05       Margalit
#> 66                 1              1       211        2006-04-27         Cammie
#> 67                 5              5       355        2006-07-09       Grantley
#> 68                 4              5       145        2005-12-27          Verla
#> 69                 5              5       255        2006-04-12         Vinnie
#> 70                 4              4       144        2006-03-17          Reese
#> 71                 5              5       555        2006-11-27         Graeme
#> 72                 2              2       222        2006-06-12          Barri
#> 73                 3              4       534        2006-11-23         Mahmud
#> 74                 1              1       111        2006-01-07         Rupert
#> 75                 4              4       544        2006-10-28         Noland
#> 76                 2              3       423        2006-09-14         Ondrea
#> 77                 4              4       144        2005-12-20          Danya
#> 78                 5              5       455        2006-09-26        Adriana
#> 79                 4              4       544        2006-12-20         Vergil
#> 80                 3              3       533        2006-11-28         Delora
#> 81                 3              3       433        2006-09-02           Leda
#> 82                 2              2       122        2005-10-02          Merle
#> 83                 5              5       555        2006-10-25         Peggie
#> 84                 2              3       223        2006-05-28          Nixie
#> 85                 3              4       334        2006-07-09           Jeno
#> 86                 4              4       544        2006-11-20          Delly
#> 87                 4              3       443        2006-09-24        Yanaton
#> 88                 4              2       342        2006-08-21        Caresse
#> 89                 2              4       424        2006-09-23           Dari
#> 90                 4              4       444        2006-09-29          Paton
#> 91                 4              3       343        2006-07-21         Cybill
#> 92                 1              1       111        2004-11-13            Nat
#> 93                 2              1       321        2006-07-29        Lorelei
#> 94                 5              5       555        2006-11-08          Alyss
#> 95                 3              4       434        2006-08-31         Lucais
#> 96                 4              4       244        2006-05-21         Boonie
#> 97                 2              2       222        2006-05-22        Sibilla
#> 98                 4              5       445        2006-09-25           Maxy
#> 99                 5              5       455        2006-09-28           Brig
#> 100                1              1       511        2006-11-03         Bobbie
#> 101                2              3       423        2006-10-16       Cariotta
#> 102                1              1       111        2006-03-30       Victoria
#> 103                2              3       523        2006-11-06       Jedediah
#> 104                3              3       333        2006-07-21         Graeme
#> 105                2              2       522        2006-10-20       Dietrich
#> 106                1              2       312        2006-08-27           Teri
#> 107                2              3       223        2006-06-23           Noah
#> 108                1              1       111        2006-02-11      Madelaine
#> 109                5              5       355        2006-08-21        Sharity
#> 110                3              3       133        2005-11-02         Tobias
#> 111                2              2       522        2006-10-19       Jerrylee
#> 112                1              1       211        2006-04-14         Andris
#> 113                1              2       212        2006-06-03           Jule
#> 114                1              2       112        2005-08-04          Sonia
#> 115                2              2       222        2006-05-12          Adair
#> 116                2              4       224        2006-05-26       Chrystel
#> 117                5              5       255        2006-05-10          Waldo
#> 118                5              5       455        2006-10-10          Lindi
#> 119                3              3       133        2006-02-19        Jillana
#> 120                3              3       533        2006-10-26       Gretchen
#> 121                5              5       255        2006-07-05          Matty
#> 122                3              3       433        2006-09-20          Melly
#> 123                1              2       112        2006-02-25          Donal
#> 124                2              2       122        2006-03-15          Bogey
#> 125                4              2       542        2006-11-23        Elonore
#> 126                2              3       123        2005-11-06         Iorgos
#> 127                1              1       111        2006-03-17          Kerry
#> 128                2              2       322        2006-07-31           Fran
#> 129                4              3       343        2006-08-15           Noby
#> 130                5              4       454        2006-10-15        Winfred
#> 131                5              5       555        2006-11-08         Loleta
#> 132                1              2       112        2005-10-25        Dee dee
#> 133                5              5       455        2006-09-25        Zitella
#> 134                1              2       212        2006-06-07        Nichole
#> 135                4              5       445        2006-10-03          Margo
#> 136                3              2       332        2006-08-18           Yuri
#> 137                4              4       144        2005-12-02        Angelia
#> 138                3              3       433        2006-09-29           Stan
#> 139                4              3       243        2006-06-21           Desi
#> 140                4              3       343        2006-08-26      Westleigh
#> 141                5              5       255        2006-07-08      Mehetabel
#> 142                5              5       555        2006-12-02         Arther
#> 143                4              5       445        2006-09-02          Virge
#> 144                5              5       455        2006-10-07       Nicolais
#> 145                3              5       335        2006-07-25      Cleopatra
#> 146                2              1       121        2006-03-12          Cissy
#> 147                4              5       245        2006-06-16           Gail
#> 148                1              3       213        2006-06-06         Marcia
#> 149                1              2       512        2006-10-21         Traver
#> 150                4              5       345        2006-08-25        Lorinda
#> 151                5              5       555        2006-11-07        Susanna
#> 152                1              1       111        2004-11-08          Cinda
#> 153                5              5       355        2006-08-08        Pascale
#> 154                2              3       523        2006-11-22          Lenee
#> 155                4              4       544        2006-10-27        Deloria
#> 156                1              1       311        2006-08-05         Renaud
#> 157                5              5       555        2006-12-07      Whittaker
#> 158                1              2       112        2005-11-28         Daisie
#> 159                2              2       422        2006-10-14        Blancha
#> 160                1              1       511        2006-10-24           Kyle
#> 161                1              2       212        2006-07-01          Robby
#> 162                5              5       355        2006-08-07           Bram
#> 163                1              1       111        2004-05-30           Nero
#> 164                2              2       322        2006-07-18        Glennie
#> 165                4              4       444        2006-10-15         Johann
#> 166                2              1       221        2006-04-18       Emanuele
#> 167                1              1       111        2005-07-05        Pacorro
#> 168                1              1       511        2006-12-03      Alisander
#> 169                1              1       111        2005-10-18        Abelard
#> 170                4              5       345        2006-08-21         Rutter
#> 171                5              5       155        2005-12-19           Cobb
#> 172                3              1       531        2006-12-29          Shari
#> 173                3              2       432        2006-09-10       Sapphira
#> 174                5              5       355        2006-08-18           Cris
#> 175                2              1       321        2006-08-03       Ferguson
#> 176                2              2       322        2006-07-14       Rosalind
#> 177                4              3       543        2006-12-29        Sibylla
#> 178                5              4       554        2006-11-09        Anatola
#> 179                2              4       224        2006-04-29         Kelsey
#> 180                5              5       255        2006-04-13          Pearl
#> 181                5              5       355        2006-07-13          Smith
#> 182                1              1       211        2006-05-17         Malchy
#> 183                2              3       523        2006-11-26         Noella
#> 184                5              5       255        2006-06-13   Anne-corinne
#> 185                5              4       454        2006-09-25          Tiffi
#> 186                4              4       244        2006-06-01        Roobbie
#> 187                5              5       355        2006-08-11          Lenka
#> 188                1              1       211        2006-05-05      Kristofor
#> 189                2              1       221        2006-07-01       Marietta
#> 190                1              2       412        2006-10-08     Christophe
#> 191                1              2       312        2006-07-29            Del
#> 192                4              3       543        2006-11-08          Uriah
#> 193                3              3       533        2006-10-19         Darcey
#> 194                4              4       344        2006-07-25         Giraud
#> 195                1              2       512        2006-11-25          Adolf
#> 196                1              1       411        2006-09-30         Vivien
#> 197                2              3       423        2006-09-21         Katina
#> 198                4              5       245        2006-06-04         Nelson
#> 199                2              2       222        2006-06-12           Alix
#> 200                1              1       111        2005-04-05          Anica
#> 201                5              5       555        2006-10-26       Tomasina
#> 202                4              5       245        2006-06-22        Corinna
#> 203                1              2       312        2006-07-19       Michelle
#> 204                4              2       542        2006-12-03          Loria
#> 205                2              3       123        2006-02-09      Annamaria
#> 206                1              1       411        2006-10-13         Nannie
#> 207                5              5       255        2006-05-17           Peri
#> 208                1              1       211        2006-05-02       Prentice
#> 209                5              5       555        2006-10-25         Baxter
#> 210                3              3       233        2006-06-14       Martynne
#> 211                5              5       455        2006-10-10          Hetti
#> 212                2              2       122        2005-10-11           Aime
#> 213                5              3       453        2006-10-06     Melisandra
#> 214                5              5       255        2006-07-08        Cecilla
#> 215                4              4       444        2006-09-28    Christopher
#> 216                5              4       454        2006-10-06         Horten
#> 217                1              1       111        2005-11-29       Laughton
#> 218                5              4       454        2006-09-02            Dag
#> 219                5              5       355        2006-07-12            Zoe
#> 220                4              5       145        2006-01-12       Jaquelin
#> 221                3              4       434        2006-09-26           Burk
#> 222                4              4       344        2006-07-11           Clio
#> 223                3              5       435        2006-08-30         Bidget
#> 224                3              5       235        2006-06-28            Ina
#> 225                1              1       411        2006-09-09        Phyllis
#> 226                5              5       355        2006-08-19         Lainey
#> 227                1              1       111        2006-01-09          Luisa
#> 228                1              1       111        2005-08-07         Ashien
#> 229                2              1       321        2006-08-03        Loralie
#> 230                3              4       234        2006-06-14        Carmita
#> 231                2              1       521        2006-12-07       Barbette
#> 232                4              3       543        2006-10-22        Fairlie
#> 233                1              1       111        2005-09-17        Dorelle
#> 234                1              3       313        2006-08-22       Marchall
#> 235                5              5       155        2006-02-08          Faina
#> 236                2              3       423        2006-10-03         Jeanie
#> 237                2              2       322        2006-07-16           Sven
#> 238                1              2       412        2006-10-08          Simon
#> 239                1              1       111        2005-10-21          Kermy
#> 240                2              3       423        2006-10-14            Pen
#> 241                3              2       532        2006-11-15       Mitchael
#> 242                2              2       222        2006-07-02        Aurthur
#> 243                4              3       243        2006-06-30        Shelagh
#> 244                5              4       454        2006-09-29          Lance
#> 245                1              1       111        2005-08-14          Chris
#> 246                5              1       551        2006-10-31         Marlyn
#> 247                2              2       522        2006-12-03         Ruthie
#> 248                2              2       222        2006-06-11          Galen
#> 249                5              5       155        2006-04-03        Emlynne
#> 250                1              1       111        2005-08-20         Angele
#> 251                3              4       534        2006-11-10        Hadrian
#> 252                1              2       112        2005-10-14          Bonny
#> 253                2              2       522        2006-11-29         Sarena
#> 254                5              5       355        2006-08-24          Alfie
#> 255                4              4       244        2006-07-07       Tremaine
#> 256                4              5       545        2006-11-09            Sid
#> 257                3              4       434        2006-09-25         Norman
#> 258                2              3       423        2006-09-24          Caleb
#> 259                5              5       255        2006-06-21       Tiffanie
#> 260                5              5       255        2006-05-07             Al
#> 261                5              5       555        2006-11-01       Toinette
#> 262                3              1       431        2006-09-11         Alysia
#> 263                1              1       511        2006-10-21       Ignatius
#> 264                2              3       223        2006-04-24          Perla
#> 265                2              5       325        2006-08-14       Mariette
#> 266                3              4       234        2006-07-01        Barnett
#> 267                2              1       221        2006-07-05        Ethelyn
#> 268                5              5       555        2006-10-22          Cobby
#> 269                2              2       522        2006-12-19        Renelle
#> 270                2              3       523        2006-12-05       Jocelyne
#> 271                3              3       333        2006-08-14         Hebert
#> 272                1              1       111        2005-12-02           Oran
#> 273                1              2       412        2006-10-14         Gretna
#> 274                5              5       555        2006-11-24         Cletus
#> 275                5              4       254        2006-04-20          Pauli
#> 276                2              4       124        2005-11-28       Marchall
#> 277                2              4       424        2006-09-01         Easter
#> 278                1              2       512        2006-11-27           Gabi
#> 279                1              2       112        2005-10-12       Eleonora
#> 280                2              1       221        2006-05-31          Glori
#> 281                5              4       254        2006-06-10         Camile
#> 282                1              1       111        2005-11-15        Skipton
#> 283                3              3       233        2006-04-23       Trumaine
#> 284                3              3       533        2006-11-06       Jeniffer
#> 285                3              4       234        2006-07-08           Bink
#> 286                3              3       133        2005-10-02          Shani
#> 287                2              4       524        2006-12-04           Kira
#> 288                2              2       422        2006-10-12           Noni
#> 289                1              1       311        2006-07-25         Johnny
#> 290                1              1       211        2006-07-01      Celestyna
#> 291                2              4       124        2006-03-27      Leicester
#> 292                3              1       431        2006-10-11           Dory
#> 293                1              2       412        2006-09-24           Lacy
#> 294                4              3       243        2006-05-05         Shaina
#> 295                1              1       111        2006-02-08           Deck
#> 296                1              1       311        2006-07-18          Adham
#> 297                1              1       211        2006-06-21      Shurlocke
#> 298                2              4       124        2006-03-18        Starlin
#> 299                4              4       144        2005-09-11          Cynde
#> 300                1              1       211        2006-04-16       Doroteya
#> 301                4              5       445        2006-10-01          Elene
#> 302                5              4       554        2006-11-17          Hobie
#> 303                5              3       453        2006-09-27        Stewart
#> 304                5              5       455        2006-10-09          Dulci
#> 305                4              4       444        2006-10-02         Norine
#> 306                5              5       355        2006-07-19       Antonius
#> 307                5              5       555        2006-11-17          Glori
#> 308                2              3       523        2006-10-19           Judd
#> 309                3              2       532        2006-11-23          Keely
#> 310                1              1       311        2006-07-29           Susi
#> 311                1              1       511        2006-11-05         Pattie
#> 312                2              2       422        2006-09-25            Dev
#> 313                1              2       512        2006-12-03         Hermia
#> 314                5              5       555        2006-10-29         Stearn
#> 315                5              5       355        2006-08-05          Linus
#> 316                1              1       311        2006-08-14        Heather
#> 317                3              2       232        2006-06-13          Dawna
#> 318                3              3       333        2006-08-18          Noach
#> 319                2              3       123        2005-11-15          Vikky
#> 320                5              5       455        2006-09-26        Paolina
#> 321                4              3       543        2006-11-04            Lem
#> 322                1              2       112        2005-07-03        Dorothy
#> 323                1              2       112        2005-12-06        Linnell
#> 324                1              1       211        2006-05-22       Charmine
#> 325                4              4       244        2006-04-25           Iris
#> 326                4              3       443        2006-09-04         Benson
#> 327                4              3       343        2006-07-13         Thorin
#> 328                4              2       542        2006-10-24        Iormina
#> 329                2              2       422        2006-09-06           Nara
#> 330                2              4       124        2006-02-04          Gabey
#> 331                1              1       211        2006-05-27         Lucien
#> 332                3              2       532        2006-11-06        Stewart
#> 333                1              2       112        2005-12-10          Ewart
#> 334                4              3       143        2006-02-11     Alexandros
#> 335                2              4       324        2006-07-11         Simona
#> 336                5              5       455        2006-09-10           Ario
#> 337                2              2       222        2006-05-08         Jdavie
#> 338                5              5       355        2006-08-04        Patrice
#> 339                1              1       211        2006-07-01       Garnette
#> 340                3              1       131        2005-10-01        Nikolos
#> 341                5              5       455        2006-10-05         Tallou
#> 342                5              5       455        2006-09-25             Si
#> 343                3              2       132        2005-10-14    Annecorinne
#> 344                3              5       535        2006-11-01         Wilmar
#> 345                5              5       455        2006-09-24      Reinaldos
#> 346                2              2       122        2005-10-07      Nathaniel
#> 347                2              4       524        2006-11-04          Renae
#> 348                2              4       424        2006-09-28        Clement
#> 349                2              4       124        2006-03-04         Ashlee
#> 350                5              5       355        2006-07-12       Jerrilee
#> 351                1              1       411        2006-09-15         Ofelia
#> 352                1              1       111        2005-09-02           Rani
#> 353                2              3       423        2006-08-29       Angeline
#> 354                3              4       234        2006-04-16       Herculie
#> 355                2              3       323        2006-08-28     Ferdinande
#> 356                5              5       455        2006-09-16          Wilek
#> 357                2              3       123        2005-07-12         Kylila
#> 358                5              5       255        2006-06-30     Clarabelle
#> 359                1              1       311        2006-07-12        Ignazio
#> 360                5              5       355        2006-07-29           Joey
#> 361                5              5       355        2006-08-26        Nealson
#> 362                2              2       122        2005-12-31          Noami
#> 363                1              1       311        2006-07-27          Albie
#> 364                1              3       413        2006-09-17          Liane
#> 365                5              4       154        2006-03-05        Chrisse
#> 366                2              3       123        2005-07-22          Calla
#> 367                1              1       311        2006-08-25           Suki
#> 368                1              2       112        2005-07-25            Fee
#> 369                5              5       255        2006-05-06         Kimbra
#> 370                3              3       533        2006-10-25        Cynthie
#> 371                2              4       424        2006-10-11        Urbanus
#> 372                1              3       113        2005-11-25         Torrey
#> 373                3              3       533        2006-12-09          Keefe
#> 374                4              4       544        2006-11-13          Lilia
#> 375                2              2       322        2006-08-16            Kin
#> 376                1              1       211        2006-07-06          Morly
#> 377                5              3       453        2006-09-23         Kelsey
#> 378                5              4       354        2006-07-26         Beckie
#> 379                4              5       545        2006-12-04        Chariot
#> 380                5              5       255        2006-06-29          Halsy
#> 381                4              3       443        2006-08-30          Nappy
#> 382                2              2       122        2005-10-23         Suzann
#> 383                1              1       511        2006-11-04           Kele
#> 384                2              1       321        2006-08-24        Peterus
#> 385                4              3       343        2006-08-22          Alana
#> 386                4              2       342        2006-07-20         Aloise
#> 387                2              4       124        2005-10-20     Michaeline
#> 388                4              4       244        2006-06-13         Ileane
#> 389                1              1       211        2006-06-27         Martin
#> 390                1              1       311        2006-08-14          Leora
#> 391                2              2       222        2006-06-25       Guilbert
#> 392                4              5       545        2006-11-22           Adam
#> 393                3              4       234        2006-06-02        Cornall
#> 394                5              5       255        2006-07-07           Joli
#> 395                1              2       212        2006-07-01         Jdavie
#> 396                5              5       255        2006-05-22        Roseann
#> 397                1              2       312        2006-07-22           Toma
#> 398                1              1       511        2006-12-11       Sherline
#> 399                4              4       344        2006-08-04          Judas
#> 400                2              3       123        2005-09-02          Chaim
#> 401                5              5       355        2006-08-03         Harley
#> 402                1              1       411        2006-08-31        Gilburt
#> 403                2              3       423        2006-09-02           Elie
#> 404                4              4       544        2006-12-18            Wyn
#> 405                5              5       355        2006-08-11          Eilis
#> 406                3              4       334        2006-07-13         Beulah
#> 407                5              5       555        2006-12-20        Katleen
#> 408                4              4       344        2006-08-12         Shelbi
#> 409                4              5       545        2006-11-16       Parsifal
#> 410                1              2       412        2006-10-07         Brigid
#> 411                3              3       333        2006-08-02         Meriel
#> 412                2              1       521        2006-11-26          Issie
#> 413                3              3       333        2006-08-09       Bradford
#> 414                5              5       455        2006-09-13          Flory
#> 415                2              2       222        2006-07-04         Seumas
#> 416                2              3       123        2005-09-02          Nicki
#> 417                3              3       433        2006-09-24        Germain
#> 418                2              3       323        2006-08-28        Corella
#> 419                2              3       323        2006-08-28         Hewett
#> 420                3              2       232        2006-06-24          Della
#> 421                4              2       142        2005-12-21         Marcel
#> 422                1              1       111        2005-08-03       Ignacius
#> 423                5              4       554        2006-11-03        Kerrill
#> 424                5              5       155        2006-03-10        Roselle
#> 425                1              1       311        2006-08-10           Evey
#> 426                3              3       533        2006-12-11          Nerta
#> 427                2              3       323        2006-07-17         Jerrie
#> 428                5              4       554        2006-12-29        Garrick
#> 429                5              5       455        2006-08-29          Romeo
#> 430                2              3       423        2006-09-06         Kristi
#> 431                1              1       211        2006-04-16         Bordie
#> 432                2              3       423        2006-09-26          Pippa
#> 433                5              5       355        2006-08-13          Nicky
#> 434                1              1       311        2006-07-27         Ronica
#> 435                1              1       111        2005-12-02         Elston
#> 436                3              4       234        2006-07-03       Robinson
#> 437                3              3       233        2006-06-20         Gratia
#> 438                1              1       111        2005-09-19         Davida
#> 439                2              3       323        2006-07-22       Germaine
#> 440                2              2       222        2006-04-25           Duke
#> 441                4              4       344        2006-07-30        Hilario
#> 442                4              5       245        2006-06-02            Clo
#> 443                1              1       111        2005-06-28        Deborah
#> 444                4              4       244        2006-06-12        Cathryn
#> 445                2              3       323        2006-08-06           Otho
#> 446                4              4       244        2006-06-09            Den
#> 447                2              2       122        2005-11-23       Engracia
#> 448                1              1       511        2006-11-09          Reece
#> 449                4              4       244        2006-05-31       Jonathan
#> 450                4              2       542        2006-11-05        Ethelyn
#> 451                4              4       144        2005-11-26        Marlena
#> 452                2              1       221        2006-06-13           Lora
#> 453                4              5       445        2006-09-15          Garth
#> 454                5              5       555        2006-11-25        Querida
#> 455                2              2       422        2006-09-25        Luciana
#> 456                5              5       255        2006-07-03         Waylan
#> 457                1              1       111        2004-06-16      Anneliese
#> 458                5              5       355        2006-07-25          Nicki
#> 459                3              3       333        2006-07-28         Bonita
#> 460                4              4       244        2006-07-03        Winonah
#> 461                1              1       211        2006-04-30          Caria
#> 462                2              1       421        2006-09-05          Ester
#> 463                5              4       454        2006-08-30       Jaquelin
#> 464                3              4       134        2005-08-09         Perren
#> 465                1              1       311        2006-08-20       Zedekiah
#> 466                1              3       513        2006-12-08          Ailyn
#> 467                3              3       533        2006-12-15           Sean
#> 468                1              2       312        2006-07-15        Linnell
#> 469                3              3       133        2006-01-07          Torin
#> 470                5              4       254        2006-05-26          Hyatt
#> 471                4              4       344        2006-08-02         Garald
#> 472                4              3       443        2006-10-05          Fanni
#> 473                5              5       555        2006-12-10          Karil
#> 474                4              4       244        2006-05-17            Nev
#> 475                1              1       311        2006-08-11      Winifield
#> 476                3              4       334        2006-08-16         Olivia
#> 477                5              5       255        2006-05-08          Gayle
#> 478                1              3       113        2005-08-28           Rana
#> 479                3              2       532        2006-11-21       Aloysius
#> 480                3              4       534        2006-11-23         Fulvia
#> 481                2              3       523        2006-11-06         Alissa
#> 482                1              1       111        2005-12-17          Denis
#> 483                3              4       234        2006-07-03          Elita
#> 484                3              5       335        2006-07-14         Randie
#> 485                2              2       522        2006-11-28       Engracia
#> 486                3              3       333        2006-07-09         Cullan
#> 487                4              4       144        2005-11-24        Hercule
#> 488                3              3       533        2006-11-11        Melinde
#> 489                2              1       421        2006-09-24        Breanne
#> 490                4              3       443        2006-10-08          Dylan
#> 491                3              4       334        2006-07-30        Maynord
#> 492                2              3       323        2006-07-31           Conn
#> 493                1              2       412        2006-09-19     Frederique
#> 494                2              2       322        2006-07-16          Talia
#> 495                4              3       343        2006-08-22          Rhona
#> 496                4              4       444        2006-08-31        Annissa
#> 497                5              4       554        2006-12-03         Clovis
#> 498                1              2       212        2006-04-22          Peggy
#> 499                1              1       211        2006-07-08          Winni
#> 500                5              5       555        2006-10-19          Coral
#> 501                2              1       421        2006-10-08         Salomi
#> 502                1              2       312        2006-08-27         Orsola
#> 503                1              1       111        2005-11-04          Faber
#> 504                3              3       533        2006-10-27         Mariel
#> 505                2              4       224        2006-05-07          Rosie
#> 506                3              3       433        2006-09-27          Tally
#> 507                2              4       524        2006-11-15         Drucie
#> 508                1              3       413        2006-10-13      Westbrook
#> 509                4              2       242        2006-07-01          Sarge
#> 510                5              5       355        2006-08-06         Carter
#> 511                3              4       434        2006-09-05           Tait
#> 512                4              5       445        2006-09-27        Fidelio
#> 513                2              3       123        2006-02-25      Dominique
#> 514                2              4       324        2006-07-11         Rosita
#> 515                2              4       124        2006-03-11          Darla
#> 516                2              2       522        2006-11-28        Chickie
#> 517                1              2       212        2006-06-17           Abey
#> 518                4              2       442        2006-09-01         Wilden
#> 519                1              2       112        2005-07-03        Maritsa
#> 520                2              1       321        2006-07-25      Cleopatra
#> 521                1              1       511        2006-11-13            Far
#> 522                1              1       111        2006-02-07          Sarah
#> 523                5              5       455        2006-10-01         Kristo
#> 524                3              1       131        2006-03-23          Svend
#> 525                3              3       233        2006-06-12           Raye
#> 526                3              3       133        2005-07-22         Lenora
#> 527                1              1       311        2006-08-09       Stephani
#> 528                5              4       454        2006-10-15         Darryl
#> 529                5              5       355        2006-08-24            Mac
#> 530                4              4       444        2006-10-08            Any
#> 531                2              1       121        2006-02-10         Inness
#> 532                3              3       133        2005-11-22          Halli
#> 533                5              5       355        2006-07-24        Cynthea
#> 534                2              2       422        2006-09-27        Querida
#> 535                4              5       545        2006-11-21      Christian
#> 536                2              2       522        2006-11-03           Adda
#> 537                4              3       443        2006-09-15          Adolf
#> 538                2              2       222        2006-05-17        Shelton
#> 539                2              2       522        2006-10-17          Jaime
#> 540                3              2       532        2006-10-19          Farra
#> 541                5              5       555        2006-11-11          Aluin
#> 542                1              4       314        2006-08-09          Hynda
#> 543                3              4       434        2006-10-15         Sylvia
#> 544                1              1       111        2006-03-02         Hashim
#> 545                4              3       343        2006-08-24         Ysabel
#> 546                4              3       543        2006-11-29        Lucilia
#> 547                1              1       111        2005-08-26          Ariel
#> 548                2              2       422        2006-08-30         Victor
#> 549                1              1       311        2006-08-01      Annamarie
#> 550                4              2       242        2006-05-13      Gabrielle
#> 551                3              4       434        2006-10-02            Kym
#> 552                2              2       122        2005-12-17         Gianni
#> 553                5              4       354        2006-07-20       Gregoire
#> 554                1              2       412        2006-09-30        Bendite
#> 555                5              5       255        2006-05-02             Si
#> 556                2              2       422        2006-09-22         Darcie
#> 557                3              2       232        2006-04-11           Marv
#> 558                4              4       444        2006-09-09        Daniele
#> 559                2              2       422        2006-09-26         Vinson
#> 560                2              4       224        2006-06-29         Nestor
#> 561                1              1       211        2006-05-09        Ezekiel
#> 562                5              3       453        2006-10-15         Ashely
#> 563                1              1       311        2006-08-16          Tabor
#> 564                5              5       555        2006-12-13         Randal
#> 565                1              1       111        2005-08-06       Stirling
#> 566                1              1       211        2006-05-25          Audra
#> 567                5              3       353        2006-07-18       Gardener
#> 568                5              4       454        2006-10-09       Immanuel
#> 569                5              5       355        2006-08-24           Flor
#> 570                1              2       512        2006-10-20         Bronny
#> 571                1              1       111        2005-06-25       Jennilee
#> 572                2              1       121        2006-01-11          Fritz
#> 573                5              5       155        2006-03-03         Jarred
#> 574                1              1       311        2006-07-15          Marji
#> 575                5              4       554        2006-12-21           Nani
#> 576                5              5       255        2006-06-05       Stoddard
#> 577                2              1       521        2006-11-06        Ramonda
#> 578                2              1       121        2006-03-08          Hulda
#> 579                4              4       444        2006-09-25          Cordy
#> 580                4              4       344        2006-07-29           Lion
#> 581                1              1       211        2006-04-27          Daria
#> 582                4              3       343        2006-08-10          Mirna
#> 583                5              5       555        2006-12-27         Rodina
#> 584                5              5       255        2006-04-23         Keeley
#> 585                4              2       442        2006-08-30            Moe
#> 586                2              2       322        2006-07-30           Zach
#> 587                1              1       111        2006-01-05          Bambi
#> 588                1              2       112        2005-11-08          Joela
#> 589                1              2       412        2006-09-01         Adella
#> 590                2              2       422        2006-10-04        Ninette
#> 591                1              1       411        2006-09-18          Reiko
#> 592                4              2       342        2006-07-20        Jerrome
#> 593                2              2       122        2006-03-03         Brandy
#> 594                1              1       211        2006-05-01         Ardeen
#> 595                5              5       455        2006-09-17        Dorelia
#> 596                4              3       243        2006-06-05         Alleen
#> 597                2              4       124        2005-12-25          Sayre
#> 598                5              5       255        2006-06-17          Dario
#> 599                5              4       354        2006-08-01        Terrell
#> 600                2              1       521        2006-12-29         Hurley
#> 601                5              5       555        2006-12-11         Jobyna
#> 602                1              1       111        2005-10-10       Stephana
#> 603                5              5       255        2006-06-20         Carlie
#> 604                5              5       255        2006-05-10           Ferd
#> 605                3              3       133        2005-12-26           Alvy
#> 606                5              5       155        2006-02-02        Robinet
#> 607                2              1       421        2006-10-15         Brynne
#> 608                1              1       511        2006-11-27        Jacques
#> 609                5              5       455        2006-10-16           Pooh
#> 610                4              5       445        2006-09-14      Frederico
#> 611                3              3       233        2006-05-05           Kale
#> 612                1              1       111        2006-02-16          Ruben
#> 613                3              4       134        2006-02-23        Averill
#> 614                2              3       123        2005-07-30         Muffin
#> 615                3              2       132        2006-02-25      Wadsworth
#> 616                3              4       434        2006-10-13         Nolana
#> 617                3              4       234        2006-05-24       Aldridge
#> 618                3              4       334        2006-08-15          Wenda
#> 619                2              2       222        2006-05-11          Milly
#> 620                3              3       533        2006-10-29           Gabe
#> 621                1              1       111        2005-09-06         Conney
#> 622                1              1       511        2006-12-22       Germayne
#> 623                4              3       543        2006-10-25           Cash
#> 624                5              5       255        2006-05-16         Tawsha
#> 625                1              1       311        2006-08-27       Ingaborg
#> 626                1              3       513        2006-10-24       Christen
#> 627                2              1       421        2006-08-31         Nettie
#> 628                5              4       454        2006-09-30        Deloris
#> 629                1              1       111        2006-01-16         Tabbie
#> 630                2              2       222        2006-06-26          Morie
#> 631                4              5       545        2006-11-27         Alejoa
#> 632                2              1       221        2006-04-18          Gilli
#> 633                4              3       143        2005-12-14           Alma
#> 634                2              4       324        2006-08-25          Orton
#> 635                3              4       334        2006-07-20         Nanete
#> 636                3              4       234        2006-06-04          Field
#> 637                2              2       222        2006-05-27          Corny
#> 638                1              3       113        2006-04-04         Ansell
#> 639                3              3       433        2006-10-05       Etheline
#> 640                1              2       112        2006-02-05       Marielle
#> 641                5              5       555        2006-12-24         Felice
#> 642                2              1       321        2006-08-11           Joli
#> 643                1              2       312        2006-07-16          Malia
#> 644                5              5       255        2006-06-19        Gabrila
#> 645                3              2       132        2005-08-20          Cybil
#> 646                4              4       344        2006-07-12          Adlai
#> 647                3              4       134        2005-07-18          Kitti
#> 648                1              1       111        2006-01-26           Lise
#> 649                2              3       323        2006-08-21          Reese
#> 650                3              2       232        2006-05-09          Nappy
#> 651                1              2       412        2006-10-03       Kristine
#> 652                5              4       454        2006-09-08          Shana
#> 653                2              2       422        2006-09-15       Aubrette
#> 654                2              4       524        2006-11-15          Koren
#> 655                5              5       555        2006-10-23         Erinna
#> 656                1              1       311        2006-08-22        Lillian
#> 657                1              2       312        2006-07-16         Vachel
#> 658                2              2       122        2005-10-28        Johnath
#> 659                2              1       321        2006-08-07         Wallie
#> 660                2              3       423        2006-09-21        Cornell
#> 661                5              4       354        2006-08-02          Jorge
#> 662                1              3       113        2006-01-04        Eolande
#> 663                5              4       254        2006-06-30         Kamila
#> 664                3              2       332        2006-07-22           Dalt
#> 665                1              1       511        2006-11-08          Vevay
#> 666                1              1       211        2006-04-11        Eveleen
#> 667                1              1       411        2006-10-08        Ninetta
#> 668                1              1       111        2005-10-04          Gordy
#> 669                5              5       155        2006-03-05      Madeleine
#> 670                5              5       555        2006-12-11         Darren
#> 671                5              5       455        2006-09-19       Ludovico
#> 672                4              4       544        2006-10-28         Trever
#> 673                5              5       555        2006-11-12        Othello
#> 674                4              3       243        2006-05-22          Stace
#> 675                5              5       355        2006-07-10      Goldarina
#> 676                1              1       111        2005-09-12         Hillie
#> 677                3              3       333        2006-07-24         Jervis
#> 678                2              3       123        2005-11-19       Sara-ann
#> 679                1              1       111        2005-06-30            Con
#> 680                4              5       145        2005-09-28       Rosemary
#> 681                3              3       133        2006-03-12        Marlane
#> 682                3              2       232        2006-07-01        Calypso
#> 683                2              3       323        2006-08-22           Luke
#> 684                1              1       211        2006-06-12          Wolfy
#> 685                4              3       243        2006-06-09        Laureen
#> 686                2              2       322        2006-08-08          Lorne
#> 687                4              4       444        2006-09-22          Rorke
#> 688                5              5       355        2006-07-20           Gray
#> 689                4              5       545        2006-12-03         Rawley
#> 690                4              5       445        2006-10-08          Cissy
#> 691                1              1       511        2006-11-13           Jess
#> 692                5              5       555        2006-11-16         Agnese
#> 693                3              3       333        2006-07-12      Christian
#> 694                2              3       523        2006-11-28         Bogart
#> 695                5              5       355        2006-07-12          Debor
#> 696                1              1       111        2006-02-03           Raff
#> 697                4              2       142        2006-02-23        Jasmina
#> 698                5              4       554        2006-12-24       Shepherd
#> 699                4              4       544        2006-12-09       Julietta
#> 700                2              3       423        2006-08-29        Celesta
#> 701                3              4       334        2006-08-26        Olympie
#> 702                4              4       344        2006-07-14         Odille
#> 703                3              2       432        2006-09-02         Dianne
#> 704                2              2       122        2006-01-03           Mano
#> 705                2              3       223        2006-06-16           Elna
#> 706                2              3       323        2006-08-06         Moreen
#> 707                3              5       335        2006-08-13        Romonda
#> 708                5              5       555        2006-12-24          Effie
#> 709                2              3       323        2006-08-18          Clywd
#> 710                5              5       355        2006-07-24           Cass
#> 711                5              5       555        2006-11-26       Valentin
#> 712                4              4       544        2006-12-22          Peder
#> 713                2              3       423        2006-09-15        Donovan
#> 714                5              4       254        2006-05-12         Verina
#> 715                4              4       444        2006-09-25         Rachel
#> 716                2              3       323        2006-07-26          Chick
#> 717                4              4       344        2006-08-19          Baird
#> 718                2              1       121        2005-10-17      Claudelle
#> 719                1              1       111        2005-04-07         Ronica
#> 720                2              3       223        2006-06-17         Janeva
#> 721                4              3       343        2006-08-16          Irena
#> 722                1              1       111        2006-03-19          Greer
#> 723                2              1       421        2006-10-09         Delano
#> 724                4              4       444        2006-10-03          Ester
#> 725                4              3       243        2006-05-03         Birdie
#> 726                5              5       455        2006-09-09        Steffie
#> 727                3              3       433        2006-09-06          Cordy
#> 728                5              5       455        2006-10-05         Kassia
#> 729                1              1       111        2005-04-15          Klaus
#> 730                3              5       535        2006-11-01           Dino
#> 731                2              2       522        2006-12-04        Nichols
#> 732                1              1       311        2006-08-06         Aylmer
#> 733                1              2       112        2005-07-22         Berkly
#> 734                5              4       354        2006-08-07           Adah
#> 735                2              2       522        2006-11-28          Janet
#> 736                4              4       444        2006-10-09           Cody
#> 737                5              5       355        2006-08-02       Rosalynd
#> 738                4              3       343        2006-07-30        Lisbeth
#> 739                4              3       143        2006-02-20        Lennard
#> 740                2              2       122        2005-10-01          Jocko
#> 741                1              3       113        2005-09-27         Gibbie
#> 742                1              2       112        2005-08-10          Lilly
#> 743                2              3       323        2006-07-17         Blinny
#> 744                5              5       455        2006-08-31         Nickie
#> 745                4              4       344        2006-07-29          Jonah
#> 746                4              3       343        2006-07-19          Elena
#> 747                1              3       413        2006-10-11           Trev
#> 748                2              3       523        2006-11-19     Alessandro
#> 749                1              1       311        2006-07-22       Phyllida
#> 750                4              4       344        2006-08-27         Bondie
#> 751                2              2       322        2006-07-30      Marmaduke
#> 752                1              1       111        2004-08-08          Randy
#> 753                1              4       214        2006-05-18       Laurette
#> 754                3              4       234        2006-05-27          Lucky
#> 755                4              4       444        2006-10-04        Osbourn
#> 756                5              5       555        2006-12-10        Ximenes
#> 757                2              3       123        2005-11-02       Madelena
#> 758                4              4       444        2006-09-25         Gwenni
#> 759                3              3       133        2006-01-30       Adelaida
#> 760                3              3       433        2006-10-14          Yorke
#> 761                4              4       544        2006-12-03         Jarrid
#> 762                1              1       511        2006-10-17         Athene
#> 763                2              1       521        2006-11-04       Christen
#> 764                3              2       432        2006-09-30         Jarrad
#> 765                1              1       411        2006-09-03     Christoper
#> 766                4              4       444        2006-10-15        Myrtice
#> 767                5              5       455        2006-09-26           Elyn
#> 768                1              1       411        2006-09-20         Alaric
#> 769                4              5       345        2006-08-15         Katine
#> 770                5              5       455        2006-09-14        Doralin
#> 771                3              4       434        2006-09-03         Kailey
#> 772                1              2       312        2006-08-23         Mychal
#> 773                3              5       235        2006-06-15         Marwin
#> 774                2              4       124        2006-02-28          Merry
#> 775                3              3       233        2006-04-25         Brinna
#> 776                2              2       322        2006-08-02          Nikki
#> 777                4              3       143        2005-12-19     Margaretha
#> 778                2              3       423        2006-08-29           Hope
#> 779                2              2       522        2006-11-27        Barnabe
#> 780                5              5       555        2006-11-15         Pennie
#> 781                4              4       244        2006-06-23           Nata
#> 782                3              4       534        2006-11-14        Charita
#> 783                4              5       145        2006-04-04            Ali
#> 784                1              4       114        2005-10-04          Allan
#> 785                5              5       555        2006-11-17        Roberto
#> 786                5              4       454        2006-10-14         Kellia
#> 787                1              1       111        2005-08-22           Alex
#> 788                4              3       343        2006-07-14         Wendye
#> 789                2              2       222        2006-07-07           Doro
#> 790                3              3       433        2006-09-24         Simone
#> 791                5              4       554        2006-10-20          Carlo
#> 792                4              4       144        2006-01-14          Judas
#> 793                2              1       421        2006-09-06          Cozmo
#> 794                1              1       511        2006-10-28        Matthew
#> 795                1              1       411        2006-10-04            Pip
#> 796                1              1       111        2005-08-01           Dody
#> 797                2              3       523        2006-10-21         Nonnah
#> 798                4              4       144        2005-10-14        Mariann
#> 799                3              3       233        2006-06-27      Angelique
#> 800                4              4       544        2006-10-24         Margie
#> 801                1              2       512        2006-12-20        Pascale
#> 802                5              5       455        2006-09-03         Lonnie
#> 803                4              4       444        2006-09-07           Ryan
#> 804                4              2       242        2006-06-08        Corinna
#> 805                4              3       343        2006-08-08         Gannie
#> 806                1              1       311        2006-08-04          Ewart
#> 807                2              3       323        2006-07-21          Bonni
#> 808                4              5       145        2005-12-08        Mellisa
#> 809                2              3       323        2006-08-10          Jodie
#> 810                5              5       555        2006-10-22           Lena
#> 811                2              2       322        2006-08-07       Thorsten
#> 812                1              1       511        2006-10-23         Maddie
#> 813                4              3       343        2006-08-26         Vannie
#> 814                4              4       344        2006-08-26     Bonnibelle
#> 815                4              4       344        2006-08-17  Shellysheldon
#> 816                5              5       255        2006-07-08        Emmalyn
#> 817                2              2       122        2005-11-22         Larine
#> 818                5              5       155        2006-02-09           Gill
#> 819                3              4       134        2005-10-06       Brewster
#> 820                2              1       121        2006-02-28        Everett
#> 821                4              3       243        2006-04-29           Bern
#> 822                5              5       555        2006-11-28           Calv
#> 823                5              5       455        2006-09-06           Dame
#> 824                1              1       211        2006-07-02       Granthem
#> 825                2              1       121        2005-12-05          Zelma
#> 826                2              2       322        2006-08-10       Kingsley
#> 827                4              4       544        2006-10-20           Abie
#> 828                3              3       233        2006-06-11          Niles
#> 829                2              2       222        2006-06-12         Donica
#> 830                2              3       323        2006-08-01          Wally
#> 831                2              2       122        2005-12-09       Nicolina
#> 832                2              2       122        2005-08-05          Timmy
#> 833                2              1       321        2006-08-11         Tadeas
#> 834                4              4       444        2006-09-16          Matty
#> 835                3              3       233        2006-06-02        Madella
#> 836                2              3       523        2006-11-02       Vivyanne
#> 837                2              2       122        2005-08-07         Kaylyn
#> 838                3              3       233        2006-06-23       Melloney
#> 839                4              4       344        2006-07-23           Whit
#> 840                3              2       132        2005-12-26         Thatch
#> 841                1              1       111        2005-10-28         Rickie
#> 842                4              3       443        2006-10-02        Agnesse
#> 843                4              5       145        2005-11-18           Irma
#> 844                4              4       444        2006-08-30   Maximilianus
#> 845                2              2       322        2006-08-02         Carney
#> 846                2              3       523        2006-12-06         Arabel
#> 847                4              3       543        2006-10-19         Ashton
#> 848                5              5       455        2006-09-14         Darcee
#> 849                1              1       211        2006-07-01         Janith
#> 850                1              1       411        2006-09-08          Marys
#> 851                2              3       223        2006-06-09      Katharine
#> 852                2              2       322        2006-08-13          Biddy
#> 853                2              2       222        2006-04-24          Pryce
#> 854                2              4       324        2006-07-28      Nicolette
#> 855                4              3       543        2006-10-19         Pamela
#> 856                2              3       223        2006-05-26     Donnamarie
#> 857                3              5       435        2006-10-07        Gisella
#> 858                4              4       444        2006-09-24          Elsie
#> 859                1              1       111        2006-01-16        Cynthea
#> 860                5              5       455        2006-09-01        Darrick
#> 861                1              1       311        2006-07-31       Aridatha
#> 862                2              1       121        2005-12-17            Ron
#> 863                3              2       132        2006-03-28           Page
#> 864                2              3       223        2006-06-05           Marj
#> 865                1              3       113        2005-10-30      Ellswerth
#> 866                4              5       545        2006-10-19      Teodorico
#> 867                2              2       222        2006-06-12        Cacilie
#> 868                3              3       333        2006-07-15        Mirella
#> 869                3              4       434        2006-08-29        Justine
#> 870                3              3       133        2006-04-01         Keslie
#> 871                5              5       555        2006-10-25          Kelly
#> 872                1              2       112        2006-02-16        Tersina
#> 873                2              2       522        2006-10-22      Augustina
#> 874                1              1       111        2005-09-21        Raychel
#> 875                2              3       523        2006-10-31           Darb
#> 876                1              2       512        2006-12-06         Amelia
#> 877                2              2       422        2006-09-08         Dyanna
#> 878                1              2       112        2005-10-11         Irwinn
#> 879                4              1       441        2006-10-08       Ephrayim
#> 880                3              3       533        2006-11-10       Danyelle
#> 881                4              4       544        2006-12-09          Helli
#> 882                1              2       412        2006-10-04      Josephina
#> 883                5              5       255        2006-05-27      Benedicta
#> 884                4              3       443        2006-09-05        Spenser
#> 885                5              5       555        2006-11-04           Phil
#> 886                4              5       545        2006-10-27          Dayle
#> 887                5              3       553        2006-11-16        Eugenia
#> 888                1              2       412        2006-09-10          Marcy
#> 889                1              1       211        2006-05-24            Jen
#> 890                1              2       412        2006-10-08       Papagena
#> 891                4              4       344        2006-07-25          Denys
#> 892                3              3       533        2006-10-21         Melvyn
#> 893                1              4       114        2006-02-08         Daniel
#> 894                4              2       542        2006-12-20          Hagan
#> 895                5              4       254        2006-07-05         Sheena
#> 896                1              1       111        2005-10-04        Giselle
#> 897                5              4       154        2006-02-13          Sunny
#> 898                2              2       122        2006-02-08           Chic
#> 899                3              2       232        2006-06-24     Archibaldo
#> 900                2              2       122        2005-08-05           Pepi
#> 901                5              5       355        2006-08-06          Udale
#> 902                5              5       355        2006-07-11          Becca
#> 903                2              2       422        2006-09-06         Eadith
#> 904                5              5       155        2006-03-31         Pietra
#> 905                4              3       143        2006-02-05         Felipa
#> 906                4              3       243        2006-06-28         Stacee
#> 907                1              2       212        2006-06-18          Winny
#> 908                2              1       321        2006-08-27          Lacee
#> 909                5              5       555        2006-10-27           Shae
#> 910                1              2       412        2006-10-16         Debora
#> 911                5              5       455        2006-09-01        Abrahan
#> 912                5              5       255        2006-05-20          Morie
#> 913                4              5       545        2006-12-06        Wyndham
#> 914                4              5       545        2006-11-18         Garrot
#> 915                1              1       411        2006-10-16          Zelig
#> 916                4              4       544        2006-12-18         Jenine
#> 917                3              2       432        2006-09-28        Katusha
#> 918                2              3       323        2006-08-17        Ulysses
#> 919                1              3       313        2006-08-05         Emelen
#> 920                2              3       323        2006-07-12        Craggie
#> 921                1              1       211        2006-07-01          Nicol
#> 922                1              1       111        2006-02-20       Staffard
#> 923                1              1       511        2006-10-19          Ginny
#> 924                3              4       234        2006-07-03         Tomkin
#> 925                1              1       411        2006-09-15            Mae
#> 926                2              3       423        2006-08-29         Brandy
#> 927                1              3       313        2006-07-09           Dino
#> 928                1              2       112        2006-02-26        Leonora
#> 929                4              5       545        2006-11-11           Eben
#> 930                5              5       455        2006-09-17          Billi
#> 931                1              2       312        2006-07-23          Patsy
#> 932                4              4       444        2006-09-23           Tobe
#> 933                1              2       512        2006-11-26           Gary
#> 934                3              3       433        2006-09-17          Sonny
#> 935                5              4       354        2006-07-10       Parsifal
#> 936                1              1       311        2006-07-21         Pearla
#> 937                3              3       333        2006-07-28         Nadeen
#> 938                5              4       254        2006-06-08       Quintana
#> 939                1              1       111        2005-09-01        Gwennie
#> 940                1              1       411        2006-09-04       Vivyanne
#> 941                4              5       545        2006-10-24       Birgitta
#> 942                4              3       243        2006-05-22           Cody
#> 943                3              4       134        2006-02-07          Mirna
#> 944                4              4       344        2006-08-01          Daron
#> 945                2              1       121        2005-11-17           Kyle
#> 946                5              5       255        2006-06-09         Gianna
#> 947                5              5       255        2006-07-05          Tammy
#> 948                2              3       423        2006-09-16    Jacquenetta
#> 949                2              4       124        2006-01-19         Yasmin
#> 950                4              3       343        2006-08-13       Sterling
#> 951                5              5       355        2006-08-25         Cynthy
#> 952                1              1       211        2006-05-09         Leisha
#> 953                4              5       445        2006-10-01       Gerhardt
#> 954                2              2       222        2006-06-04      Sigismond
#> 955                1              1       111        2005-08-26           Duky
#> 956                1              1       111        2005-11-26           Xena
#> 957                1              1       511        2006-12-11        Alfredo
#> 958                2              3       423        2006-09-27         Alicia
#> 959                5              5       355        2006-08-28         Ileana
#> 960                1              1       211        2006-05-09         Dermot
#> 961                5              5       255        2006-05-31      Appolonia
#> 962                5              5       355        2006-08-19          Josey
#> 963                5              5       455        2006-09-22            Nan
#> 964                1              1       311        2006-08-07          Emmet
#> 965                3              2       232        2006-05-12         Zsazsa
#> 966                3              3       333        2006-07-11          Rasia
#> 967                1              1       211        2006-05-13       Claudian
#> 968                4              4       544        2006-12-15       Florella
#> 969                2              3       523        2006-12-04           Amil
#> 970                1              2       412        2006-09-12          Amity
#> 971                5              4       354        2006-08-03          Selig
#> 972                5              5       555        2006-10-18          Burch
#> 973                5              5       455        2006-09-26         Kimble
#> 974                4              5       245        2006-05-01       Brittani
#> 975                5              5       455        2006-09-30         Kelsey
#> 976                2              2       522        2006-10-24        Flossie
#> 977                5              5       555        2006-11-02          Cynde
#> 978                3              3       533        2006-12-12          Denna
#> 979                4              5       545        2006-11-29          Julie
#> 980                5              5       255        2006-05-28         Pierce
#> 981                1              2       112        2006-02-14          Meggi
#> 982                4              4       444        2006-08-30      Charlotta
#> 983                3              2       532        2006-10-24           Gwyn
#> 984                3              2       332        2006-08-05           Gabi
#> 985                1              1       111        2005-11-10          Drucy
#> 986                1              1       211        2006-04-23         Silvio
#> 987                4              5       345        2006-07-31         Raeann
#> 988                1              2       112        2006-03-27        Caritta
#> 989                1              1       311        2006-08-23          Robby
#> 990                4              4       444        2006-09-26           Gaby
#> 991                2              2       422        2006-10-03       Roseline
#> 992                4              4       244        2006-05-07       Gwenneth
#> 993                3              5       135        2006-02-25        Thedric
#> 994                4              3       343        2006-08-15          Meggy
#> 995                4              4       144        2005-08-10          Reeta
#> 996                1              1       111        2005-07-28         Antons
#> 997                3              3       133        2005-12-27        Susanna
#> 998                3              3       533        2006-10-24         Rozina
#> 999                2              1       221        2006-07-01         Deeann
#> 1000               5              5       355        2006-07-19           Elna
#> 1001               5              4       254        2006-07-05       Ealasaid
#> 1002               3              5       535        2006-11-04          Abdel
#> 1003               1              3       213        2006-04-12         Brnaba
#> 1004               4              5       345        2006-07-31        Madelyn
#> 1005               3              3       233        2006-06-24         Hollis
#> 1006               4              5       345        2006-08-21       Elizabet
#> 1007               1              1       411        2006-09-01          Cassi
#> 1008               2              3       523        2006-11-06          Joane
#> 1009               1              1       111        2006-01-07          Celie
#> 1010               1              1       111        2005-08-19          Efren
#> 1011               2              3       123        2005-08-30       Sherline
#> 1012               1              1       311        2006-07-21           Judi
#> 1013               1              1       311        2006-07-26       Maurizia
#> 1014               5              3       553        2006-11-10          Mozes
#> 1015               1              1       411        2006-09-20         Dulsea
#> 1016               5              4       354        2006-08-09         Alexia
#> 1017               2              1       221        2006-06-16          Maggy
#> 1018               2              2       122        2005-12-21        Jacynth
#> 1019               1              1       511        2006-10-27          Maura
#> 1020               4              4       544        2006-11-24          Tiffi
#> 1021               2              2       222        2006-04-21         Devlen
#> 1022               4              4       244        2006-07-07           Mack
#> 1023               5              5       355        2006-07-22        Margery
#> 1024               5              5       355        2006-07-22          Loren
#> 1025               1              1       211        2006-04-22        Noelani
#> 1026               5              5       555        2006-12-08       Claudian
#> 1027               5              5       355        2006-07-16        Leonard
#> 1028               2              2       322        2006-07-09         Valery
#> 1029               5              4       454        2006-10-03            Ron
#> 1030               1              1       211        2006-04-12       Natassia
#> 1031               2              1       221        2006-06-22       Freedman
#> 1032               1              1       511        2006-10-29            Dag
#> 1033               4              2       542        2006-10-20      Mufinella
#> 1034               3              3       133        2006-02-13            Irv
#> 1035               4              4       144        2006-04-07        Lorelle
#> 1036               5              5       255        2006-07-06        Myranda
#> 1037               2              3       223        2006-05-05          Caryl
#> 1038               1              1       311        2006-07-09       Antonina
#> 1039               4              4       144        2005-10-26          Meggy
#> 1040               2              3       523        2006-10-23          Melli
#> 1041               5              4       454        2006-09-19           Ceil
#> 1042               3              3       433        2006-09-27        Jillene
#> 1043               5              5       555        2006-12-26       Marianna
#> 1044               3              4       534        2006-10-22         Gratia
#> 1045               5              5       455        2006-09-27       Clotilda
#> 1046               1              1       111        2006-01-20            Cos
#> 1047               4              4       344        2006-07-10         Tessie
#> 1048               3              4       334        2006-07-21        Emlynne
#> 1049               5              5       355        2006-07-15          Byrle
#> 1050               4              3       443        2006-10-09         Karlis
#> 1051               3              3       233        2006-05-15         Jeanne
#> 1052               1              1       111        2005-08-16           Link
#> 1053               5              5       355        2006-08-15       Giacinta
#> 1054               5              5       555        2006-12-02         Felice
#> 1055               3              4       434        2006-09-29         Wynnie
#> 1056               4              5       145        2006-03-31        Arlette
#> 1057               4              3       343        2006-07-14        Jacynth
#> 1058               5              4       454        2006-09-04        Delilah
#> 1059               4              3       543        2006-12-18       Rosemary
#> 1060               5              5       555        2006-11-07        Elspeth
#> 1061               2              3       323        2006-07-25          Lazar
#> 1062               4              4       344        2006-08-25      Catharina
#> 1063               2              3       423        2006-09-03        Virgina
#> 1064               2              1       221        2006-06-09        Juliann
#> 1065               2              4       224        2006-07-03           Alvy
#> 1066               1              1       111        2005-07-25           Ynez
#> 1067               1              1       311        2006-07-13      Kimberlee
#> 1068               2              2       222        2006-04-29      Brunhilda
#> 1069               4              4       444        2006-09-05         Erinna
#> 1070               1              1       211        2006-06-05         Salmon
#> 1071               2              4       524        2006-10-27           Alie
#> 1072               1              1       111        2005-08-31          Cammy
#> 1073               2              3       123        2005-10-18          Toddy
#> 1074               5              5       255        2006-04-11         Gerick
#> 1075               1              1       111        2005-11-12     Alessandro
#> 1076               3              3       533        2006-10-27          Liesa
#> 1077               4              3       543        2006-11-25        Erskine
#> 1078               3              2       532        2006-11-23           Nial
#> 1079               3              5       335        2006-07-21        Katusha
#> 1080               5              5       555        2006-11-01         Norbie
#> 1081               4              3       343        2006-08-15       Francyne
#> 1082               5              5       255        2006-06-19          Clair
#> 1083               2              2       422        2006-09-05        Rodrigo
#> 1084               5              5       255        2006-06-20           Lock
#> 1085               5              5       455        2006-09-29         Ulrich
#> 1086               4              4       244        2006-06-20       Penelope
#> 1087               1              2       112        2005-12-20         Corbie
#> 1088               2              3       123        2005-12-27        Talbert
#> 1089               5              5       355        2006-07-29          Chadd
#> 1090               5              5       355        2006-07-11        Whitman
#> 1091               4              5       445        2006-09-20        Carlynn
#> 1092               1              1       311        2006-08-20         Anabal
#> 1093               3              5       335        2006-07-30         Mariya
#> 1094               2              2       422        2006-08-30          Jessy
#> 1095               4              5       245        2006-06-29         Kellie
#> 1096               4              5       145        2005-09-21         Leslie
#> 1097               1              1       411        2006-09-19        Justinn
#> 1098               3              4       234        2006-06-21         Cyndie
#> 1099               4              4       144        2005-10-03         Boothe
#> 1100               5              5       355        2006-07-21           Gwen
#> 1101               2              2       222        2006-05-27        Paulita
#> 1102               1              1       111        2005-10-28           Evvy
#> 1103               1              1       211        2006-05-21         Kienan
#> 1104               1              1       111        2006-04-08           Jojo
#> 1105               2              3       423        2006-08-30       Klarrisa
#> 1106               2              1       521        2006-10-28           Gary
#> 1107               4              3       143        2006-03-13        Haslett
#> 1108               3              1       531        2006-12-05         Austin
#> 1109               1              2       112        2005-10-18      Francisca
#> 1110               5              5       355        2006-07-13       Leontine
#> 1111               4              5       545        2006-12-16           Enid
#> 1112               4              3       343        2006-08-14          Benny
#> 1113               2              3       423        2006-10-01          Farah
#> 1114               4              5       245        2006-06-20          Hilda
#> 1115               1              1       211        2006-04-11        Giselle
#> 1116               1              2       512        2006-11-28           Foss
#> 1117               4              5       245        2006-06-04         Buddie
#> 1118               2              2       322        2006-08-05          Jaine
#> 1119               5              3       553        2006-10-18          Marsh
#> 1120               5              5       255        2006-06-12        Diannne
#> 1121               5              4       254        2006-05-08       Veronica
#> 1122               2              3       423        2006-08-31         Brigid
#> 1123               1              1       311        2006-08-03        Maynard
#> 1124               1              1       111        2005-09-20           Mace
#> 1125               1              1       311        2006-07-16           Fran
#> 1126               2              2       322        2006-08-01          Ronny
#> 1127               4              5       245        2006-04-14       Carlynne
#> 1128               4              4       344        2006-08-01           Neal
#> 1129               2              3       223        2006-07-02       Brigitte
#> 1130               5              5       555        2006-10-26       Vittorio
#> 1131               2              2       522        2006-12-15          Danna
#> 1132               4              3       343        2006-08-07        Christy
#> 1133               4              4       444        2006-09-10       Phillipp
#> 1134               5              4       454        2006-09-30         Emelen
#> 1135               4              4       144        2005-07-20         Samson
#> 1136               5              5       355        2006-07-20        Krishna
#> 1137               2              2       322        2006-08-03        Riannon
#> 1138               2              2       122        2006-04-08         Hobart
#> 1139               5              5       455        2006-09-21          Augie
#> 1140               3              3       433        2006-09-02         Elyssa
#> 1141               2              3       323        2006-08-24          Erina
#> 1142               2              2       422        2006-09-23       Claresta
#> 1143               1              2       312        2006-08-01           Avis
#> 1144               2              3       423        2006-09-07          Lynda
#> 1145               2              3       523        2006-11-06           Rina
#> 1146               2              1       121        2005-09-18       Sheppard
#> 1147               3              2       332        2006-07-17          Dotti
#> 1148               5              5       555        2006-11-21         Lindon
#> 1149               5              5       455        2006-09-29            Roy
#> 1150               3              4       134        2006-01-18       Barbette
#> 1151               5              5       455        2006-09-04          Masha
#> 1152               3              4       434        2006-09-28          Guido
#> 1153               2              2       522        2006-10-20        Lyndsay
#> 1154               1              2       212        2006-05-12           Jill
#> 1155               3              3       233        2006-05-17            Rod
#> 1156               4              2       242        2006-04-16       Claudell
#> 1157               2              3       223        2006-05-15         Tulley
#> 1158               4              1       141        2006-02-03          Carce
#> 1159               1              3       413        2006-10-05         Ulrick
#> 1160               5              5       255        2006-06-08       Elizabet
#> 1161               2              3       323        2006-08-15          Sibel
#> 1162               2              4       224        2006-06-20          Libbi
#> 1163               2              1       521        2006-11-15         Sabina
#> 1164               5              4       554        2006-10-21        Marylin
#> 1165               5              5       255        2006-06-10         Kirbie
#> 1166               1              1       111        2005-11-19          Xenos
#> 1167               2              4       524        2006-11-22            Far
#> 1168               2              1       521        2006-11-22          Inger
#> 1169               5              5       355        2006-08-22        Clarine
#> 1170               5              5       555        2006-12-13          Thain
#> 1171               2              2       222        2006-04-22          Lesly
#> 1172               5              5       155        2006-03-27         Julius
#> 1173               4              5       245        2006-05-23        Auberta
#> 1174               1              2       412        2006-09-15          Raina
#> 1175               1              2       212        2006-05-30      Krystalle
#> 1176               5              5       555        2006-11-15         Godart
#> 1177               3              4       334        2006-07-14          Elihu
#> 1178               4              5       545        2006-11-06        Mahalia
#> 1179               1              1       311        2006-08-16         Carley
#> 1180               1              1       111        2005-06-09        Felicia
#> 1181               5              5       155        2005-12-22          Jobye
#> 1182               1              1       211        2006-05-26            Gib
#> 1183               3              4       434        2006-10-07         Dniren
#> 1184               5              4       354        2006-08-12          Neala
#> 1185               1              1       111        2005-09-18          Carey
#> 1186               2              3       523        2006-11-28          Lucas
#> 1187               2              3       323        2006-08-07        Wilhelm
#> 1188               5              3       353        2006-08-13         Granny
#> 1189               5              4       354        2006-08-23       Allister
#> 1190               4              4       344        2006-08-17          Janna
#> 1191               4              4       544        2006-12-26           Mona
#> 1192               4              3       443        2006-10-14          Kerby
#> 1193               1              1       411        2006-09-02        Rachael
#> 1194               1              1       111        2005-08-05           Egan
#> 1195               2              2       322        2006-07-12         Mignon
#> 1196               4              4       144        2005-11-10         Alyson
#> 1197               4              1       341        2006-08-21        Annette
#> 1198               5              5       555        2006-11-28          Wilie
#> 1199               2              1       221        2006-07-03       Claiborn
#> 1200               5              5       455        2006-09-29            Hew
#> 1201               2              4       524        2006-11-03        Suzanne
#> 1202               1              1       211        2006-06-25          Prent
#> 1203               2              3       423        2006-09-27           Inez
#> 1204               1              1       111        2006-03-17          Garry
#> 1205               1              1       211        2006-05-10        Tiffani
#> 1206               5              5       455        2006-09-20          Mason
#> 1207               4              3       143        2006-01-20        Giacomo
#> 1208               4              5       245        2006-05-12           Tybi
#> 1209               3              4       334        2006-08-04          Myrna
#> 1210               3              4       334        2006-07-27            Bil
#> 1211               3              3       533        2006-12-09         Hilton
#> 1212               1              2       512        2006-11-06         Kylila
#> 1213               4              5       445        2006-10-01       Marianna
#> 1214               4              3       443        2006-09-17          Chadd
#> 1215               1              1       411        2006-09-10         Beckie
#> 1216               1              1       511        2006-11-13       Percival
#> 1217               2              2       322        2006-07-18        Dominic
#> 1218               1              1       111        2005-12-04        Ariella
#> 1219               2              3       323        2006-07-30        Austina
#> 1220               1              1       111        2006-03-04          Alane
#> 1221               4              3       143        2006-03-13       Horatius
#> 1222               3              2       132        2006-02-28        Madison
#> 1223               1              1       311        2006-07-28        Sauveur
#> 1224               1              2       312        2006-07-12        Clareta
#> 1225               2              3       223        2006-05-10          Maire
#> 1226               3              4       334        2006-07-10          Fidel
#> 1227               2              3       523        2006-12-19          Ruthy
#> 1228               5              5       455        2006-09-19         Carmel
#> 1229               4              3       343        2006-08-05          Grier
#> 1230               1              1       211        2006-06-09    Jackqueline
#> 1231               1              1       111        2006-04-07        Hermine
#> 1232               1              1       211        2006-06-06        Horacio
#> 1233               4              3       443        2006-10-06        Madison
#> 1234               1              1       311        2006-07-19          Berky
#> 1235               2              1       321        2006-07-22        Jeffrey
#> 1236               4              4       544        2006-10-19            Edd
#> 1237               2              4       224        2006-05-10      Modestine
#> 1238               4              4       544        2006-10-28           Budd
#> 1239               2              2       322        2006-08-04       Samantha
#> 1240               2              2       222        2006-06-07      Claiborne
#> 1241               3              3       333        2006-07-13          Dylan
#> 1242               1              1       111        2006-02-23          Craig
#> 1243               2              4       324        2006-08-13        Domingo
#> 1244               1              1       111        2005-07-31          Gates
#> 1245               2              2       222        2006-06-18       Ashleigh
#> 1246               3              3       333        2006-07-13        Armando
#> 1247               4              3       543        2006-11-14         Boothe
#> 1248               4              4       344        2006-08-07           Shay
#> 1249               4              5       345        2006-08-23        Randall
#> 1250               2              4       424        2006-10-11        Loraine
#> 1251               5              4       254        2006-06-25        Orville
#> 1252               3              3       133        2005-11-25        Erastus
#> 1253               5              3       253        2006-06-15       Brittani
#> 1254               5              5       555        2006-11-10        Charita
#> 1255               4              4       244        2006-06-08           Kile
#> 1256               5              5       555        2006-11-06         Rhodia
#> 1257               5              4       454        2006-09-18           Vlad
#> 1258               1              1       211        2006-06-27        Shelley
#> 1259               4              4       544        2006-11-16           Coop
#> 1260               2              4       224        2006-05-17           Fred
#> 1261               3              4       134        2005-09-25          Norby
#> 1262               2              3       223        2006-06-07           Josy
#> 1263               4              1       141        2005-12-30         Eugene
#> 1264               1              1       111        2005-04-22         Marvin
#> 1265               2              1       221        2006-07-02          Tildi
#> 1266               1              2       412        2006-09-10        Garrett
#> 1267               2              2       422        2006-09-02          Ruthe
#> 1268               1              1       111        2006-01-21       Pearline
#> 1269               2              3       123        2005-09-24        Tamqrah
#> 1270               1              1       211        2006-05-16         Maggie
#> 1271               5              5       455        2006-09-28          Tessi
#> 1272               4              5       445        2006-10-06      Bernadene
#> 1273               1              1       211        2006-04-26     Gilbertine
#> 1274               4              5       345        2006-08-25           Jehu
#> 1275               1              1       111        2005-09-09          Gilly
#> 1276               1              1       311        2006-08-22        Isidora
#> 1277               3              1       131        2005-12-04      Robinetta
#> 1278               2              3       123        2006-04-05         Janice
#> 1279               1              1       111        2006-03-28            Alf
#> 1280               4              5       145        2006-02-06      Charlotta
#> 1281               2              5       525        2006-12-30        Goddart
#> 1282               3              4       134        2006-03-03         Nanice
#> 1283               1              1       111        2005-10-18       Melantha
#> 1284               1              2       112        2006-03-15        Chryste
#> 1285               1              1       211        2006-05-04           Kare
#> 1286               4              2       242        2006-05-09       Laurella
#> 1287               4              4       244        2006-06-27        Shaughn
#> 1288               4              5       445        2006-10-05        Valerie
#> 1289               1              1       511        2006-12-13        Yasmeen
#> 1290               1              2       212        2006-04-29         Milena
#> 1291               4              3       343        2006-07-24       Sherline
#> 1292               2              2       322        2006-07-29       Valentia
#> 1293               1              2       412        2006-10-15       Bobbette
#> 1294               4              5       245        2006-05-27      Geraldine
#> 1295               2              4       324        2006-08-28          Xylia
#> 1296               1              1       211        2006-04-13          Shaun
#> 1297               4              4       344        2006-08-01       L;urette
#> 1298               2              3       423        2006-10-05          Wells
#> 1299               5              5       455        2006-10-02            Kai
#> 1300               5              5       455        2006-09-13       Winfield
#> 1301               3              4       534        2006-12-06         Goldie
#> 1302               2              4       224        2006-07-04           Chad
#> 1303               1              1       111        2006-02-25         Hamnet
#> 1304               3              3       233        2006-07-04          Amber
#> 1305               2              4       324        2006-07-29         Corrie
#> 1306               1              1       411        2006-10-15         Eugene
#> 1307               1              2       112        2005-08-22         Osmund
#> 1308               4              3       243        2006-06-26       Eleonore
#> 1309               1              1       111        2006-02-26       Boniface
#> 1310               4              5       145        2005-10-11        Clarine
#> 1311               2              2       422        2006-10-08            Joy
#> 1312               5              3       453        2006-10-01       Kirsteni
#> 1313               3              5       335        2006-08-01           Arny
#> 1314               2              2       222        2006-05-16         Alleyn
#> 1315               3              2       132        2006-03-18         Griffy
#> 1316               1              1       511        2006-12-16         Derrik
#> 1317               2              2       522        2006-11-22         Karlan
#> 1318               2              3       423        2006-09-28         Ellary
#> 1319               2              4       524        2006-12-13         Jewell
#> 1320               2              4       524        2006-10-21         Rivkah
#> 1321               5              5       555        2006-11-02         Granny
#> 1322               1              1       211        2006-04-22           Ange
#> 1323               2              3       223        2006-06-04          Hamil
#> 1324               5              5       155        2006-04-01           Lara
#> 1325               2              2       322        2006-08-23         Cullie
#> 1326               2              2       522        2006-11-12        Karylin
#> 1327               1              1       111        2005-08-30     Christiane
#> 1328               2              2       322        2006-07-25           Bale
#> 1329               1              1       211        2006-05-28      Gwendolen
#> 1330               5              5       455        2006-09-08          Hulda
#> 1331               4              3       343        2006-08-06           Tore
#> 1332               4              2       542        2006-11-13     Fernandina
#> 1333               5              5       555        2006-12-12          Gleda
#> 1334               1              1       111        2005-09-05        Olivero
#> 1335               4              2       242        2006-06-20         Cherin
#> 1336               1              1       111        2005-06-20         Nadiya
#> 1337               1              1       111        2005-07-12         Allsun
#> 1338               4              2       542        2006-12-02      Bette-ann
#> 1339               4              3       543        2006-11-25            Don
#> 1340               2              2       122        2005-12-12          Kylie
#> 1341               4              3       543        2006-10-19        Wilfrid
#> 1342               3              4       534        2006-12-02         Celina
#> 1343               1              1       311        2006-08-26         Harlin
#> 1344               2              4       124        2005-12-28          Cathy
#> 1345               4              5       545        2006-11-06         Lettie
#> 1346               3              4       234        2006-05-01         Vernon
#> 1347               2              2       522        2006-11-11         Munroe
#> 1348               1              3       113        2006-01-11        Laureen
#> 1349               5              3       253        2006-05-01         Forbes
#> 1350               2              2       522        2006-12-02       Hamilton
#> 1351               1              1       411        2006-09-19         Philip
#> 1352               1              1       111        2005-10-02      Elbertine
#> 1353               2              3       323        2006-08-26          Svend
#> 1354               2              2       222        2006-04-18          Brett
#> 1355               3              3       533        2006-11-15            Ade
#> 1356               5              5       355        2006-07-17           Lyle
#> 1357               3              2       332        2006-08-26            Had
#> 1358               5              5       555        2006-11-20           Rowe
#> 1359               2              3       523        2006-11-02         Drucie
#> 1360               4              3       243        2006-07-02            Ike
#> 1361               5              5       555        2006-10-26           Neil
#> 1362               5              5       155        2006-03-26           Darb
#> 1363               5              5       555        2006-12-01           Gigi
#> 1364               1              1       411        2006-10-04           Marc
#> 1365               5              5       155        2006-04-07       Courtnay
#> 1366               3              4       534        2006-10-22        Bentley
#> 1367               3              2       332        2006-07-31          Halie
#> 1368               4              4       344        2006-08-24         Mathew
#> 1369               2              4       124        2005-10-04        Marissa
#> 1370               1              2       212        2006-06-03         Blanca
#> 1371               1              1       111        2005-12-07        Ingamar
#> 1372               2              3       223        2006-05-26        Tremain
#> 1373               4              3       443        2006-09-01          Jodie
#> 1374               1              2       412        2006-09-03         Talyah
#> 1375               5              5       555        2006-11-08          Marla
#> 1376               2              4       224        2006-06-19            Joy
#> 1377               4              5       445        2006-09-01      Anneliese
#> 1378               5              5       155        2006-02-11        Lorelei
#> 1379               1              1       411        2006-09-01          Mandy
#> 1380               2              2       422        2006-09-19         Andrei
#> 1381               2              3       123        2005-11-24           Gnni
#> 1382               3              3       433        2006-09-13         Pancho
#> 1383               2              2       222        2006-05-21           Liam
#> 1384               5              5       555        2006-12-04         Cathie
#> 1385               3              3       233        2006-07-02            Mae
#> 1386               3              3       433        2006-09-04          Carly
#> 1387               1              1       511        2006-12-15         Pattie
#> 1388               3              3       533        2006-12-11           Alvy
#> 1389               1              1       411        2006-10-06           Burk
#> 1390               2              3       223        2006-06-04           Noel
#> 1391               3              2       532        2006-12-25          Tades
#> 1392               5              5       455        2006-08-31         Leigha
#> 1393               4              4       244        2006-05-13          Quent
#> 1394               5              5       255        2006-06-18          Sarge
#> 1395               4              4       544        2006-11-21        Valerye
#> 1396               1              1       511        2006-10-17           Joey
#> 1397               3              3       433        2006-10-11           Kare
#> 1398               2              2       122        2005-12-24        Cherlyn
#> 1399               2              3       523        2006-12-14       Angelita
#> 1400               4              3       343        2006-08-22           Lori
#> 1401               3              4       234        2006-06-07          Garik
#> 1402               4              3       243        2006-05-10       Hilliary
#> 1403               3              3       333        2006-07-29          Malia
#> 1404               5              5       355        2006-08-12           Inge
#> 1405               4              4       344        2006-08-19          Cyndi
#> 1406               3              4       534        2006-10-31         Giffer
#> 1407               2              3       123        2005-09-26         Rodina
#> 1408               5              5       155        2005-09-11         Wilmer
#> 1409               3              4       234        2006-05-24       Kingston
#> 1410               1              1       311        2006-07-15           Beth
#> 1411               1              1       511        2006-11-03          Rusty
#> 1412               2              3       423        2006-09-15           Rene
#> 1413               4              3       143        2006-04-09         Emelia
#> 1414               1              2       212        2006-06-06        Shelley
#> 1415               1              3       313        2006-08-14           Lisa
#> 1416               1              1       411        2006-09-26          Sioux
#> 1417               4              4       444        2006-09-30           Read
#> 1418               2              3       123        2006-03-22        Diannne
#> 1419               4              5       545        2006-11-13        Barthel
#> 1420               2              4       124        2005-10-06       Arabella
#> 1421               3              3       533        2006-11-21         Conroy
#> 1422               5              3       353        2006-08-02      Mufinella
#> 1423               3              3       333        2006-07-25         Valera
#> 1424               2              2       122        2006-02-19        Jordain
#> 1425               4              5       545        2006-11-05         Denise
#> 1426               3              5       135        2005-05-05      Constanta
#> 1427               5              5       455        2006-09-23        Caritta
#> 1428               3              2       432        2006-08-30     Kristopher
#> 1429               1              1       211        2006-06-14         Simone
#> 1430               2              2       522        2006-12-28          Tommy
#> 1431               2              2       322        2006-08-22         Faydra
#> 1432               3              4       334        2006-08-06        Robenia
#> 1433               4              3       343        2006-08-06         Flossi
#> 1434               2              2       222        2006-07-06         Franny
#> 1435               1              2       512        2006-12-22        Arleyne
#> 1436               3              3       233        2006-05-27           Odey
#> 1437               5              4       254        2006-06-23          Kimmy
#> 1438               5              4       454        2006-10-06       Tomasine
#> 1439               4              4       344        2006-08-28        Sibelle
#> 1440               1              1       211        2006-04-17      Konstance
#> 1441               3              3       533        2006-10-19         Fianna
#> 1442               4              5       345        2006-08-17        Ernesto
#> 1443               2              3       523        2006-12-04     Georgeanna
#> 1444               1              2       512        2006-11-30         Sisely
#> 1445               1              1       111        2005-10-03          Cleve
#> 1446               5              5       255        2006-05-05         Ginger
#> 1447               2              2       122        2006-02-25          Byrle
#> 1448               4              5       145        2005-11-18           Jenn
#> 1449               2              3       223        2006-05-30           Leon
#> 1450               3              4       334        2006-08-18         Anatol
#> 1451               2              3       123        2005-11-17         Charis
#> 1452               5              5       555        2006-11-24         Peirce
#> 1453               1              2       512        2006-10-27        Evaleen
#> 1454               1              1       511        2006-12-03          Valry
#> 1455               1              1       111        2006-04-03        Chariot
#> 1456               4              4       244        2006-04-26           Mira
#> 1457               2              3       323        2006-08-18         Taddeo
#> 1458               5              5       155        2005-10-23       Lancelot
#> 1459               4              3       443        2006-10-12           Rona
#> 1460               4              4       244        2006-06-11           Axel
#> 1461               1              3       513        2006-10-18         Vannie
#> 1462               2              4       224        2006-05-14         Sarene
#> 1463               1              1       111        2005-10-07        Leticia
#> 1464               2              2       222        2006-05-03         Aharon
#> 1465               1              2       112        2006-02-04          Barri
#> 1466               5              5       555        2006-10-25         Albert
#> 1467               5              5       555        2006-11-11          Tilda
#> 1468               5              5       155        2006-02-25       Shepherd
#> 1469               1              3       213        2006-06-13          Binky
#> 1470               4              4       144        2006-02-24           Tito
#> 1471               2              3       123        2006-02-28         Jerrie
#> 1472               5              5       555        2006-11-09           Skye
#> 1473               2              2       222        2006-07-06         Sandro
#> 1474               2              2       522        2006-12-24           Vita
#> 1475               3              3       133        2005-10-25        Delilah
#> 1476               4              3       243        2006-06-30        Aurelia
#> 1477               1              2       512        2006-10-21        Ailbert
#> 1478               2              1       121        2005-10-22        Myrilla
#> 1479               1              1       111        2005-08-11        Cacilie
#> 1480               1              1       311        2006-08-07        Ariella
#> 1481               2              1       221        2006-05-17           Troy
#> 1482               1              1       111        2005-12-17          Gabie
#> 1483               2              2       122        2005-08-15       Mohammed
#> 1484               3              3       133        2006-03-11          Jobye
#> 1485               4              4       544        2006-10-29         Dulsea
#> 1486               5              5       455        2006-09-09           Iver
#> 1487               5              5       455        2006-10-04         Eberto
#> 1488               5              4       554        2006-10-22           Vyky
#> 1489               3              2       132        2005-11-08         Siffre
#> 1490               4              3       143        2005-10-20           Sela
#> 1491               5              3       253        2006-07-03          Kelly
#> 1492               1              1       111        2005-10-03        Jsandye
#> 1493               5              4       254        2006-06-04        Hermine
#> 1494               3              4       334        2006-08-23       Berkeley
#> 1495               4              5       545        2006-10-30         Iorgos
#> 1496               2              3       523        2006-12-14        Merilee
#> 1497               3              3       533        2006-11-08          Eleen
#> 1498               2              2       322        2006-08-17         Ailina
#> 1499               1              1       411        2006-10-14       Vivianna
#> 1500               5              5       355        2006-07-11          Welch
#> 1501               1              1       311        2006-07-19        Idaline
#> 1502               5              5       555        2006-10-28           Olin
#> 1503               1              2       412        2006-09-04         Pattin
#> 1504               5              5       455        2006-09-10           Ceil
#> 1505               4              3       443        2006-09-04        Zabrina
#> 1506               4              3       243        2006-07-01       Claudine
#> 1507               5              5       255        2006-07-05         Aurora
#> 1508               4              3       343        2006-08-22            Ray
#> 1509               4              4       544        2006-10-19      Allianora
#> 1510               5              5       155        2006-02-17          Colly
#> 1511               5              4       254        2006-06-15         Marnie
#> 1512               5              5       555        2006-10-20         Jolynn
#> 1513               5              4       554        2006-11-13          Gates
#> 1514               5              5       555        2006-10-21         Dorrie
#> 1515               5              5       555        2006-11-05        Larissa
#> 1516               5              5       355        2006-07-25      Sebastien
#> 1517               1              1       511        2006-12-22         Alford
#> 1518               1              1       511        2006-11-03          Barbe
#> 1519               1              2       312        2006-08-05       Teresina
#> 1520               1              2       112        2005-07-07          Vanya
#> 1521               4              4       244        2006-06-14           Roxy
#> 1522               3              3       133        2006-01-21           Addy
#> 1523               4              4       544        2006-11-22        Quentin
#> 1524               4              3       243        2006-07-03        Augusta
#> 1525               1              1       111        2005-07-24       Jeremiah
#> 1526               1              1       311        2006-08-14        Shawnee
#> 1527               1              3       313        2006-07-29            Pip
#> 1528               1              2       412        2006-08-31         Sidney
#> 1529               3              3       333        2006-07-16        Demetre
#> 1530               1              2       512        2006-12-11      Kara-lynn
#> 1531               5              5       555        2006-11-20         Ursola
#> 1532               2              3       223        2006-06-16     Evangeline
#> 1533               2              2       522        2006-10-28          Grier
#> 1534               1              1       211        2006-07-03       Zacherie
#> 1535               2              2       522        2006-11-24          Allys
#> 1536               5              5       455        2006-09-26       Charmian
#> 1537               4              5       345        2006-07-27        Madella
#> 1538               5              4       254        2006-06-24         Sheela
#> 1539               5              5       455        2006-09-30           Arly
#> 1540               4              4       344        2006-07-22        Godfree
#> 1541               2              2       122        2006-03-21     Petronilla
#> 1542               5              5       355        2006-07-10      Reinaldos
#> 1543               3              2       432        2006-09-30        Lynnett
#> 1544               3              5       135        2005-08-30          Myron
#> 1545               1              2       112        2006-01-21          Ninon
#> 1546               2              1       421        2006-09-06          Hanni
#> 1547               1              1       111        2005-10-14        Reinald
#> 1548               4              2       442        2006-10-10          Shena
#> 1549               2              4       124        2006-01-07         Demott
#> 1550               4              3       343        2006-08-10         Sissie
#> 1551               1              3       413        2006-09-07        Gustave
#> 1552               1              2       112        2005-11-05         Ginger
#> 1553               4              4       444        2006-09-02        Roobbie
#> 1554               4              3       443        2006-10-02         Alfons
#> 1555               1              1       211        2006-04-21           Deva
#> 1556               5              5       555        2006-11-26          Lindy
#> 1557               4              4       444        2006-10-02         Nancey
#> 1558               4              4       544        2006-12-16           Noll
#> 1559               1              1       311        2006-07-14           Dina
#> 1560               2              3       323        2006-08-08         Samara
#> 1561               1              1       211        2006-04-14        Preston
#> 1562               5              5       255        2006-07-02       Prescott
#> 1563               5              5       355        2006-08-13        Rebecca
#> 1564               2              2       122        2005-10-11          Daisi
#> 1565               1              1       111        2005-10-07         Sallee
#> 1566               4              3       543        2006-11-27          Orrin
#> 1567               4              4       144        2005-12-23        Carolus
#> 1568               3              3       433        2006-09-02         Kellen
#> 1569               1              1       411        2006-10-16         Hilary
#> 1570               1              1       111        2006-03-08           Rock
#> 1571               2              4       324        2006-08-05       Humphrey
#> 1572               4              5       545        2006-10-20           Anne
#> 1573               2              4       324        2006-08-19          Jandy
#> 1574               3              2       532        2006-11-05         Hewitt
#> 1575               1              1       511        2006-12-22         Zondra
#> 1576               2              3       523        2006-10-22        Agnesse
#> 1577               2              2       122        2006-01-21          Maxie
#> 1578               4              2       442        2006-10-05       Phillipe
#> 1579               5              4       454        2006-10-08          Trent
#> 1580               4              4       244        2006-04-22         Giulia
#> 1581               1              1       511        2006-11-05         Clovis
#> 1582               3              5       435        2006-09-17           Wilt
#> 1583               1              1       511        2006-11-26          Boyce
#> 1584               3              4       434        2006-10-10           Cart
#> 1585               1              1       111        2006-02-25         Salome
#> 1586               1              1       111        2006-02-01          Laure
#> 1587               5              4       454        2006-10-06         Terese
#> 1588               3              3       233        2006-05-13            Meg
#> 1589               2              3       523        2006-12-19           Skye
#> 1590               3              3       533        2006-12-20         Angela
#> 1591               5              5       355        2006-08-12          Dinah
#> 1592               5              5       455        2006-09-25            Dar
#> 1593               2              2       222        2006-05-18           Otis
#> 1594               5              5       355        2006-07-18          Malva
#> 1595               3              3       233        2006-07-05         Ancell
#> 1596               1              2       312        2006-08-14         Linoel
#> 1597               2              1       121        2005-12-17        Jocelin
#> 1598               3              5       235        2006-05-18      Guendolen
#> 1599               4              4       544        2006-12-09         Archie
#> 1600               4              3       343        2006-08-22            Ami
#> 1601               4              5       545        2006-11-16        Bernarr
#> 1602               5              5       555        2006-11-05          Meara
#> 1603               4              3       443        2006-09-07          Bryon
#> 1604               3              3       433        2006-10-15        Stafani
#> 1605               4              5       345        2006-08-19        Brockie
#> 1606               4              5       545        2006-11-07          Karly
#> 1607               2              2       322        2006-07-29         Gunter
#> 1608               1              1       111        2006-02-17            Kim
#> 1609               5              5       255        2006-07-04         Gustav
#> 1610               4              5       345        2006-08-07           Ceil
#> 1611               2              2       122        2005-06-29           Mira
#> 1612               3              3       233        2006-06-07          Noemi
#> 1613               5              5       355        2006-08-01         Bibbie
#> 1614               1              1       111        2006-03-11        Klement
#> 1615               2              1       521        2006-11-25         Danica
#> 1616               5              5       455        2006-10-03          Kalie
#> 1617               2              2       522        2006-10-17        Raquela
#> 1618               2              4       524        2006-10-24           Doti
#> 1619               5              5       455        2006-09-16       Hyacinth
#> 1620               5              5       455        2006-10-01        Everett
#> 1621               5              5       455        2006-10-04          Ellen
#> 1622               4              4       544        2006-12-27           Lion
#> 1623               2              4       324        2006-08-23           Cull
#> 1624               5              4       354        2006-08-22         Hadley
#> 1625               2              4       324        2006-07-21       Germayne
#> 1626               4              4       244        2006-06-02         Cindra
#> 1627               2              1       321        2006-07-25         Crysta
#> 1628               2              2       122        2005-10-10        Brittan
#> 1629               4              5       445        2006-10-11      Catharina
#> 1630               5              4       254        2006-05-22         Martha
#> 1631               1              1       511        2006-10-17         Elysha
#> 1632               1              3       113        2005-11-05          Izaak
#> 1633               3              5       335        2006-08-04         Brucie
#> 1634               5              5       555        2006-11-22       Giordano
#> 1635               2              2       422        2006-09-03        Stephan
#> 1636               3              3       433        2006-10-01         Blanca
#> 1637               2              2       122        2006-03-16         Ashlen
#> 1638               1              2       212        2006-07-04       Marielle
#> 1639               1              1       411        2006-10-10       Jeniffer
#> 1640               2              2       322        2006-07-18         Seline
#> 1641               4              3       443        2006-09-30         Doreen
#> 1642               3              5       435        2006-09-25          Nadya
#> 1643               2              3       223        2006-06-11        Clareta
#> 1644               2              3       423        2006-09-22        Dorelia
#> 1645               3              2       532        2006-11-02        Brittne
#> 1646               5              5       455        2006-10-13          Susan
#> 1647               4              5       245        2006-06-17        Ingemar
#> 1648               5              5       455        2006-09-04        Mildred
#> 1649               3              2       432        2006-09-14          Flory
#> 1650               1              2       512        2006-11-18         Elmore
#> 1651               5              5       555        2006-10-27        Siobhan
#> 1652               5              5       555        2006-12-08          Benni
#> 1653               1              1       111        2005-06-12        Jameson
#> 1654               1              2       412        2006-10-07        Charita
#> 1655               1              1       511        2006-10-20        Cathryn
#> 1656               5              4       454        2006-09-06        Xymenes
#> 1657               4              3       443        2006-09-26          Marjy
#> 1658               4              2       542        2006-12-12           Arty
#> 1659               4              4       244        2006-06-27         Biddie
#> 1660               5              5       555        2006-12-29       Chrystel
#> 1661               1              1       111        2005-09-26        Amelina
#> 1662               2              4       124        2006-03-21        Jacynth
#> 1663               5              5       555        2006-11-07         Nilson
#> 1664               2              2       322        2006-07-19           Cody
#> 1665               4              3       443        2006-09-23         Shandy
#> 1666               4              4       544        2006-12-12      Madelaine
#> 1667               2              3       423        2006-10-14        Caitrin
#> 1668               5              5       355        2006-08-24        Bartram
#> 1669               5              5       355        2006-08-26        Erminia
#> 1670               4              5       545        2006-11-14         Biddie
#> 1671               3              4       334        2006-08-06           Rose
#> 1672               2              2       422        2006-09-01        Kaitlin
#> 1673               4              5       545        2006-10-26          Linzy
#> 1674               3              3       133        2006-03-26       Terri-jo
#> 1675               1              1       411        2006-09-19         Elnore
#> 1676               1              1       311        2006-08-01          Elroy
#> 1677               1              1       311        2006-07-18          Aldin
#> 1678               5              4       454        2006-09-25         Gordie
#> 1679               5              5       555        2006-11-03        Starlin
#> 1680               1              1       211        2006-06-27        Carmita
#> 1681               2              3       123        2005-11-05           Cele
#> 1682               2              4       124        2006-03-26        Bethina
#> 1683               4              4       144        2005-09-18       Starlene
#> 1684               2              3       323        2006-08-20         Darcee
#> 1685               5              5       555        2006-12-15          Codie
#> 1686               1              1       411        2006-10-02        Esmaria
#> 1687               2              2       522        2006-12-19          Dione
#> 1688               2              1       521        2006-11-23           Addi
#> 1689               1              1       411        2006-09-21          Amble
#> 1690               3              2       432        2006-09-23           Duky
#> 1691               1              3       113        2005-12-06         Alvera
#> 1692               5              5       455        2006-09-28       Consalve
#> 1693               4              4       244        2006-05-22           Ford
#> 1694               3              4       534        2006-11-18         Arleen
#> 1695               5              5       255        2006-07-04          Netty
#> 1696               2              1       421        2006-09-09         Rhetta
#> 1697               3              3       133        2006-03-25          Karyn
#> 1698               2              2       222        2006-06-10           Ario
#> 1699               2              2       522        2006-11-15        Hillyer
#> 1700               5              5       255        2006-05-27            Job
#> 1701               3              4       434        2006-08-31          Denny
#> 1702               5              5       255        2006-05-25            Vic
#> 1703               2              3       123        2005-09-22          Manya
#> 1704               2              3       323        2006-07-10            Ara
#> 1705               2              2       322        2006-08-14         Harlie
#> 1706               2              3       323        2006-08-10        Micheil
#> 1707               1              1       311        2006-07-18          Anita
#> 1708               4              2       342        2006-08-25      Corabelle
#> 1709               2              2       422        2006-09-30           Kial
#> 1710               1              2       412        2006-09-24        Alfonso
#> 1711               4              4       444        2006-09-25        Darrick
#> 1712               3              4       134        2005-11-28         Julius
#> 1713               2              4       224        2006-05-22         Dwight
#> 1714               5              5       155        2006-03-01         Osgood
#> 1715               2              2       422        2006-09-09           Rick
#> 1716               1              3       113        2006-04-06          Belva
#> 1717               1              1       111        2005-12-11          Tonya
#> 1718               3              3       533        2006-10-24          Lemar
#> 1719               2              2       122        2006-01-04           Abbe
#> 1720               1              1       111        2005-09-15         Joella
#> 1721               1              3       113        2005-08-30          Marne
#> 1722               5              4       254        2006-06-22          Rubin
#> 1723               5              4       454        2006-09-17       Giustina
#> 1724               4              5       145        2006-02-17          Laird
#> 1725               1              1       111        2005-12-11          Aubry
#> 1726               1              1       111        2005-09-28        Justina
#> 1727               2              2       222        2006-06-26            Rey
#> 1728               1              1       511        2006-11-05          Parry
#> 1729               2              1       321        2006-07-19        Rudolph
#> 1730               3              2       432        2006-09-14           Luci
#> 1731               4              5       445        2006-10-06           Codi
#> 1732               4              5       145        2006-01-18         Hadley
#> 1733               4              4       544        2006-10-23            Ike
#> 1734               2              2       222        2006-07-01         Dorrie
#> 1735               2              3       223        2006-06-22          Datha
#> 1736               3              4       534        2006-10-20           Cele
#> 1737               1              1       411        2006-10-03     Kristoforo
#> 1738               4              2       342        2006-08-24        Obadias
#> 1739               4              4       544        2006-10-26         Saleem
#> 1740               5              5       555        2006-11-29        Humbert
#> 1741               2              3       223        2006-05-31         Reuben
#> 1742               4              3       143        2005-09-27          Noble
#> 1743               4              4       444        2006-09-21          Carey
#> 1744               3              3       533        2006-12-11         Jorrie
#> 1745               1              1       211        2006-06-22          Angil
#> 1746               1              2       112        2005-10-13           Jaye
#> 1747               3              3       133        2005-10-21          Stacy
#> 1748               1              2       212        2006-05-25       Humfried
#> 1749               4              3       543        2006-10-31        Paulita
#> 1750               4              4       444        2006-09-10          Andie
#> 1751               4              5       445        2006-09-24             Hi
#> 1752               2              2       322        2006-07-15         Gratia
#> 1753               3              4       434        2006-10-01          Raviv
#> 1754               3              3       133        2006-02-19         Freddi
#> 1755               5              4       354        2006-08-10        Harriot
#> 1756               5              5       155        2006-04-10         Heidie
#> 1757               1              3       313        2006-07-25          Randy
#> 1758               2              1       121        2005-11-18       Horatius
#> 1759               4              4       144        2005-12-30         Evanne
#> 1760               1              4       114        2005-09-28       Marielle
#> 1761               2              1       221        2006-05-10          Arnie
#> 1762               3              4       234        2006-06-24       Johannes
#> 1763               1              1       211        2006-07-02 Sheila-kathryn
#> 1764               2              3       223        2006-06-23         Kelley
#> 1765               4              3       443        2006-09-28         Cherin
#> 1766               2              2       322        2006-07-20         Gabbie
#> 1767               5              4       354        2006-08-16          Blake
#> 1768               3              5       335        2006-07-25        Thaddus
#> 1769               2              2       522        2006-10-27          Ardis
#> 1770               5              5       455        2006-09-30          Caryl
#> 1771               3              2       132        2005-08-15          Jamil
#> 1772               5              5       355        2006-07-25           Tony
#> 1773               5              5       355        2006-07-17         Pennie
#> 1774               5              5       155        2006-01-06          Piggy
#> 1775               3              4       534        2006-10-27          Griff
#> 1776               3              4       234        2006-06-09       Benedict
#> 1777               1              1       311        2006-07-14       Terrance
#> 1778               1              1       211        2006-06-22       Nathalie
#> 1779               5              3       353        2006-08-13         Harald
#> 1780               1              1       211        2006-05-15           Seka
#> 1781               2              1       221        2006-04-15            Lou
#> 1782               1              1       111        2005-12-17          Fayre
#> 1783               1              1       111        2005-12-14        Ingemar
#> 1784               4              5       345        2006-07-21      Jacquelin
#> 1785               4              5       245        2006-07-04         Belvia
#> 1786               1              2       412        2006-09-13          Glynn
#> 1787               3              5       435        2006-09-19          Aksel
#> 1788               2              1       221        2006-04-15        Loralyn
#> 1789               1              2       212        2006-06-16        Gaspard
#> 1790               2              2       522        2006-11-02       Geoffrey
#> 1791               4              4       444        2006-09-11           Mark
#> 1792               4              3       443        2006-10-13         Bridie
#> 1793               5              5       555        2006-10-21        Almeria
#> 1794               4              5       245        2006-05-03          Denni
#> 1795               1              1       511        2006-10-20           Kala
#> 1796               3              4       434        2006-09-06         Tildie
#> 1797               5              4       554        2006-10-18            Mal
#> 1798               5              5       555        2006-11-15         Collen
#> 1799               1              1       411        2006-09-02       Beaufort
#> 1800               4              3       343        2006-07-09          Noell
#> 1801               5              5       555        2006-11-14         Beryle
#> 1802               1              1       411        2006-09-12     Gilbertina
#> 1803               5              5       355        2006-08-27         Angelo
#> 1804               5              5       355        2006-07-15         Shaine
#> 1805               3              2       432        2006-10-14       Jephthah
#> 1806               3              3       533        2006-11-07           Jehu
#> 1807               3              4       234        2006-07-05          Berne
#> 1808               2              4       224        2006-06-23        Janette
#> 1809               1              1       111        2005-12-22        Maureen
#> 1810               2              2       322        2006-07-14         Sheree
#> 1811               5              4       454        2006-09-21           Dyna
#> 1812               5              5       455        2006-10-06       Ninnetta
#> 1813               3              3       533        2006-12-13       Dominica
#> 1814               3              4       434        2006-09-22           Clio
#> 1815               3              3       433        2006-09-30      Gallagher
#> 1816               1              1       211        2006-07-01        Dorelle
#> 1817               4              4       344        2006-08-18            Ame
#> 1818               5              5       555        2006-11-19         Teresa
#> 1819               5              5       255        2006-05-04       Jonathan
#> 1820               5              5       555        2006-11-04         Robbie
#> 1821               1              1       111        2006-03-18           Pepe
#> 1822               1              1       311        2006-07-29         Luelle
#> 1823               1              2       212        2006-06-05         Adolph
#> 1824               3              3       333        2006-07-23         Danita
#> 1825               5              3       553        2006-10-21            Des
#> 1826               2              1       421        2006-09-07           Pris
#> 1827               1              1       511        2006-12-11        Coletta
#> 1828               4              2       242        2006-07-04       Gretchen
#> 1829               4              3       443        2006-10-03          Boris
#> 1830               5              5       455        2006-09-11         Daryle
#> 1831               2              2       222        2006-06-12       Vivienne
#> 1832               4              4       544        2006-10-19          Allan
#> 1833               2              2       422        2006-09-15        Baldwin
#> 1834               1              3       513        2006-12-06       Angeline
#> 1835               3              2       132        2005-12-02       Tremaine
#> 1836               2              1       521        2006-10-20      Fanchette
#> 1837               4              4       244        2006-06-13    Archaimbaud
#> 1838               4              4       144        2005-07-31          Cross
#> 1839               3              4       434        2006-09-23          Bobby
#> 1840               4              4       344        2006-08-10         Lindon
#> 1841               2              4       224        2006-06-05        Stewart
#> 1842               5              5       255        2006-05-30          Roana
#> 1843               1              4       214        2006-05-13       Roseline
#> 1844               1              1       111        2005-10-18            Adi
#> 1845               4              5       445        2006-10-05        Sherwin
#> 1846               4              4       444        2006-10-02          Ogdon
#> 1847               2              1       121        2006-01-16         Odilia
#> 1848               3              2       432        2006-09-24         Muriel
#> 1849               1              1       111        2005-06-18          Genia
#> 1850               2              3       223        2006-04-24          Manon
#> 1851               5              5       555        2006-12-14        Millard
#> 1852               2              2       422        2006-09-12         Karrie
#> 1853               3              2       232        2006-05-19         Waylen
#> 1854               5              5       355        2006-08-03       Violante
#> 1855               3              3       533        2006-12-22           Wait
#> 1856               4              5       245        2006-04-15         Manuel
#> 1857               2              2       122        2006-04-08          Mitzi
#> 1858               1              3       213        2006-04-14       Kathleen
#> 1859               1              2       112        2006-03-13       Anatollo
#> 1860               5              4       354        2006-07-13            Tam
#> 1861               1              1       311        2006-07-15        Rolando
#> 1862               4              4       544        2006-11-11         Travus
#> 1863               4              4       144        2005-10-25            Far
#> 1864               3              4       434        2006-10-14            Ave
#> 1865               2              2       322        2006-07-15          Nevil
#> 1866               1              1       211        2006-05-15           Cord
#> 1867               4              5       245        2006-05-25            Ado
#> 1868               4              4       344        2006-07-25      Christina
#> 1869               4              4       244        2006-07-06        Obediah
#> 1870               3              4       134        2005-12-12           Lory
#> 1871               2              4       124        2006-03-23          Diane
#> 1872               4              4       144        2006-01-27       Leonanie
#> 1873               2              2       422        2006-09-20          Janek
#> 1874               1              1       411        2006-09-09           Jaye
#> 1875               3              3       433        2006-10-16        Aurelie
#> 1876               5              5       555        2006-12-11          Sonia
#> 1877               1              1       111        2005-08-26          Reube
#> 1878               2              1       221        2006-07-01         Randie
#> 1879               5              5       155        2006-01-15            Law
#> 1880               1              2       112        2006-03-20          Ellie
#> 1881               1              1       311        2006-08-06         Babita
#> 1882               5              5       455        2006-10-06      Thorstein
#> 1883               5              5       255        2006-06-19          Torey
#> 1884               5              5       455        2006-09-12          Ketty
#> 1885               5              5       355        2006-08-04          Kylie
#> 1886               2              3       523        2006-11-03          Jolie
#> 1887               1              1       311        2006-07-22         Ginger
#> 1888               2              1       321        2006-07-25         Fannie
#> 1889               4              4       444        2006-10-15      Cristabel
#> 1890               2              2       422        2006-09-20          Liane
#> 1891               1              1       511        2006-11-03            Tan
#> 1892               4              3       243        2006-05-08       Steffane
#> 1893               4              5       445        2006-09-10          Jacky
#> 1894               5              5       555        2006-11-03       Rosamund
#> 1895               2              2       222        2006-05-12        Hoebart
#> 1896               5              4       254        2006-05-22        Raleigh
#> 1897               2              2       322        2006-08-14          Elise
#> 1898               4              4       444        2006-09-17        Shannon
#> 1899               1              2       112        2006-02-26       Ignatius
#> 1900               1              1       111        2005-11-01          Debby
#> 1901               1              1       411        2006-10-16          Drona
#> 1902               2              1       121        2006-03-12           Land
#> 1903               5              5       255        2006-07-01       Marielle
#> 1904               3              4       534        2006-11-12           Herb
#> 1905               2              4       424        2006-10-02       Mortimer
#> 1906               5              5       555        2006-11-26          Lacie
#> 1907               2              3       323        2006-08-27       Valdemar
#> 1908               1              1       111        2006-01-02           Duke
#> 1909               5              5       455        2006-09-22       Ernestus
#> 1910               1              1       211        2006-05-22       Benjamin
#> 1911               4              5       345        2006-08-11      Gabrielle
#> 1912               2              2       222        2006-05-10        Mathias
#> 1913               2              3       123        2005-11-24           Ibby
#> 1914               4              5       545        2006-10-27        Nichole
#> 1915               3              1       531        2006-11-22           Olav
#> 1916               4              4       144        2006-03-23          Ivett
#> 1917               1              2       412        2006-09-24         Lilith
#> 1918               2              5       325        2006-08-06         Lynsey
#> 1919               5              5       355        2006-08-16          Lynda
#> 1920               1              1       111        2005-09-05         Darsey
#> 1921               4              5       245        2006-05-29           Milo
#> 1922               1              1       111        2004-09-30          Janey
#> 1923               2              2       522        2006-12-06          Daron
#> 1924               2              4       324        2006-07-11          Barty
#> 1925               1              1       311        2006-08-08             Cy
#> 1926               2              2       122        2005-07-20          Welsh
#> 1927               2              2       122        2006-03-12       Matthieu
#> 1928               2              2       422        2006-09-30          Tracy
#> 1929               3              4       234        2006-06-05        Kerwinn
#> 1930               1              1       111        2004-09-18          Kenna
#> 1931               3              3       433        2006-09-11          Margy
#> 1932               2              3       523        2006-11-13           Wald
#> 1933               2              3       323        2006-07-10           Lora
#> 1934               5              5       155        2006-03-22         Allsun
#> 1935               5              5       555        2006-11-06         Kinnie
#> 1936               4              2       342        2006-07-09         Harold
#> 1937               4              4       344        2006-07-25        Malissa
#> 1938               4              5       245        2006-07-06         Mendel
#> 1939               5              5       355        2006-08-07         Mignon
#> 1940               4              5       545        2006-12-01        Marlena
#> 1941               5              5       355        2006-08-21         Maryjo
#> 1942               5              5       255        2006-05-02             Bo
#> 1943               2              3       523        2006-12-30        Bobette
#> 1944               4              4       544        2006-11-03          Devan
#> 1945               1              2       312        2006-07-10         Darryl
#> 1946               2              4       224        2006-07-01        Randolf
#> 1947               1              1       111        2005-08-20           Caye
#> 1948               4              3       343        2006-08-24         Lucien
#> 1949               5              4       254        2006-06-24         Samuel
#> 1950               3              5       535        2006-11-30           Fabe
#> 1951               1              1       411        2006-09-19        Meaghan
#> 1952               4              3       143        2006-03-21         Saleem
#> 1953               1              1       111        2005-05-26          Kippy
#> 1954               1              2       312        2006-08-13           Harv
#> 1955               2              1       121        2006-02-18            Kev
#> 1956               2              2       322        2006-07-17         Kellie
#> 1957               1              1       111        2005-07-09         Oswald
#> 1958               5              5       555        2006-12-27        Katinka
#> 1959               2              2       422        2006-10-11         Lorain
#> 1960               3              4       334        2006-07-30           Tomi
#> 1961               4              5       245        2006-06-11         Lavina
#> 1962               4              2       442        2006-09-28        Arnaldo
#> 1963               2              2       322        2006-08-21          Zarla
#> 1964               3              3       533        2006-11-27          Kiele
#> 1965               4              4       244        2006-06-17        Amandie
#> 1966               5              5       255        2006-06-16           Kaja
#> 1967               2              2       522        2006-10-24        Rudiger
#> 1968               1              1       111        2005-10-30        Lorilee
#> 1969               4              3       343        2006-08-06         Shermy
#> 1970               4              4       244        2006-05-15          Wynny
#> 1971               5              4       554        2006-11-20       Tarrance
#> 1972               2              2       322        2006-08-23         Cesare
#> 1973               1              1       411        2006-09-29         Vinita
#> 1974               3              4       234        2006-04-16        Georges
#> 1975               1              3       413        2006-09-04       Parsifal
#> 1976               3              3       333        2006-07-15       Hyacinth
#> 1977               4              2       142        2005-09-19          Nydia
#> 1978               2              3       223        2006-06-13          Venus
#> 1979               2              4       524        2006-11-03         Anitra
#> 1980               5              5       455        2006-10-05          Paola
#> 1981               2              3       323        2006-08-25          Hynda
#> 1982               1              2       512        2006-11-09        Kathryn
#> 1983               5              5       255        2006-05-22          Gawen
#> 1984               3              2       232        2006-05-12       Ernestus
#> 1985               2              3       323        2006-08-12           Arri
#> 1986               2              1       521        2006-10-31            Rod
#> 1987               5              5       355        2006-07-16           Puff
#> 1988               4              3       543        2006-11-10            Rab
#> 1989               5              5       155        2005-11-19        Michale
#> 1990               5              5       355        2006-08-26          Smith
#> 1991               5              5       255        2006-05-28      Westbrook
#> 1992               1              1       411        2006-09-10         Trixie
#> 1993               2              1       221        2006-05-25             Hy
#> 1994               2              3       123        2005-12-18          Wendy
#> 1995               3              2       332        2006-08-20          Gilda
#> 1996               2              1       421        2006-10-06         Fabien
#> 1997               2              3       523        2006-11-15           Doro
#> 1998               2              2       322        2006-08-07          Maire
#> 1999               2              2       122        2005-08-18          Rubia
#> 2000               1              1       111        2006-01-08         Juliet
#> 2001               5              4       154        2005-08-25         Pavlov
#> 2002               2              2       122        2005-10-23     Fitzgerald
#> 2003               1              2       312        2006-08-21            Sol
#> 2004               2              1       321        2006-08-11         Ondrea
#> 2005               4              4       244        2006-05-10          Valli
#> 2006               2              2       222        2006-05-04       Fernando
#> 2007               2              2       522        2006-11-14          Marcy
#> 2008               2              3       223        2006-05-17        Corette
#> 2009               3              4       434        2006-09-20         Gianna
#> 2010               1              1       211        2006-05-17          Ennis
#> 2011               1              2       312        2006-07-11      Dominique
#> 2012               2              4       524        2006-12-02       Terrence
#> 2013               5              5       455        2006-09-22         Jelene
#> 2014               2              2       122        2005-10-16          Hiram
#> 2015               1              1       111        2004-12-18           Curr
#> 2016               1              1       311        2006-08-22          Filia
#> 2017               5              5       555        2006-11-27        Clareta
#> 2018               5              5       155        2005-09-02          Hyatt
#> 2019               1              1       211        2006-07-05        Eadmund
#> 2020               2              2       122        2005-11-02      Anastasie
#> 2021               5              5       255        2006-04-13         Oralia
#> 2022               1              1       111        2005-05-20       Margalit
#> 2023               4              4       244        2006-06-20           Bone
#> 2024               2              1       321        2006-08-14          Marlo
#> 2025               2              1       521        2006-12-17         Claire
#> 2026               3              2       432        2006-09-16          Irena
#> 2027               3              3       533        2006-11-04          Miner
#> 2028               2              2       122        2006-03-06          Ruddy
#> 2029               2              3       123        2006-02-06           Angy
#> 2030               3              4       434        2006-10-11          Sammy
#> 2031               1              2       412        2006-09-22        Westley
#> 2032               2              1       321        2006-08-26           Etan
#> 2033               1              1       111        2006-02-25         Godard
#> 2034               5              4       454        2006-09-04        Gabriel
#> 2035               2              3       323        2006-07-23       Daniella
#> 2036               1              1       211        2006-06-26        Dee dee
#> 2037               1              1       111        2006-02-13          Howey
#> 2038               5              4       354        2006-08-19           Elka
#> 2039               2              1       221        2006-06-04      Quintilla
#> 2040               5              5       455        2006-09-09        Celinda
#> 2041               2              2       122        2005-10-08           Nate
#> 2042               5              5       155        2006-03-16          Jaine
#> 2043               5              5       555        2006-11-04            Zak
#> 2044               3              4       334        2006-07-28        Bryanty
#> 2045               3              3       333        2006-08-16         Ofelia
#> 2046               4              5       545        2006-12-28        Davidde
#> 2047               2              2       122        2006-02-19        Phineas
#> 2048               3              3       233        2006-07-02         Dorena
#> 2049               5              5       455        2006-10-06           Farr
#> 2050               1              2       312        2006-07-25          Stacy
#> 2051               5              5       455        2006-10-01          Leigh
#> 2052               1              1       111        2005-06-15      Harriette
#> 2053               1              1       311        2006-08-14    Constantine
#> 2054               5              5       355        2006-08-05          Udale
#> 2055               5              5       355        2006-08-06          Aaren
#> 2056               3              4       534        2006-11-20        Randene
#> 2057               2              2       522        2006-10-21        Chiarra
#> 2058               1              1       511        2006-11-09            Liv
#> 2059               3              4       334        2006-07-29      Mariellen
#> 2060               1              1       211        2006-05-07          Taryn
#> 2061               2              2       522        2006-11-27           Pepe
#> 2062               5              3       253        2006-06-07          Adolf
#> 2063               1              2       212        2006-05-28         Tomlin
#> 2064               1              2       312        2006-08-27        Merissa
#> 2065               5              4       354        2006-07-18       Florella
#> 2066               1              1       311        2006-08-14           Theo
#> 2067               1              2       512        2006-10-24         Celene
#> 2068               4              4       444        2006-09-08        Luciana
#> 2069               1              1       111        2005-12-01        Ezekiel
#> 2070               5              5       455        2006-10-09         Munroe
#> 2071               5              5       555        2006-10-27         Terese
#> 2072               5              5       355        2006-07-15       Fredrika
#> 2073               2              1       121        2005-10-16       Christin
#> 2074               4              3       143        2006-03-13          Ediva
#> 2075               5              5       555        2006-11-19           Eula
#> 2076               1              1       211        2006-06-05       Reinhard
#> 2077               2              2       422        2006-09-22        Desiree
#> 2078               4              2       542        2006-12-23           Pail
#> 2079               3              2       432        2006-09-08         Garrot
#> 2080               2              3       223        2006-06-29         Linnet
#> 2081               4              5       245        2006-06-05          Arvin
#> 2082               1              2       112        2005-09-05        Whitman
#> 2083               1              1       111        2005-06-26       Anabelle
#> 2084               5              5       555        2006-10-28         Fabien
#> 2085               1              2       412        2006-10-10          Morna
#> 2086               1              1       411        2006-09-05       Gardiner
#> 2087               5              4       154        2006-02-24        Tristan
#> 2088               3              2       232        2006-06-02        Glynnis
#> 2089               5              4       554        2006-12-23          Bondy
#> 2090               1              2       412        2006-10-14         Edmund
#> 2091               2              2       222        2006-06-04         Hermia
#> 2092               4              4       544        2006-10-19          Kalle
#> 2093               1              2       312        2006-07-11           Kiri
#> 2094               2              2       322        2006-07-10        Shirlee
#> 2095               4              3       243        2006-05-09      Jacquetta
#> 2096               2              3       423        2006-10-01        Allayne
#> 2097               3              3       133        2005-12-03          Keefe
#> 2098               5              5       355        2006-08-09         Aldwin
#> 2099               5              5       255        2006-05-23         Libbie
#> 2100               5              5       455        2006-09-07           Eben
#> 2101               2              3       523        2006-10-21         Kellia
#> 2102               2              4       424        2006-10-01         Beulah
#> 2103               1              2       112        2005-09-19          Orren
#> 2104               5              5       455        2006-09-21         Torrie
#> 2105               3              1       531        2006-11-01         Gerome
#> 2106               1              1       511        2006-11-01         Ivette
#> 2107               1              1       311        2006-07-17           Giff
#> 2108               4              3       543        2006-12-16         Aileen
#> 2109               1              1       311        2006-08-24          Sasha
#> 2110               3              4       334        2006-07-30          Conny
#> 2111               1              2       112        2005-06-15        Jewelle
#> 2112               2              2       122        2006-02-11         Berton
#> 2113               4              2       142        2006-04-06          Dasha
#> 2114               4              4       344        2006-08-21         Kimble
#> 2115               1              2       212        2006-06-18      Templeton
#> 2116               1              1       511        2006-11-02       Beatrisa
#> 2117               2              1       221        2006-05-16       Meredeth
#> 2118               3              3       233        2006-06-13        Breanne
#> 2119               1              2       512        2006-11-30           Rebe
#> 2120               2              4       324        2006-07-17          Brana
#> 2121               1              4       414        2006-09-23           Izak
#> 2122               2              1       221        2006-05-24        Malinde
#> 2123               2              4       124        2006-02-13         Xavier
#> 2124               4              5       245        2006-07-03        Vitoria
#> 2125               5              5       255        2006-04-15           Arie
#> 2126               4              3       343        2006-07-24          Terra
#> 2127               2              2       422        2006-10-02         Neilla
#> 2128               1              1       311        2006-08-28          Brigg
#> 2129               5              5       255        2006-04-13     Bernadette
#> 2130               1              3       213        2006-05-15        Tristan
#> 2131               1              2       112        2006-01-20        Tiphany
#> 2132               4              4       344        2006-07-14         Bendix
#> 2133               3              3       333        2006-07-28        Joelynn
#> 2134               2              3       223        2006-07-04          Grete
#> 2135               3              2       332        2006-08-01           Hali
#> 2136               5              4       454        2006-09-08         Cooper
#> 2137               2              2       222        2006-06-01           Eddy
#> 2138               3              4       534        2006-12-03        Lilllie
#> 2139               4              5       445        2006-09-16          Kaleb
#> 2140               1              1       311        2006-08-27          Filip
#> 2141               4              5       345        2006-08-07       Jeremiah
#> 2142               3              3       333        2006-08-10         Hollis
#> 2143               4              3       243        2006-04-23          Darin
#> 2144               2              2       322        2006-08-04         Keeley
#> 2145               4              3       543        2006-12-21         Gaelan
#> 2146               4              3       543        2006-11-16         Morley
#> 2147               1              1       311        2006-07-21            Pen
#> 2148               4              3       343        2006-08-26           Edik
#> 2149               4              3       143        2005-12-15           Rene
#> 2150               3              4       234        2006-05-27          Reggi
#> 2151               3              5       335        2006-07-20        Jenifer
#> 2152               2              3       223        2006-04-18       Melantha
#> 2153               1              1       111        2005-08-20          Ingra
#> 2154               4              4       344        2006-07-27         Elnore
#> 2155               1              1       111        2005-12-24         Raeann
#> 2156               5              4       254        2006-06-03            Lin
#> 2157               1              2       112        2006-02-15           Dani
#> 2158               1              2       212        2006-06-10            Zed
#> 2159               5              5       555        2006-11-20          Letta
#> 2160               3              2       332        2006-07-09        Shandee
#> 2161               1              1       311        2006-08-27           Luci
#> 2162               1              2       112        2006-01-14      Kendricks
#> 2163               1              1       111        2006-03-07         Lutero
#> 2164               1              1       411        2006-09-09         Idalia
#> 2165               1              1       211        2006-06-14            Ari
#> 2166               2              1       521        2006-10-23        Johnnie
#> 2167               2              2       522        2006-11-06         Cynthy
#> 2168               5              5       355        2006-07-26          Mamie
#> 2169               1              1       511        2006-12-20        Reinold
#> 2170               2              2       122        2005-08-22       Clarance
#> 2171               2              3       123        2006-04-05        Maureen
#> 2172               1              2       112        2005-09-04            Rik
#> 2173               1              2       112        2006-03-21         Tanner
#> 2174               2              2       222        2006-06-29          Tatum
#> 2175               5              5       255        2006-06-15        Ruperto
#> 2176               4              4       144        2005-10-04         Danell
#> 2177               2              3       423        2006-09-06          Randy
#> 2178               3              3       333        2006-07-22         Elisha
#> 2179               4              2       142        2005-06-13        Nickola
#> 2180               4              5       545        2006-11-16          Debra
#> 2181               5              5       355        2006-07-16         Oralie
#> 2182               3              4       534        2006-11-14      Morganica
#> 2183               4              4       444        2006-10-10           Ines
#> 2184               4              4       244        2006-07-06            Rip
#> 2185               5              5       255        2006-06-20       Rafaello
#> 2186               4              4       544        2006-11-07           Dame
#> 2187               4              4       544        2006-12-15        Diahann
#> 2188               5              2       452        2006-09-24          Smith
#> 2189               5              3       453        2006-09-29        Gerardo
#> 2190               2              2       122        2005-10-28       Demetria
#> 2191               2              2       322        2006-08-13           Duff
#> 2192               3              3       233        2006-06-06         Portie
#> 2193               1              2       512        2006-12-15       Jeannine
#> 2194               2              2       122        2006-02-27          Alika
#> 2195               2              2       322        2006-07-22           Hans
#> 2196               1              1       411        2006-08-29            Evy
#> 2197               4              5       445        2006-08-29       Papagena
#> 2198               2              2       422        2006-09-09           Gabe
#> 2199               4              4       244        2006-06-28          Lefty
#> 2200               2              4       124        2005-10-24           Gail
#> 2201               5              5       555        2006-11-09          Madel
#> 2202               2              3       123        2006-02-24       Cornelia
#> 2203               1              1       111        2005-10-12          Gayla
#> 2204               5              5       455        2006-09-09            Guy
#> 2205               5              4       254        2006-05-12           Zack
#> 2206               1              2       212        2006-05-17          Molli
#> 2207               2              3       223        2006-05-20           Roze
#> 2208               4              5       345        2006-08-17          Delly
#> 2209               1              2       112        2005-08-30         Cicily
#> 2210               5              5       355        2006-07-28           Mose
#> 2211               4              3       443        2006-09-07      Broderick
#> 2212               4              5       545        2006-10-21        Teressa
#> 2213               3              2       532        2006-11-12        Natalie
#> 2214               4              4       544        2006-12-28         Mendel
#> 2215               2              2       422        2006-10-16          Euell
#> 2216               2              2       522        2006-11-26          Katya
#> 2217               2              2       322        2006-07-22          Jessy
#> 2218               1              2       512        2006-11-10          Sherm
#> 2219               3              2       332        2006-07-29 Helenelizabeth
#> 2220               3              4       534        2006-10-18       Reinwald
#> 2221               5              3       353        2006-07-22          Pansy
#> 2222               2              3       523        2006-11-16          Ailey
#> 2223               5              5       555        2006-11-19         Lissie
#> 2224               1              1       211        2006-07-08          Angel
#> 2225               4              4       544        2006-11-07         Dallas
#> 2226               5              5       355        2006-07-28         Urbano
#> 2227               3              2       432        2006-09-22         Lorrin
#> 2228               1              1       511        2006-10-29           Alla
#> 2229               2              1       121        2006-02-18         Tanhya
#> 2230               4              4       444        2006-09-04           Cart
#> 2231               4              4       544        2006-11-13      Harriette
#> 2232               2              1       121        2005-12-02       Clarissa
#> 2233               1              1       211        2006-06-26       Hurleigh
#> 2234               5              4       454        2006-10-14         Lindie
#> 2235               2              2       422        2006-09-01       Carolyne
#> 2236               1              1       111        2005-08-10          Kylie
#> 2237               3              5       335        2006-08-18          Daven
#> 2238               4              4       144        2006-04-07        Germain
#> 2239               3              2       532        2006-10-21        Cristie
#> 2240               2              2       122        2005-09-15        Dorelia
#> 2241               1              1       311        2006-08-27         Reuben
#> 2242               5              4       554        2006-12-29         Birgit
#> 2243               5              5       355        2006-07-24          Eleen
#> 2244               1              2       112        2005-09-21         Ludwig
#> 2245               1              1       111        2006-01-16       Madeline
#> 2246               1              1       211        2006-04-21         Samson
#> 2247               2              1       521        2006-11-27         Tracey
#> 2248               4              3       443        2006-09-17          Adams
#> 2249               5              5       455        2006-10-12          Aldon
#> 2250               2              4       224        2006-06-16            Cob
#> 2251               5              4       354        2006-07-27        Deeanne
#> 2252               5              5       455        2006-09-12       Doroteya
#> 2253               1              2       312        2006-07-09          Terra
#> 2254               4              4       244        2006-07-06         Walker
#> 2255               4              2       342        2006-07-14        Renault
#> 2256               2              1       521        2006-12-06     Carol-jean
#> 2257               1              2       212        2006-06-21       Federico
#> 2258               2              4       524        2006-11-18         Prince
#> 2259               2              2       222        2006-06-03          Audie
#> 2260               5              4       454        2006-10-02        Findley
#> 2261               3              3       233        2006-06-29      Ekaterina
#> 2262               2              3       423        2006-09-02        Sargent
#> 2263               3              2       332        2006-08-01      Andriette
#> 2264               4              5       445        2006-09-11         Venita
#> 2265               1              1       211        2006-05-17        Roselin
#> 2266               5              4       554        2006-11-09       Grantley
#> 2267               3              4       334        2006-07-27       Modestia
#> 2268               5              3       453        2006-09-10          Junia
#> 2269               4              5       145        2006-03-21     Stephannie
#> 2270               4              4       444        2006-08-30        Jacklyn
#> 2271               1              1       111        2005-11-26         Dorisa
#> 2272               2              1       221        2006-05-22          Twila
#> 2273               2              2       222        2006-07-06        Filbert
#> 2274               1              1       511        2006-10-20         Danice
#> 2275               3              4       134        2005-09-03       Grantley
#> 2276               4              5       345        2006-07-09         Guenna
#> 2277               2              3       423        2006-10-03         Curtis
#> 2278               4              3       543        2006-11-14          Meier
#> 2279               2              4       424        2006-09-27         Edithe
#> 2280               2              3       423        2006-09-13          Cyndy
#> 2281               2              3       323        2006-08-06           Mick
#> 2282               1              1       111        2005-09-17         Casper
#> 2283               4              5       545        2006-11-21          Adham
#> 2284               1              1       111        2005-02-01          Drake
#> 2285               2              1       321        2006-07-09         Bartel
#> 2286               1              1       311        2006-08-16            Fae
#> 2287               5              5       555        2006-12-04         Lamond
#> 2288               4              3       143        2005-08-31          Mycah
#> 2289               3              2       532        2006-11-11         Johnny
#> 2290               4              3       543        2006-11-02        Corinne
#> 2291               5              5       555        2006-12-16      Jessamine
#> 2292               3              1       131        2005-08-23       Marcille
#> 2293               3              3       233        2006-05-13            Tad
#> 2294               1              1       211        2006-06-02         Torrin
#> 2295               5              2       552        2006-12-17           Lura
#> 2296               1              3       513        2006-12-24        Reamonn
#> 2297               3              3       333        2006-07-28            Val
#> 2298               5              5       155        2006-01-22         Renata
#> 2299               5              4       354        2006-08-08        Eduardo
#> 2300               1              2       112        2006-02-24        Phaedra
#> 2301               4              4       344        2006-07-18       Gabriell
#> 2302               2              4       424        2006-09-15          Lorie
#> 2303               1              2       312        2006-08-14         Alfons
#> 2304               4              5       445        2006-08-30       Tabbatha
#> 2305               3              3       333        2006-08-26          Robin
#> 2306               2              2       322        2006-08-10          Paolo
#> 2307               1              2       112        2006-03-09           Gaby
#> 2308               1              2       212        2006-06-30          Kayne
#> 2309               5              5       455        2006-09-21          Berne
#> 2310               4              5       545        2006-11-09          Killy
#> 2311               1              2       412        2006-10-12         Lannie
#> 2312               4              3       543        2006-11-22        Florida
#> 2313               2              3       523        2006-11-26        Joseito
#> 2314               1              1       311        2006-07-17          Yorke
#> 2315               1              1       211        2006-05-03        Maurise
#> 2316               1              1       111        2005-10-31          Raviv
#> 2317               2              1       421        2006-09-22          Avrom
#> 2318               4              4       444        2006-09-10         Shaine
#> 2319               2              2       222        2006-04-21         Grayce
#> 2320               1              2       112        2005-07-20         Errick
#> 2321               4              3       343        2006-07-16        Halette
#> 2322               2              3       523        2006-12-09        William
#> 2323               5              5       555        2006-11-30       Harwilll
#> 2324               5              4       254        2006-05-13        Rachele
#> 2325               4              5       545        2006-12-10       Terencio
#> 2326               5              5       255        2006-06-18       Josselyn
#> 2327               2              2       422        2006-08-30       Mercedes
#> 2328               1              1       311        2006-08-27       Klarrisa
#> 2329               4              3       543        2006-11-11       Dulciana
#> 2330               1              2       312        2006-08-17       Roseanna
#> 2331               1              2       112        2005-08-20        Rosetta
#> 2332               2              2       222        2006-06-30           Alix
#> 2333               5              4       254        2006-07-01       Jennifer
#> 2334               2              3       123        2006-03-18        Dolores
#> 2335               1              2       312        2006-07-16        Clayton
#> 2336               1              1       111        2005-12-26          Maure
#> 2337               2              2       322        2006-08-11           Mano
#> 2338               2              2       222        2006-06-24          Lanni
#> 2339               5              5       255        2006-06-30            Del
#> 2340               1              2       212        2006-06-28          Jeddy
#> 2341               5              4       454        2006-10-11           Cris
#> 2342               4              4       244        2006-04-18          Jessa
#> 2343               2              2       122        2005-11-09       Mathilde
#> 2344               3              3       533        2006-11-26          Fanya
#> 2345               4              5       345        2006-07-30          Angil
#> 2346               1              1       111        2005-09-08        Wrennie
#> 2347               5              5       555        2006-12-05          Dulce
#> 2348               5              5       455        2006-09-05         Kilian
#> 2349               1              3       113        2006-02-13           Alma
#> 2350               5              5       455        2006-10-15         Renado
#> 2351               1              1       511        2006-12-28          Porty
#> 2352               2              3       423        2006-09-09      Selestina
#> 2353               1              2       312        2006-08-27          Rufus
#> 2354               4              3       343        2006-08-05        Glenden
#> 2355               5              5       455        2006-09-28        Georgia
#> 2356               2              1       221        2006-06-29     Cirstoforo
#> 2357               4              4       144        2005-10-25       Thomasin
#> 2358               2              2       522        2006-12-17            Dix
#> 2359               2              4       124        2005-12-19            Lea
#> 2360               5              5       355        2006-07-30       Maryanne
#> 2361               1              1       111        2005-11-12          Denni
#> 2362               1              1       411        2006-09-07          Lance
#> 2363               2              3       123        2005-07-21           Will
#> 2364               5              4       454        2006-09-09         Marwin
#> 2365               4              4       244        2006-06-09          Dyane
#> 2366               1              2       212        2006-07-01         Dianne
#> 2367               1              1       211        2006-05-24         Jorrie
#> 2368               3              4       334        2006-08-27          Sadie
#> 2369               5              5       555        2006-12-26        Alfredo
#> 2370               2              3       323        2006-07-19         Lorena
#> 2371               2              3       223        2006-06-14         Coriss
#> 2372               4              2       542        2006-10-23         Carlos
#> 2373               1              2       412        2006-09-30         Simona
#> 2374               2              2       122        2005-09-16         Ulises
#> 2375               4              3       143        2005-11-15          Neile
#> 2376               2              4       124        2006-03-27      Meredithe
#> 2377               4              2       342        2006-07-18           Tish
#> 2378               1              2       112        2005-11-06          Holly
#> 2379               2              2       122        2005-11-20      Augustine
#> 2380               1              1       111        2005-04-20        Florrie
#> 2381               1              1       311        2006-07-20           Star
#> 2382               2              4       124        2005-12-06          Hulda
#> 2383               3              5       535        2006-11-16          Annis
#> 2384               4              3       543        2006-12-29      Cornelius
#> 2385               5              5       555        2006-12-11            Tam
#> 2386               2              4       124        2005-05-24       Celestia
#> 2387               3              3       233        2006-04-24         Rosina
#> 2388               4              5       545        2006-10-31         Emmett
#> 2389               1              1       111        2005-12-15     Claudianus
#> 2390               4              2       142        2006-01-31        Cosetta
#> 2391               3              3       233        2006-06-02       Frederic
#> 2392               2              2       222        2006-05-24            Asa
#> 2393               1              2       512        2006-11-16        Phillis
#> 2394               1              2       112        2006-01-08          Alwin
#> 2395               1              1       311        2006-08-23          Lynda
#> 2396               4              5       145        2006-01-08    Constantine
#> 2397               5              5       255        2006-05-01    Archambault
#> 2398               5              5       455        2006-09-30     Anestassia
#> 2399               2              4       324        2006-08-11        Hussein
#> 2400               4              4       444        2006-10-06        Leeanne
#> 2401               4              3       443        2006-10-14         Estele
#> 2402               3              3       533        2006-12-06       Matthias
#> 2403               4              3       443        2006-10-01       Eleanore
#> 2404               2              2       122        2006-01-27       Atalanta
#> 2405               5              5       455        2006-10-11           Noel
#> 2406               4              4       344        2006-08-24       Adelheid
#> 2407               4              5       145        2005-12-23           Lari
#> 2408               2              1       421        2006-10-06          Welsh
#> 2409               5              5       555        2006-10-29          Gusti
#> 2410               5              5       455        2006-09-19           Will
#> 2411               4              4       344        2006-08-25        Shandie
#> 2412               5              5       555        2006-10-31        Candace
#> 2413               5              4       554        2006-12-07          Naoma
#> 2414               5              5       555        2006-12-20      Standford
#> 2415               3              2       432        2006-09-23             Di
#> 2416               4              3       243        2006-05-14            Kin
#> 2417               4              4       144        2005-12-25           Curr
#> 2418               2              4       424        2006-09-18         Munroe
#> 2419               2              1       521        2006-11-18          Alene
#> 2420               5              4       354        2006-08-17      Gwendolen
#> 2421               2              3       423        2006-09-16       Rosemary
#> 2422               3              4       234        2006-04-26        Rogerio
#> 2423               2              3       123        2006-03-14          Chery
#> 2424               4              4       244        2006-06-29           Meir
#> 2425               2              1       521        2006-10-21          Grove
#> 2426               2              2       422        2006-09-19           Casi
#> 2427               1              1       111        2005-11-13         Roslyn
#> 2428               1              2       512        2006-10-23           Kyla
#> 2429               2              3       523        2006-12-11       Josselyn
#> 2430               5              3       353        2006-08-24           Bank
#> 2431               3              3       233        2006-06-09         Alvera
#> 2432               3              4       434        2006-09-27          Lewes
#> 2433               2              2       422        2006-09-10        Cirillo
#> 2434               2              1       121        2005-08-18        Bradney
#> 2435               2              3       523        2006-11-14         Quinta
#> 2436               1              1       111        2006-03-24          Allen
#> 2437               5              5       555        2006-11-27        Vincent
#> 2438               1              1       511        2006-11-27       Barnebas
#> 2439               2              2       222        2006-05-22       Courtney
#> 2440               1              1       211        2006-04-23         Griffy
#> 2441               1              2       512        2006-10-20         Correy
#> 2442               1              1       411        2006-10-12         Larina
#> 2443               5              5       155        2005-09-29         Marvin
#> 2444               2              3       323        2006-08-21            Nan
#> 2445               2              2       322        2006-08-23      Hyacinthe
#> 2446               2              3       423        2006-09-21        Trueman
#> 2447               2              2       122        2006-03-22      Theresina
#> 2448               3              2       532        2006-11-28            Law
#> 2449               2              2       122        2005-09-15         Errick
#> 2450               1              2       412        2006-08-29           Bran
#> 2451               1              1       211        2006-06-03          Raddy
#> 2452               4              5       345        2006-08-18           Dore
#> 2453               2              3       323        2006-08-23          Raven
#> 2454               4              5       345        2006-07-11         Marice
#> 2455               1              2       112        2005-10-07      Cleopatra
#> 2456               3              3       333        2006-07-28        Colline
#> 2457               3              4       234        2006-06-06           Chas
#> 2458               1              1       111        2005-07-27       Coraline
#> 2459               5              4       154        2005-10-20           Chad
#> 2460               1              1       411        2006-10-06             Hy
#> 2461               4              4       544        2006-12-09      Corrianne
#> 2462               1              2       212        2006-07-04       Fidelity
#> 2463               4              3       343        2006-08-19          Lonna
#> 2464               3              3       233        2006-05-04       Roseline
#> 2465               2              2       422        2006-10-09           Lulu
#> 2466               2              2       422        2006-09-11        Wheeler
#> 2467               4              4       444        2006-09-24         Gerrie
#> 2468               4              2       442        2006-10-16          Faina
#> 2469               5              5       255        2006-06-17           Rana
#> 2470               3              4       334        2006-08-03          Ahmad
#> 2471               1              1       111        2005-06-11         Smitty
#> 2472               4              5       545        2006-12-21        Manfred
#> 2473               5              5       555        2006-12-18      Friedrick
#> 2474               1              1       211        2006-06-15           Barn
#> 2475               4              3       543        2006-12-20           Esra
#> 2476               1              1       111        2005-08-06         Floris
#> 2477               1              3       313        2006-07-12      Francisco
#> 2478               1              2       512        2006-12-20         Lauree
#> 2479               4              5       345        2006-08-27       Krishnah
#> 2480               1              2       512        2006-11-02         Jemmie
#> 2481               3              3       433        2006-09-17          Elene
#> 2482               4              5       545        2006-11-10        Dorella
#> 2483               3              3       333        2006-08-02           Rivi
#> 2484               3              2       332        2006-07-26         Tanhya
#> 2485               3              3       233        2006-06-02       Salomone
#> 2486               4              5       545        2006-11-23         Katlin
#> 2487               2              2       422        2006-09-12         Dmitri
#> 2488               5              5       455        2006-09-17       Germaine
#> 2489               4              3       343        2006-07-28          Nicky
#> 2490               2              2       322        2006-08-23          Hynda
#> 2491               1              1       511        2006-11-03         Burtie
#> 2492               1              1       111        2005-12-28         Melisa
#> 2493               2              3       523        2006-11-23     Bernardina
#> 2494               1              1       411        2006-09-02          Berny
#> 2495               4              5       445        2006-09-18           Olav
#> 2496               1              2       312        2006-07-21          Odell
#> 2497               2              3       223        2006-06-27           Jill
#> 2498               5              5       355        2006-07-27          Leena
#> 2499               2              4       224        2006-07-05         Donnie
#> 2500               5              4       554        2006-12-10         Godard
#> 2501               4              5       345        2006-07-14          Daile
#> 2502               2              2       522        2006-11-19            Sax
#> 2503               5              5       355        2006-07-24           Lion
#> 2504               5              5       455        2006-09-30         Currey
#> 2505               2              2       422        2006-09-28         Dorise
#> 2506               1              2       112        2005-10-28        Isidoro
#> 2507               4              4       344        2006-07-18         Vannie
#> 2508               3              3       533        2006-12-26          Willy
#> 2509               4              2       242        2006-06-14         Brandi
#> 2510               1              1       111        2005-09-05        Harbert
#> 2511               2              2       322        2006-08-07        Murdock
#> 2512               2              1       521        2006-12-11          Allie
#> 2513               2              2       422        2006-10-04       Reinhold
#> 2514               4              3       543        2006-12-03          Libby
#> 2515               5              3       453        2006-08-31         Patric
#> 2516               4              4       544        2006-12-22      Heriberto
#> 2517               4              4       344        2006-08-02         Norrie
#> 2518               2              1       221        2006-06-12          Emily
#> 2519               2              3       223        2006-04-20           Kate
#> 2520               4              4       344        2006-08-26          Cinda
#> 2521               1              1       411        2006-09-07          Ewart
#> 2522               1              1       111        2005-07-18        Webster
#> 2523               4              4       144        2006-03-04           Eric
#> 2524               2              3       223        2006-04-28           Lily
#> 2525               5              5       555        2006-12-11         Loreen
#> 2526               1              1       111        2004-06-17          Deeyn
#> 2527               2              2       522        2006-10-20          Brian
#> 2528               3              1       331        2006-07-29        Orville
#> 2529               5              5       355        2006-08-22       Reinaldo
#> 2530               5              5       555        2006-11-12       Jerrylee
#> 2531               5              4       254        2006-06-23           Irma
#> 2532               3              4       534        2006-11-29           Yuri
#> 2533               2              3       523        2006-12-06          Mavis
#> 2534               1              1       211        2006-06-03         Quincy
#> 2535               4              5       245        2006-06-19         Osbert
#> 2536               3              2       132        2006-02-06          Taffy
#> 2537               5              5       255        2006-05-05      Theodoric
#> 2538               5              5       155        2005-11-19          Merry
#> 2539               2              3       123        2005-10-10          Mikol
#> 2540               5              5       555        2006-12-13          Cathy
#> 2541               5              4       154        2006-01-11            Kai
#> 2542               1              2       312        2006-08-21       Marianne
#> 2543               2              3       223        2006-06-18        Filippa
#> 2544               2              3       423        2006-09-03         Janine
#> 2545               5              3       553        2006-12-17          Cesar
#> 2546               1              1       111        2005-07-22           Pooh
#> 2547               5              5       455        2006-10-01      Goldarina
#> 2548               1              2       212        2006-05-15         Frazer
#> 2549               2              3       323        2006-07-30        Germain
#> 2550               1              1       511        2006-12-11           Noni
#> 2551               1              1       111        2005-07-13           Otto
#> 2552               4              3       443        2006-09-25          Hildy
#> 2553               2              2       122        2006-03-26          Rolph
#> 2554               2              4       524        2006-11-15         Clemmy
#> 2555               1              2       112        2006-02-03            Sim
#> 2556               5              5       155        2006-01-06         Joshia
#> 2557               1              1       411        2006-09-25        Brockie
#> 2558               1              1       211        2006-06-29           Linn
#> 2559               1              1       511        2006-11-20          Matty
#> 2560               2              3       223        2006-06-26         Martie
#> 2561               5              5       455        2006-10-16          Margo
#> 2562               5              5       455        2006-09-06           Arch
#> 2563               3              3       233        2006-05-01        Rudolfo
#> 2564               2              1       421        2006-09-14         Berrie
#> 2565               3              1       331        2006-07-13       Alasteir
#> 2566               4              3       243        2006-07-02          Ermin
#> 2567               2              3       123        2005-11-22        Caralie
#> 2568               2              3       523        2006-11-02         Barrie
#> 2569               3              2       132        2006-03-03         Shanda
#> 2570               4              2       242        2006-07-01         Sterne
#> 2571               5              4       454        2006-10-04         Hermia
#> 2572               5              5       355        2006-08-17       Sinclair
#> 2573               3              3       333        2006-08-18      Rosabella
#> 2574               2              3       223        2006-05-10          Garek
#> 2575               5              5       555        2006-11-24        Othello
#> 2576               3              2       232        2006-06-14          Wells
#> 2577               3              4       234        2006-06-01         Osmund
#> 2578               5              5       555        2006-12-02           Ethe
#> 2579               2              1       321        2006-08-02         Rhonda
#> 2580               2              3       423        2006-10-06       Jillayne
#> 2581               5              5       355        2006-08-12           Ring
#> 2582               1              2       512        2006-11-18      Ambrosius
#> 2583               5              4       454        2006-09-17        Corette
#> 2584               3              4       434        2006-09-19          Agace
#> 2585               4              3       243        2006-07-02            Erv
#> 2586               2              4       224        2006-04-13        Hillary
#> 2587               2              2       422        2006-09-03          Archy
#> 2588               4              2       442        2006-10-16          Shawn
#> 2589               3              2       432        2006-10-12          Major
#> 2590               4              5       545        2006-11-15           Dolf
#> 2591               1              1       111        2005-09-14        Brennen
#> 2592               2              3       323        2006-07-26          Lisha
#> 2593               4              4       344        2006-07-28         Kevina
#> 2594               4              4       444        2006-08-31          Emmit
#> 2595               4              5       545        2006-11-18            Ola
#> 2596               4              3       343        2006-07-21        Ardelis
#> 2597               1              1       411        2006-10-11      Maryellen
#> 2598               1              1       111        2006-03-16           Conn
#> 2599               2              1       221        2006-06-05        Cynthia
#> 2600               2              2       422        2006-10-12          Xever
#> 2601               4              3       243        2006-07-01          Bonny
#> 2602               2              2       422        2006-09-03          Dorie
#> 2603               2              4       424        2006-09-27          Erena
#> 2604               5              5       455        2006-10-12          Ruben
#> 2605               3              3       333        2006-08-16       Janeczka
#> 2606               4              4       344        2006-07-22          Perry
#> 2607               1              1       211        2006-06-10         Peadar
#> 2608               2              2       122        2005-05-16           Cher
#> 2609               1              1       211        2006-06-16         Frazer
#> 2610               2              3       323        2006-08-03         Allina
#> 2611               4              4       344        2006-08-21       Charlena
#> 2612               4              5       445        2006-10-07         Layton
#> 2613               5              5       355        2006-07-21         Jacqui
#> 2614               5              5       455        2006-09-01          Kathy
#> 2615               1              1       211        2006-06-11      Demetrius
#> 2616               3              4       434        2006-09-12       Maryjane
#> 2617               4              2       342        2006-07-17         Sharia
#> 2618               5              5       455        2006-10-05       Natassia
#> 2619               1              1       411        2006-09-23           Inna
#> 2620               1              2       512        2006-11-10          Pippy
#> 2621               4              4       244        2006-06-30       Christin
#> 2622               4              2       542        2006-10-20          Matti
#> 2623               4              4       144        2005-11-09       Salvidor
#> 2624               2              2       222        2006-06-19         Frants
#> 2625               4              5       445        2006-09-03          Randi
#> 2626               1              1       211        2006-06-12         Zilvia
#> 2627               2              2       322        2006-08-03           Pace
#> 2628               1              3       113        2005-08-18         Garrik
#> 2629               4              3       543        2006-11-26       Nataniel
#> 2630               4              3       543        2006-11-05          Kenna
#> 2631               2              2       122        2005-11-30        Ernesto
#> 2632               4              3       443        2006-10-14        Mariana
#> 2633               5              4       554        2006-10-21         Kelley
#> 2634               3              4       334        2006-07-13         Nollie
#> 2635               1              1       111        2005-11-28       Adrienne
#> 2636               4              4       544        2006-11-02       Madelene
#> 2637               3              3       333        2006-08-09     Ferdinande
#> 2638               1              1       211        2006-05-08          Brody
#> 2639               2              3       123        2006-01-11        Frasier
#> 2640               2              3       423        2006-10-02          Zelda
#> 2641               5              5       255        2006-05-06        Harland
#> 2642               5              3       453        2006-09-14           Wash
#> 2643               4              3       243        2006-07-07          Agace
#> 2644               4              3       543        2006-11-27        Ailbert
#> 2645               5              4       254        2006-06-19           Lina
#> 2646               4              4       444        2006-10-10         Blanca
#> 2647               4              5       445        2006-09-01          Leila
#> 2648               1              2       212        2006-05-02          Jeffy
#> 2649               3              3       233        2006-07-06      Cristabel
#> 2650               3              2       132        2005-09-11         Rustin
#> 2651               1              1       111        2005-05-21         Wright
#> 2652               4              1       541        2006-11-14      Nicolette
#> 2653               2              3       323        2006-07-29          Heath
#> 2654               4              3       543        2006-12-27      Thomasine
#> 2655               1              1       111        2006-04-03       Marigold
#> 2656               3              2       432        2006-09-11        Cassius
#> 2657               1              1       411        2006-09-02       Pauletta
#> 2658               4              4       544        2006-11-14      Mellicent
#> 2659               3              5       235        2006-06-30        Sibelle
#> 2660               2              1       321        2006-08-16         Aurore
#> 2661               4              3       243        2006-05-31        Alanson
#> 2662               5              5       455        2006-10-06       Donielle
#> 2663               5              4       154        2005-11-04           Noam
#> 2664               1              2       512        2006-12-21          Daven
#> 2665               1              1       411        2006-10-08          Frank
#> 2666               5              4       554        2006-10-17          Shaun
#> 2667               5              4       354        2006-08-19          Alyss
#> 2668               2              3       523        2006-11-09     Ferdinande
#> 2669               1              2       512        2006-12-28         Oliver
#> 2670               4              5       345        2006-08-25         Robbin
#> 2671               2              2       322        2006-07-25           Ward
#> 2672               3              2       132        2006-01-05          Minny
#> 2673               1              2       312        2006-08-19            Say
#> 2674               5              5       355        2006-07-10          Berti
#> 2675               3              3       433        2006-09-05          Flinn
#> 2676               1              1       211        2006-04-15         Louise
#> 2677               4              5       445        2006-09-19         Alidia
#> 2678               5              5       455        2006-09-25         Claude
#> 2679               5              5       355        2006-07-22         Barnie
#> 2680               2              4       324        2006-07-25          Rikki
#> 2681               3              4       434        2006-10-15       Bobbette
#> 2682               5              5       155        2006-02-10         Vinson
#> 2683               5              5       455        2006-09-12          Cordy
#> 2684               5              5       555        2006-11-26         Johnna
#> 2685               4              5       245        2006-04-20        Cathrin
#> 2686               2              3       323        2006-07-21        Randene
#> 2687               4              4       344        2006-08-12        Chelsae
#> 2688               5              5       555        2006-10-30       Susannah
#> 2689               3              3       433        2006-08-30         Pieter
#> 2690               1              1       511        2006-11-02            Ava
#> 2691               4              4       144        2006-02-15         Georgi
#> 2692               1              1       111        2005-09-12          Erika
#> 2693               4              4       544        2006-11-06          Logan
#> 2694               4              4       544        2006-10-28        Loraine
#> 2695               5              4       154        2005-12-03         Dianne
#> 2696               3              3       433        2006-09-10          Rowen
#> 2697               2              4       424        2006-09-01        Filmore
#> 2698               5              4       254        2006-06-20          Dorey
#> 2699               2              2       422        2006-09-29         Tammie
#> 2700               2              3       323        2006-08-08          Colan
#> 2701               5              5       355        2006-07-10       Reinaldo
#> 2702               1              2       512        2006-10-26          Angus
#> 2703               2              3       223        2006-05-13          Korry
#> 2704               4              3       543        2006-10-20        Annnora
#> 2705               4              4       244        2006-04-16          Tully
#> 2706               5              5       555        2006-11-13         Munroe
#> 2707               4              4       344        2006-08-09          Wylie
#> 2708               1              3       313        2006-08-02       Rafaello
#> 2709               1              2       212        2006-07-03          Koral
#> 2710               4              2       242        2006-04-22      Bernadene
#> 2711               1              2       112        2005-10-11       Langston
#> 2712               2              3       123        2005-09-09         Brooke
#> 2713               2              1       121        2006-02-22           Ives
#> 2714               2              3       123        2006-03-19        Tremain
#> 2715               4              4       144        2005-10-21         Yettie
#> 2716               2              2       522        2006-11-16          Wendi
#> 2717               1              1       411        2006-10-16         Sydney
#> 2718               2              3       423        2006-09-14             Vi
#> 2719               5              5       455        2006-09-21         Sawyer
#> 2720               4              5       545        2006-11-22       Thurston
#> 2721               2              4       524        2006-11-02           Orin
#> 2722               4              4       444        2006-09-30        Tiffani
#> 2723               2              3       323        2006-07-10       Courtney
#> 2724               2              3       423        2006-10-11            Ray
#> 2725               3              4       234        2006-06-06        Almeria
#> 2726               2              3       223        2006-06-12      Constance
#> 2727               1              1       111        2005-12-15         Gaelan
#> 2728               3              3       233        2006-05-15            Bee
#> 2729               2              2       422        2006-09-21      Frasquito
#> 2730               1              1       111        2006-02-01         Angeli
#> 2731               5              4       354        2006-08-20     Clementina
#> 2732               5              5       555        2006-12-15           Kirk
#> 2733               2              4       324        2006-08-14         Loydie
#> 2734               5              4       554        2006-11-10         Violet
#> 2735               1              2       412        2006-09-25        Randolf
#> 2736               3              3       233        2006-06-23        Darlene
#> 2737               2              2       422        2006-09-12         Justen
#> 2738               2              2       522        2006-11-28       Jeremiah
#> 2739               4              4       344        2006-07-27       Nicolina
#> 2740               2              2       222        2006-06-17       Sheridan
#> 2741               2              3       323        2006-07-13          Jeana
#> 2742               2              4       324        2006-07-17          Jeana
#> 2743               1              1       111        2005-07-26         Ianthe
#> 2744               1              1       111        2005-07-12       Brittney
#> 2745               2              3       523        2006-12-14        Yardley
#> 2746               2              2       322        2006-08-11          Pauli
#> 2747               1              1       411        2006-09-25         Rowena
#> 2748               1              1       111        2005-05-01      Konstance
#> 2749               1              1       111        2005-05-16         Grazia
#> 2750               4              3       543        2006-11-23        Colleen
#> 2751               4              4       344        2006-07-20     Bernardine
#> 2752               5              5       555        2006-10-21        Farrell
#> 2753               1              2       112        2005-12-05        Danella
#> 2754               4              2       242        2006-06-12          Laney
#> 2755               5              5       555        2006-12-21       Christos
#> 2756               4              4       244        2006-06-01        Caitrin
#> 2757               3              3       233        2006-05-26     Vilhelmina
#> 2758               5              5       355        2006-08-10        Harbert
#> 2759               1              1       111        2006-03-06         Taddeo
#> 2760               4              3       143        2006-01-29  Sheilakathryn
#> 2761               1              1       511        2006-10-28          Nessa
#> 2762               1              1       111        2005-08-16          Nixie
#> 2763               4              2       342        2006-07-29         Lauren
#> 2764               1              1       411        2006-10-14         Catlin
#> 2765               2              3       323        2006-08-21          Jerad
#> 2766               2              3       423        2006-10-01        Laurena
#> 2767               2              2       322        2006-07-16          Alyda
#> 2768               2              3       223        2006-05-29       Phyllida
#> 2769               4              4       344        2006-08-11        Marinna
#> 2770               3              4       434        2006-10-15          Bunni
#> 2771               4              4       344        2006-08-02        Adriane
#> 2772               3              3       133        2005-10-17         Jeromy
#> 2773               1              1       411        2006-09-28     Georgianne
#> 2774               3              3       533        2006-12-28          Orren
#> 2775               5              5       455        2006-08-30       Theadora
#> 2776               4              3       343        2006-08-23           Kele
#> 2777               2              2       322        2006-08-26           Beau
#> 2778               2              2       422        2006-09-13          Flory
#> 2779               5              5       255        2006-06-10          Kelcy
#> 2780               1              2       512        2006-10-19          Torry
#> 2781               2              2       222        2006-05-03           Sari
#> 2782               2              3       123        2005-08-04           Tobi
#> 2783               5              5       355        2006-08-10          Adara
#> 2784               1              2       412        2006-09-12       Gayelord
#> 2785               1              2       512        2006-11-02          Jacky
#> 2786               4              3       543        2006-12-05        Trenton
#> 2787               5              5       555        2006-10-23          Willa
#> 2788               3              4       134        2005-10-28           Erny
#> 2789               1              1       211        2006-05-09       Cathrine
#> 2790               5              4       454        2006-09-23      Florentia
#> 2791               1              1       111        2006-03-08          Staci
#> 2792               2              2       122        2005-09-15           Wait
#> 2793               4              5       445        2006-10-07         Raquel
#> 2794               5              5       455        2006-10-01      Bette-ann
#> 2795               5              5       555        2006-11-13          Ginny
#> 2796               4              4       544        2006-12-05       Josselyn
#> 2797               1              2       312        2006-08-19            Ann
#> 2798               1              1       111        2005-10-12      Rafaellle
#> 2799               2              3       323        2006-08-20           Etti
#> 2800               5              4       254        2006-05-30         Selena
#> 2801               2              1       221        2006-04-27        Krishna
#> 2802               4              4       544        2006-11-06         Pierce
#> 2803               4              4       344        2006-08-10         Sancho
#> 2804               5              5       555        2006-12-26        Obidiah
#> 2805               4              5       145        2006-01-05        Neville
#> 2806               2              2       422        2006-09-09         Antone
#> 2807               2              2       422        2006-09-18        Rickert
#> 2808               3              2       332        2006-08-20         Danika
#> 2809               1              2       212        2006-05-21          Teddi
#> 2810               2              2       322        2006-08-09            Clo
#> 2811               5              5       355        2006-08-13        Valerie
#> 2812               5              5       355        2006-08-05         Earlie
#> 2813               1              1       311        2006-08-01      Priscilla
#> 2814               4              4       544        2006-10-29       Silvanus
#> 2815               5              5       355        2006-07-21          Addia
#> 2816               5              4       454        2006-09-28         Hector
#> 2817               5              5       355        2006-08-08           Dale
#> 2818               2              2       122        2005-12-11        Margery
#> 2819               2              3       123        2006-01-10         Moritz
#> 2820               5              5       455        2006-09-15          Charo
#> 2821               4              5       145        2006-02-05        Gallard
#> 2822               4              5       545        2006-11-06       Eustacia
#> 2823               5              5       355        2006-07-16           Milt
#> 2824               4              4       444        2006-10-08      Reinaldos
#> 2825               5              5       555        2006-10-20         Dickie
#> 2826               1              2       412        2006-09-18         Tamara
#> 2827               3              2       332        2006-08-08          Blake
#> 2828               5              4       254        2006-07-03          Sherm
#> 2829               1              2       312        2006-07-15        Darleen
#> 2830               1              3       113        2005-07-29          Meryl
#> 2831               5              5       255        2006-05-31          Karly
#> 2832               3              2       532        2006-11-22        Lorette
#> 2833               2              3       123        2006-01-23        Corabel
#> 2834               3              3       333        2006-08-21           Jill
#> 2835               5              5       455        2006-10-13       Marjorie
#> 2836               1              2       412        2006-09-01        Delcine
#> 2837               4              2       242        2006-06-21        Natalie
#> 2838               5              5       155        2005-10-30            Ody
#> 2839               2              2       122        2006-03-26         Sonnie
#> 2840               1              1       211        2006-04-11         Myrtle
#> 2841               4              2       242        2006-06-02        Amandie
#> 2842               3              3       133        2005-11-06          Norri
#> 2843               2              4       324        2006-08-22         Vivyan
#> 2844               3              4       334        2006-07-22           Ilka
#> 2845               3              4       534        2006-12-12         Averil
#> 2846               4              4       244        2006-06-25          Nedda
#> 2847               5              5       555        2006-10-24        Emogene
#> 2848               3              4       334        2006-07-09          Sacha
#> 2849               4              5       245        2006-06-24          Louie
#> 2850               5              4       254        2006-05-29          Edith
#> 2851               2              3       423        2006-09-27           Hugh
#> 2852               1              3       113        2005-10-20        Teodora
#> 2853               2              3       423        2006-09-08          Melly
#> 2854               5              4       454        2006-09-07         Marnie
#> 2855               1              1       111        2006-02-05           Yoko
#> 2856               5              5       555        2006-11-30           Alia
#> 2857               4              4       444        2006-09-23          Amory
#> 2858               4              4       444        2006-09-22          Ambur
#> 2859               4              3       343        2006-07-22     Antoinette
#> 2860               5              5       455        2006-09-22       Meridith
#> 2861               1              2       312        2006-07-30          Jaine
#> 2862               5              5       155        2006-04-09       Angelico
#> 2863               4              4       544        2006-10-17          Cathy
#> 2864               2              4       424        2006-09-03           Fina
#> 2865               2              3       523        2006-10-25           Ruby
#> 2866               1              1       111        2005-03-20         Kettie
#> 2867               2              1       421        2006-09-14        Ingunna
#> 2868               2              4       124        2006-01-28          Madge
#> 2869               4              3       243        2006-06-13        Louella
#> 2870               3              2       532        2006-11-08       Gertrude
#> 2871               2              3       423        2006-09-09          Dasha
#> 2872               1              2       512        2006-12-16          Natty
#> 2873               4              2       342        2006-08-10       Julietta
#> 2874               4              3       243        2006-06-01        Gerrard
#> 2875               1              2       112        2005-10-26          Reine
#> 2876               1              3       213        2006-05-18       Isabella
#> 2877               1              1       311        2006-08-18            Dud
#> 2878               5              5       555        2006-11-04          Leone
#> 2879               2              1       221        2006-07-06           Barr
#> 2880               3              3       433        2006-08-31         Karlyn
#> 2881               1              1       311        2006-08-25          Karel
#> 2882               2              2       522        2006-10-27            Lin
#> 2883               1              1       211        2006-06-30           Will
#> 2884               5              5       355        2006-07-22        Hedvige
#> 2885               1              1       511        2006-12-01          Marlo
#> 2886               2              4       224        2006-06-21         Hailee
#> 2887               4              4       244        2006-06-05           Sara
#> 2888               2              2       322        2006-07-22           Jany
#> 2889               4              4       544        2006-10-26          Megan
#> 2890               4              3       443        2006-09-11         Walton
#> 2891               5              5       555        2006-12-08       Kirsteni
#> 2892               5              4       554        2006-12-19          Hanny
#> 2893               4              4       444        2006-09-06       Berkeley
#> 2894               1              2       112        2005-12-06         Ailina
#> 2895               2              3       223        2006-07-07          Aldon
#> 2896               1              1       211        2006-06-09       Berenice
#> 2897               5              5       555        2006-11-21    Constantine
#> 2898               5              5       255        2006-04-24        Everett
#> 2899               2              5       225        2006-05-24         Elisha
#> 2900               5              5       355        2006-07-18          Jerad
#> 2901               3              3       133        2005-08-01          Penny
#> 2902               2              2       522        2006-10-29          Pippy
#> 2903               1              1       111        2006-04-04          Aidan
#> 2904               1              1       311        2006-07-11          Katey
#> 2905               5              5       455        2006-09-22     Christiane
#> 2906               4              4       344        2006-07-16         Weidar
#> 2907               3              2       532        2006-11-12       Sheppard
#> 2908               5              5       555        2006-11-09         Lucila
#> 2909               1              1       411        2006-10-05       Sergeant
#> 2910               5              5       555        2006-12-14        Darnall
#> 2911               4              4       344        2006-07-10           Fern
#> 2912               2              3       123        2005-11-09          Lyndy
#> 2913               4              3       443        2006-10-09     Christophe
#> 2914               4              4       344        2006-07-15          Allys
#> 2915               1              1       311        2006-07-25        Melanie
#> 2916               2              3       223        2006-07-06          Cammy
#> 2917               1              1       111        2005-11-12          Cayla
#> 2918               4              3       143        2006-01-13         Margit
#> 2919               1              4       514        2006-11-07        Esteban
#> 2920               1              1       211        2006-06-05           Ciro
#> 2921               4              4       144        2006-01-08          Denny
#> 2922               2              2       122        2006-01-15         Reagan
#> 2923               1              2       312        2006-07-21          Herta
#> 2924               3              3       233        2006-06-06         Tybalt
#> 2925               2              4       224        2006-05-02          Casie
#> 2926               2              1       521        2006-11-28         Shaine
#> 2927               3              2       432        2006-09-13       Isabella
#> 2928               4              5       245        2006-06-01          Clywd
#> 2929               4              4       444        2006-09-28         Clarie
#> 2930               4              4       444        2006-09-29       Michelle
#> 2931               2              3       423        2006-10-12          Alisa
#> 2932               4              4       344        2006-08-04          Dalia
#> 2933               4              5       445        2006-09-06        Bertine
#> 2934               2              3       323        2006-07-19         Celine
#> 2935               2              1       321        2006-08-24          Alida
#> 2936               1              1       311        2006-08-01          Jeffy
#> 2937               4              4       244        2006-05-20        Cissiee
#> 2938               5              5       255        2006-06-04         Wilbur
#> 2939               1              2       212        2006-05-31           Lana
#> 2940               2              4       424        2006-09-12          Gusty
#> 2941               1              2       412        2006-10-14          Jocko
#> 2942               1              2       412        2006-10-03          Ashil
#> 2943               2              2       122        2006-02-02        Dalenna
#> 2944               1              1       111        2006-03-11          Shane
#> 2945               5              5       255        2006-05-23       Magdalen
#> 2946               1              3       413        2006-10-03        Marleen
#> 2947               1              3       413        2006-09-24        Amerigo
#> 2948               1              1       111        2005-11-09       Whitaker
#> 2949               2              3       223        2006-06-05           Lulu
#> 2950               3              4       534        2006-12-22        Enrique
#> 2951               5              5       555        2006-12-05    Constantina
#> 2952               5              5       555        2006-11-04        Fidelio
#> 2953               2              2       222        2006-04-11          Maiga
#> 2954               4              4       144        2006-01-10          Petra
#> 2955               3              3       333        2006-08-14           Drew
#> 2956               2              3       423        2006-09-07          Julee
#> 2957               1              1       111        2005-11-04         Vasily
#> 2958               1              1       311        2006-07-20        Pandora
#> 2959               2              1       321        2006-07-25          Bordy
#> 2960               1              2       112        2005-12-24        Annalee
#> 2961               2              1       521        2006-10-20          Rodge
#> 2962               2              4       324        2006-08-12     Christabel
#> 2963               5              5       255        2006-06-24           Elke
#> 2964               1              2       312        2006-07-17           Liza
#> 2965               5              5       455        2006-08-29          Flore
#> 2966               5              5       255        2006-06-09         Fraser
#> 2967               4              3       143        2006-04-07          Reade
#> 2968               2              1       221        2006-07-08          Lewes
#> 2969               2              2       122        2005-09-21      Constanta
#> 2970               4              4       244        2006-06-29          Karyn
#> 2971               5              5       355        2006-08-20         Thorny
#> 2972               3              3       533        2006-12-10         Xavier
#> 2973               2              1       121        2005-12-18          Sybil
#> 2974               5              5       455        2006-10-01           Jule
#> 2975               2              3       123        2005-10-03          Gaile
#> 2976               5              5       255        2006-04-29          Matty
#> 2977               4              4       344        2006-08-26        Lorelle
#> 2978               5              4       354        2006-07-30         Reagan
#> 2979               3              5       435        2006-09-15         Marnia
#> 2980               2              4       524        2006-10-18         Alanah
#> 2981               1              1       211        2006-06-22            Hew
#> 2982               3              4       534        2006-12-07         Oralee
#> 2983               5              5       555        2006-10-25          Minni
#> 2984               4              4       544        2006-10-17            Cob
#> 2985               1              2       512        2006-11-17           Joey
#> 2986               5              5       555        2006-11-23       Nannette
#> 2987               4              4       144        2005-09-15          Allin
#> 2988               2              1       521        2006-11-28         Burlie
#> 2989               2              3       323        2006-07-18        Haslett
#> 2990               5              5       455        2006-09-19          Lydon
#> 2991               4              4       444        2006-10-05          Court
#> 2992               4              4       244        2006-05-31         Portia
#> 2993               5              4       454        2006-09-06         Renato
#> 2994               2              3       223        2006-05-04        Amalita
#> 2995               2              3       323        2006-08-28         Halsey
#> 2996               1              1       511        2006-11-10         Wendye
#> 2997               2              2       322        2006-08-06       Scarlett
#> 2998               4              5       245        2006-04-24        Phillip
#> 2999               2              1       321        2006-08-10          Reese
#> 3000               4              3       243        2006-06-26          Wally
#> 3001               1              1       411        2006-09-12         Lilias
#> 3002               2              2       322        2006-07-30        Darrell
#> 3003               5              5       355        2006-07-14     Michaelina
#> 3004               1              1       511        2006-12-27         Ruthie
#> 3005               5              4       254        2006-05-31          Janis
#> 3006               5              5       255        2006-06-07       Lauralee
#> 3007               4              4       344        2006-07-11         Persis
#> 3008               3              3       133        2005-10-12          Edsel
#> 3009               5              5       555        2006-11-11           Kaja
#> 3010               2              4       124        2006-02-10           Kain
#> 3011               2              2       322        2006-07-21        Freddie
#> 3012               3              5       235        2006-06-27      Magdalene
#> 3013               2              1       421        2006-09-07         Faydra
#> 3014               2              2       222        2006-04-20            Zeb
#> 3015               5              4       354        2006-08-27          Dacie
#> 3016               4              3       143        2006-04-10          Solly
#> 3017               4              5       345        2006-08-28       Jesselyn
#> 3018               5              5       255        2006-06-16         Aguste
#> 3019               2              1       421        2006-09-12          Norry
#> 3020               2              2       222        2006-06-01        Mahmoud
#> 3021               2              1       221        2006-06-14          Meggi
#> 3022               3              3       133        2005-08-28       Theobald
#> 3023               3              4       234        2006-06-25        Russell
#> 3024               5              5       555        2006-11-13        Fremont
#> 3025               5              5       155        2005-12-14        Leupold
#> 3026               5              5       555        2006-10-19         Danell
#> 3027               1              1       211        2006-07-05         Almeda
#> 3028               1              1       511        2006-12-21         Salome
#> 3029               1              1       211        2006-06-27        Kerstin
#> 3030               4              5       445        2006-09-03           Levi
#> 3031               4              2       442        2006-09-27        Gustavo
#> 3032               5              5       255        2006-05-24           Pate
#> 3033               5              5       455        2006-09-26        Roseann
#> 3034               1              1       111        2005-10-10        Danette
#> 3035               1              1       411        2006-10-04         Rosina
#> 3036               2              1       521        2006-11-08         Isabel
#> 3037               2              1       521        2006-11-01        Rozella
#> 3038               2              4       324        2006-08-22           Lora
#> 3039               1              3       513        2006-11-21       Ortensia
#> 3040               1              3       113        2006-04-09         Paloma
#> 3041               1              1       211        2006-07-08         Karlee
#> 3042               2              2       422        2006-09-06         Sawyer
#> 3043               4              4       244        2006-06-01         Wallas
#> 3044               1              1       111        2005-11-04         Pieter
#> 3045               4              4       444        2006-09-20          Darin
#> 3046               3              3       233        2006-06-16           Nina
#> 3047               2              4       224        2006-06-15            Dot
#> 3048               2              3       123        2006-03-27         Jacobo
#> 3049               4              4       444        2006-09-12            Meg
#> 3050               1              1       111        2006-04-06         Carley
#> 3051               3              3       433        2006-09-13         Woodie
#> 3052               1              3       413        2006-10-13        Raymond
#> 3053               2              4       324        2006-08-07        Sidoney
#> 3054               2              3       523        2006-10-20         Patten
#> 3055               5              2       152        2006-04-05        Florina
#> 3056               5              5       455        2006-10-09          Conni
#> 3057               1              1       111        2005-07-22   Lorettalorna
#> 3058               1              1       111        2006-03-21          Scott
#> 3059               4              4       444        2006-09-05        Steward
#> 3060               5              5       355        2006-08-26        Bernice
#> 3061               2              2       122        2005-11-10          Felic
#> 3062               1              1       511        2006-11-27         Maddie
#> 3063               4              4       444        2006-09-09           Flor
#> 3064               1              1       111        2006-01-26          Nonah
#> 3065               4              3       443        2006-09-30         Karlyn
#> 3066               3              3       233        2006-05-18            Ray
#> 3067               1              1       111        2005-12-09       Margaret
#> 3068               4              3       143        2006-04-08         Elwood
#> 3069               1              1       411        2006-10-04          Diana
#> 3070               1              2       212        2006-05-19        Diahann
#> 3071               4              3       143        2006-02-22      Stanislas
#> 3072               4              4       444        2006-10-13          Reggy
#> 3073               4              4       544        2006-11-08           Leda
#> 3074               3              3       233        2006-06-03          Celle
#> 3075               5              4       254        2006-07-04       Barnabas
#> 3076               4              2       542        2006-12-27        Koressa
#> 3077               3              3       433        2006-10-10         Toddie
#> 3078               2              3       323        2006-08-26          Prudy
#> 3079               5              5       555        2006-12-20         Eunice
#> 3080               3              3       333        2006-08-21      Florentia
#> 3081               1              1       111        2005-05-20         Elisha
#> 3082               1              1       111        2005-05-12          Traci
#> 3083               4              5       145        2006-03-07       Dominick
#> 3084               5              5       355        2006-07-26             Ev
#> 3085               4              4       344        2006-08-09        Julissa
#> 3086               4              4       344        2006-08-20          Gayle
#> 3087               4              4       544        2006-11-04        Arabela
#> 3088               4              2       542        2006-10-19       Claudell
#> 3089               2              1       521        2006-10-19         Forest
#> 3090               2              4       324        2006-07-24           Bill
#> 3091               5              4       354        2006-07-20          Stace
#> 3092               1              2       212        2006-06-09         Davina
#> 3093               1              1       211        2006-07-08           Dino
#> 3094               1              3       313        2006-07-30       Papagena
#> 3095               2              3       123        2005-12-20         Aldous
#> 3096               1              2       212        2006-06-07        Bridget
#> 3097               4              3       543        2006-11-23         Adrian
#> 3098               4              4       544        2006-11-27          Mayne
#> 3099               4              5       445        2006-09-05         Fields
#> 3100               3              5       235        2006-06-25         Perkin
#> 3101               4              3       543        2006-10-17        Darlene
#> 3102               4              5       445        2006-10-04           Maxi
#> 3103               3              2       132        2006-03-22           Clim
#> 3104               1              1       111        2005-10-02        Loralyn
#> 3105               3              2       232        2006-04-21           Vale
#> 3106               5              3       353        2006-08-25          Fanya
#> 3107               2              3       123        2006-04-07        Wilfred
#> 3108               3              3       233        2006-05-22          Alexa
#> 3109               5              5       255        2006-07-08         Inessa
#> 3110               2              2       322        2006-08-12      Geraldine
#> 3111               5              5       155        2005-11-14      Heriberto
#> 3112               4              3       343        2006-07-27        Bertine
#> 3113               2              1       521        2006-11-16        Emelita
#> 3114               4              4       544        2006-11-06         Willyt
#> 3115               5              4       454        2006-09-17         Pierre
#> 3116               2              3       123        2006-02-06            Nat
#> 3117               4              3       443        2006-09-22        Gearalt
#> 3118               1              1       111        2005-10-04           Cale
#> 3119               4              5       545        2006-10-18          Herta
#> 3120               5              5       555        2006-11-04       Darlleen
#> 3121               5              4       554        2006-10-19         Emlynn
#> 3122               3              3       433        2006-10-02         Claude
#> 3123               1              1       111        2005-11-14         Irving
#> 3124               2              2       322        2006-08-20           Ewan
#> 3125               1              2       312        2006-07-24           Tate
#> 3126               2              2       522        2006-12-08           Rita
#> 3127               5              4       454        2006-09-24         Royall
#> 3128               1              2       512        2006-12-05       Eugenius
#> 3129               2              3       423        2006-09-04          Karee
#> 3130               1              1       311        2006-08-11       Nataniel
#> 3131               5              5       255        2006-06-06          Bessy
#> 3132               1              1       311        2006-08-26          Blair
#> 3133               1              2       312        2006-08-01         Delmer
#> 3134               4              3       343        2006-07-15           Izak
#> 3135               1              1       111        2006-02-15           Faye
#> 3136               4              4       544        2006-10-24         Cullin
#> 3137               2              2       122        2006-02-20         Shayne
#> 3138               1              2       512        2006-11-06          Ebony
#> 3139               2              3       123        2006-03-18        Julissa
#> 3140               5              5       355        2006-08-25        Guthrie
#> 3141               3              3       533        2006-11-09         Pattin
#> 3142               4              4       344        2006-08-15        Mallory
#> 3143               1              1       211        2006-05-16          April
#> 3144               3              2       432        2006-10-02           Conn
#> 3145               2              1       321        2006-08-11          Dyann
#> 3146               3              2       232        2006-05-07      Augustine
#> 3147               2              1       221        2006-05-21            Bel
#> 3148               2              2       322        2006-08-24           Lief
#> 3149               1              2       312        2006-07-21          Tamar
#> 3150               1              1       111        2005-07-01           Zane
#> 3151               5              4       354        2006-08-15        Jenilee
#> 3152               2              2       422        2006-09-27            Bev
#> 3153               2              1       221        2006-04-25        Isadora
#> 3154               4              4       344        2006-08-22          Hatty
#> 3155               1              1       111        2006-04-07          Nelli
#> 3156               1              1       111        2006-01-20          Welsh
#> 3157               1              1       511        2006-12-13         Jorrie
#> 3158               2              2       222        2006-04-19          Raina
#> 3159               4              5       345        2006-07-24         Janice
#> 3160               2              4       524        2006-11-13         Dillon
#> 3161               4              3       443        2006-10-11           Rock
#> 3162               3              2       132        2006-02-22           Jule
#> 3163               4              4       344        2006-07-29        Melisse
#> 3164               1              2       212        2006-06-12           Cash
#> 3165               1              3       413        2006-09-16           Mela
#> 3166               2              2       122        2005-12-16          Clare
#> 3167               3              3       433        2006-09-05        Shelden
#> 3168               4              3       243        2006-06-30           Earl
#> 3169               1              2       112        2005-05-01         Moreen
#> 3170               5              5       255        2006-05-24       Schuyler
#> 3171               1              1       111        2005-09-08           Alys
#> 3172               4              4       344        2006-08-23          Garry
#> 3173               3              2       332        2006-08-08        Stephen
#> 3174               1              1       411        2006-09-20          Joice
#> 3175               2              1       421        2006-09-06         Roanna
#> 3176               3              2       232        2006-07-03          Kitti
#> 3177               2              2       422        2006-08-30          Paulo
#> 3178               4              4       544        2006-12-05          Spike
#> 3179               3              3       533        2006-11-20    Archambault
#> 3180               3              4       134        2006-03-31          Ilene
#> 3181               4              3       243        2006-05-10        Veradis
#> 3182               5              4       454        2006-09-03           Maxy
#> 3183               2              3       523        2006-11-11        Everard
#> 3184               1              1       111        2005-08-31            Una
#> 3185               5              3       553        2006-12-21          Archy
#> 3186               1              2       212        2006-04-16           Mile
#> 3187               2              2       322        2006-08-07      Zacharias
#> 3188               1              1       311        2006-08-01         Ramsay
#> 3189               2              4       524        2006-12-24       Clotilda
#> 3190               4              4       244        2006-06-01           Jojo
#> 3191               3              3       233        2006-06-01         Leslie
#> 3192               5              5       555        2006-10-25         Corrie
#> 3193               4              5       345        2006-07-25        Leodora
#> 3194               1              2       112        2005-11-08          Rurik
#> 3195               4              3       543        2006-12-19        Ariadne
#> 3196               2              4       524        2006-12-02        Rickert
#> 3197               4              2       442        2006-09-13          Euell
#> 3198               5              5       555        2006-11-06         Ashton
#> 3199               3              2       432        2006-09-24        Vaughan
#> 3200               2              2       222        2006-06-02         Andria
#> 3201               1              2       212        2006-05-17        Raphael
#> 3202               2              3       423        2006-09-16         Keelby
#> 3203               4              4       144        2005-12-18        Latisha
#> 3204               1              2       112        2006-04-09           Bill
#> 3205               2              3       223        2006-05-29           Clay
#> 3206               3              5       435        2006-09-09         Duncan
#> 3207               1              1       111        2005-11-18           Derk
#> 3208               1              1       211        2006-04-22           Irma
#> 3209               5              5       255        2006-07-04           Adda
#> 3210               4              4       344        2006-08-01       Kerianne
#> 3211               4              5       245        2006-06-14          Alene
#> 3212               1              1       211        2006-05-30        Raymund
#> 3213               1              1       311        2006-08-11          Basia
#> 3214               5              5       455        2006-09-03           Rosy
#> 3215               2              1       321        2006-07-19          Wynne
#> 3216               4              4       544        2006-12-25          Alain
#> 3217               3              3       333        2006-07-17            Bil
#> 3218               5              5       555        2006-12-18      Frederica
#> 3219               2              2       122        2005-11-15           Rica
#> 3220               4              5       345        2006-07-13        Gisella
#> 3221               1              1       411        2006-09-25         Aldous
#> 3222               4              4       144        2006-03-27          Chaim
#> 3223               5              5       355        2006-07-31          Byran
#> 3224               4              4       544        2006-11-11        Juanita
#> 3225               1              1       111        2005-11-29         Tracey
#> 3226               2              3       423        2006-09-12          Tasha
#> 3227               4              5       445        2006-09-29      Ellsworth
#> 3228               3              4       534        2006-10-23          Reube
#> 3229               1              1       311        2006-08-25         Jeffie
#> 3230               3              4       434        2006-09-27           Niki
#> 3231               1              1       311        2006-08-22         Angelo
#> 3232               2              2       222        2006-04-22         Claire
#> 3233               5              5       555        2006-11-10          Andee
#> 3234               5              5       255        2006-06-08          Corey
#> 3235               1              1       211        2006-04-21           Sara
#> 3236               4              4       244        2006-05-01       Ingeborg
#> 3237               5              5       455        2006-09-20            Gar
#> 3238               2              2       522        2006-12-22           Burk
#> 3239               4              5       345        2006-07-31        Raleigh
#> 3240               4              5       545        2006-12-26            Dov
#> 3241               4              2       442        2006-10-04        Yoshiko
#> 3242               3              3       333        2006-08-06          Leena
#> 3243               5              5       255        2006-06-04        Filmore
#> 3244               1              2       412        2006-10-05          Tessi
#> 3245               1              1       311        2006-08-09          Allie
#> 3246               5              4       354        2006-08-09        Aurthur
#> 3247               2              3       423        2006-10-04          Ilyse
#> 3248               5              5       355        2006-08-25          Lanae
#> 3249               1              2       512        2006-11-28          Daven
#> 3250               1              2       112        2005-05-02    Constantina
#> 3251               2              4       224        2006-05-02         Ingmar
#> 3252               1              1       211        2006-05-13         Alysia
#> 3253               1              1       311        2006-07-29        Gallard
#> 3254               2              2       322        2006-08-16       Gregorio
#> 3255               4              4       244        2006-05-27      Christian
#> 3256               5              5       255        2006-06-02         Osgood
#> 3257               4              4       244        2006-06-17           Olav
#> 3258               4              5       445        2006-09-06         Morton
#> 3259               2              2       322        2006-07-25          Laina
#> 3260               5              5       355        2006-07-11        Matthus
#> 3261               3              4       334        2006-07-30         Dyanne
#> 3262               4              5       545        2006-10-21         Benson
#> 3263               5              4       554        2006-12-09          Randy
#> 3264               2              2       522        2006-12-23         Keenan
#> 3265               5              5       555        2006-11-23         Athena
#> 3266               2              4       224        2006-04-12        Russell
#> 3267               1              1       211        2006-04-17       Lauralee
#> 3268               1              2       212        2006-04-22         Saudra
#> 3269               2              2       422        2006-09-09          Shaun
#> 3270               1              1       511        2006-11-30         Edithe
#> 3271               4              3       143        2005-11-07      Madeleine
#> 3272               5              5       355        2006-08-23        Jermain
#> 3273               2              3       423        2006-09-29          Daffy
#> 3274               2              3       423        2006-10-03           Arda
#> 3275               3              4       234        2006-07-07         Susann
#> 3276               2              1       321        2006-08-05     Christiano
#> 3277               1              1       311        2006-08-05       Penelopa
#> 3278               4              4       544        2006-12-02          Meryl
#> 3279               4              3       343        2006-07-29      Sallyanne
#> 3280               5              4       354        2006-08-28         Enrika
#> 3281               1              1       411        2006-09-04       Patricio
#> 3282               2              2       122        2005-10-03      Christyna
#> 3283               1              2       112        2005-11-22        Lucinda
#> 3284               4              3       443        2006-09-24       Cathleen
#> 3285               2              2       222        2006-06-05          Bamby
#> 3286               1              1       111        2005-08-29        Suellen
#> 3287               5              5       555        2006-10-23        Valenka
#> 3288               5              4       254        2006-06-24          Ivett
#> 3289               2              2       222        2006-06-05           Amye
#> 3290               2              2       422        2006-10-15         Linnea
#> 3291               3              2       332        2006-07-20          Ettie
#> 3292               4              2       242        2006-06-17     Sutherland
#> 3293               4              2       442        2006-09-04         Wendel
#> 3294               1              3       213        2006-05-28         Norina
#> 3295               2              2       422        2006-09-08         Ericka
#> 3296               1              1       311        2006-07-31       Giuditta
#> 3297               4              4       144        2006-02-19           Lona
#> 3298               5              4       454        2006-10-03        Solomon
#> 3299               5              5       555        2006-11-27        Marylou
#> 3300               1              1       311        2006-08-05        Agustin
#> 3301               5              5       555        2006-11-10         Peggie
#> 3302               1              1       211        2006-06-27       Courtnay
#> 3303               4              2       542        2006-11-21       Analiese
#> 3304               5              3       553        2006-10-26        Margret
#> 3305               3              3       233        2006-07-01          Filia
#> 3306               1              2       512        2006-11-19           West
#> 3307               1              1       211        2006-05-29        Othella
#> 3308               2              2       422        2006-09-25           Bryn
#> 3309               5              5       155        2006-01-06           Lynn
#> 3310               1              1       111        2006-02-09        Damaris
#> 3311               1              2       312        2006-08-26          Hanni
#> 3312               2              2       422        2006-09-14         Bordie
#> 3313               5              4       354        2006-08-28        Othella
#> 3314               1              2       412        2006-09-06    Bartholomew
#> 3315               1              1       111        2005-09-16        Sybille
#> 3316               2              3       223        2006-07-02          Sybyl
#> 3317               2              1       221        2006-06-21         Jdavie
#> 3318               4              4       444        2006-09-30         Sander
#> 3319               1              1       311        2006-07-25          Marne
#> 3320               2              2       222        2006-05-13          Shaun
#> 3321               4              4       444        2006-10-01         Felice
#> 3322               3              5       135        2006-03-31          Lenna
#> 3323               3              3       333        2006-07-20           Akim
#> 3324               1              1       411        2006-10-08          Tobey
#> 3325               1              1       511        2006-10-19         Dillon
#> 3326               1              2       512        2006-10-24         Xavier
#> 3327               4              5       545        2006-10-23           Noel
#> 3328               3              2       432        2006-09-16          Maggi
#> 3329               4              3       143        2005-08-21      Rosalinde
#> 3330               5              5       455        2006-09-19           Arni
#> 3331               4              5       245        2006-05-13       Gilligan
#> 3332               5              5       255        2006-07-03          Gerty
#> 3333               2              4       424        2006-09-08         Benita
#> 3334               4              3       443        2006-08-31          Holly
#> 3335               4              4       244        2006-06-01          Piotr
#> 3336               2              3       123        2006-03-18         Marina
#> 3337               1              2       112        2005-11-02       Marcille
#> 3338               5              5       555        2006-11-05        Joshuah
#> 3339               4              5       145        2005-11-03         Kasper
#> 3340               3              3       333        2006-08-16          Raine
#> 3341               1              1       311        2006-08-26          Jyoti
#> 3342               4              4       344        2006-08-19         Simeon
#> 3343               5              5       255        2006-05-12           Luis
#> 3344               1              2       312        2006-07-15         Travis
#> 3345               5              5       555        2006-12-23         Lolita
#> 3346               1              1       511        2006-12-21          Lanie
#> 3347               2              2       122        2005-09-29           Roth
#> 3348               2              4       224        2006-05-29          Grata
#> 3349               4              5       545        2006-10-18           Rubi
#> 3350               4              5       445        2006-09-01        Marline
#> 3351               3              2       132        2006-03-17            Sol
#> 3352               5              5       555        2006-11-11         Regina
#> 3353               2              1       421        2006-10-03     Bernardina
#> 3354               2              2       222        2006-05-19          Jorie
#> 3355               2              3       123        2005-10-05           Doug
#> 3356               2              1       521        2006-11-18            Job
#> 3357               4              5       245        2006-06-20       Teresita
#> 3358               1              2       212        2006-07-08         Blinni
#> 3359               2              2       522        2006-12-13          Svend
#> 3360               2              3       423        2006-09-30        Terrell
#> 3361               4              4       144        2006-02-05          Edmon
#> 3362               1              1       211        2006-06-30        Hussein
#> 3363               4              4       244        2006-04-30         Rachel
#> 3364               3              3       133        2005-10-09       Harriett
#> 3365               5              5       455        2006-09-24          Brent
#> 3366               5              5       455        2006-09-01         Devlin
#> 3367               3              4       234        2006-07-03         Vannie
#> 3368               1              2       412        2006-09-24         Spense
#> 3369               4              4       344        2006-08-14       Beverley
#> 3370               2              4       524        2006-12-09           Pier
#> 3371               4              4       244        2006-07-02          Denna
#> 3372               5              5       355        2006-07-27        Jessika
#> 3373               1              1       111        2005-06-01         Karlen
#> 3374               5              5       255        2006-06-26         Britta
#> 3375               4              5       245        2006-06-29         Sabine
#> 3376               2              2       222        2006-06-04         Wilone
#> 3377               5              4       454        2006-09-17        Herrick
#> 3378               1              2       512        2006-12-13       Adrianne
#> 3379               3              3       233        2006-04-12         Alanna
#> 3380               2              3       123        2005-11-28    Jackqueline
#> 3381               2              3       223        2006-05-24         Fredia
#> 3382               5              4       454        2006-09-21         Andrus
#> 3383               2              2       522        2006-10-27          Aldis
#> 3384               1              1       311        2006-07-27          Debee
#> 3385               2              4       424        2006-09-14        Merrile
#> 3386               1              1       311        2006-07-13         Gabbie
#> 3387               4              5       345        2006-08-22        Kerrill
#> 3388               2              3       323        2006-07-19            Ara
#> 3389               1              2       112        2005-12-07         Mervin
#> 3390               1              1       111        2005-11-19        Bellina
#> 3391               3              2       532        2006-12-15          Leola
#> 3392               2              4       424        2006-10-12       Reinhold
#> 3393               2              3       323        2006-07-26       Parsifal
#> 3394               5              5       555        2006-10-18        Matilda
#> 3395               3              3       433        2006-10-02      Aleksandr
#> 3396               1              3       113        2006-02-09          Conni
#> 3397               2              2       122        2005-10-09     Cirstoforo
#> 3398               4              4       444        2006-10-03          Adore
#> 3399               4              4       444        2006-10-15        Ellwood
#> 3400               3              4       134        2006-02-21        Hershel
#> 3401               5              3       253        2006-07-02          Howey
#> 3402               1              3       413        2006-09-27          Irina
#> 3403               2              4       124        2006-02-26        Coralie
#> 3404               4              4       144        2006-03-03           Hunt
#> 3405               1              1       111        2005-04-21          Blake
#> 3406               2              4       524        2006-11-23            Mae
#> 3407               1              1       211        2006-06-25      Cherilynn
#> 3408               3              4       534        2006-10-27        Kerrill
#> 3409               5              5       555        2006-10-22          Rabbi
#> 3410               4              4       244        2006-06-03         Amalee
#> 3411               1              1       111        2006-02-08          Blair
#> 3412               5              5       155        2006-01-02          Marin
#> 3413               1              1       211        2006-07-01         Idette
#> 3414               2              1       521        2006-10-29           Rory
#> 3415               1              1       111        2005-09-26            Cam
#> 3416               1              3       513        2006-12-16         Orland
#> 3417               5              4       154        2006-01-31     Ermengarde
#> 3418               2              2       122        2005-08-14        Leticia
#> 3419               4              4       244        2006-06-05         Sayers
#> 3420               2              3       223        2006-04-30        Siobhan
#> 3421               3              3       133        2006-04-04        Padraig
#> 3422               2              2       422        2006-09-12       Marcelle
#> 3423               4              4       444        2006-09-28         Mikkel
#> 3424               1              2       212        2006-06-06       Lorraine
#> 3425               5              5       255        2006-06-14        Lyndsay
#> 3426               5              5       355        2006-08-06           Todd
#> 3427               5              4       254        2006-05-12          Booth
#> 3428               1              1       411        2006-08-31       Marchall
#> 3429               2              2       222        2006-04-28         Damara
#> 3430               1              1       311        2006-08-10        Caitrin
#> 3431               4              3       543        2006-12-29         Lenard
#> 3432               2              2       222        2006-05-12          Karol
#> 3433               2              3       323        2006-08-17         Jammie
#> 3434               2              2       122        2005-09-20       Emmeline
#> 3435               5              5       355        2006-08-06            Dar
#> 3436               2              1       521        2006-11-09         Georas
#> 3437               3              2       132        2005-12-23           Harp
#> 3438               2              2       322        2006-08-16         Salome
#> 3439               5              5       355        2006-07-20        Idaline
#> 3440               4              4       344        2006-08-06       L;urette
#> 3441               4              2       442        2006-09-29           Holt
#> 3442               4              3       543        2006-10-31        Rosalyn
#> 3443               4              3       443        2006-08-29         Rosina
#> 3444               1              4       514        2006-11-09        Felecia
#> 3445               3              5       535        2006-11-21          Jonie
#> 3446               1              1       111        2006-01-28          Jessi
#> 3447               3              3       533        2006-11-08        Kynthia
#> 3448               5              5       555        2006-12-18         Kettie
#> 3449               2              2       322        2006-08-02      Wakefield
#> 3450               2              4       324        2006-07-22       Natalina
#> 3451               5              5       155        2006-01-11         Renate
#> 3452               4              4       544        2006-11-26     Alexandros
#> 3453               5              5       455        2006-09-09           Rory
#> 3454               5              5       155        2005-11-19       Claretta
#> 3455               4              5       545        2006-11-13          Sasha
#> 3456               4              5       545        2006-10-25          Holly
#> 3457               3              2       332        2006-08-13          Rakel
#> 3458               5              4       554        2006-10-24          Brenn
#> 3459               1              1       211        2006-06-28         Connie
#> 3460               2              1       121        2006-04-02         Cloris
#> 3461               3              2       332        2006-07-29           Noby
#> 3462               5              4       454        2006-09-01         Osmond
#> 3463               1              1       211        2006-07-07       Zebadiah
#> 3464               4              4       544        2006-11-10         Dionne
#> 3465               3              3       433        2006-09-19       Gonzales
#> 3466               5              3       453        2006-08-29         Malory
#> 3467               1              1       211        2006-06-28          Ricky
#> 3468               3              2       332        2006-07-24           Toma
#> 3469               1              2       212        2006-05-26      Ferdinand
#> 3470               5              4       454        2006-10-14         Evania
#> 3471               2              2       122        2005-10-26        Baudoin
#> 3472               1              1       211        2006-06-06          Bride
#> 3473               3              3       433        2006-09-13       Gamaliel
#> 3474               1              1       211        2006-05-20         Finlay
#> 3475               1              1       111        2006-03-01          Ketti
#> 3476               1              1       111        2005-08-12         Desiri
#> 3477               1              3       113        2005-07-22        Adriano
#> 3478               1              1       511        2006-11-27     Georgianna
#> 3479               5              4       354        2006-07-30          Nanni
#> 3480               4              5       245        2006-06-24       Gregorio
#> 3481               2              4       524        2006-10-29       Lancelot
#> 3482               3              2       332        2006-08-19         Johnny
#> 3483               5              3       553        2006-11-25        Patrica
#> 3484               1              2       212        2006-06-11       Violante
#> 3485               2              1       121        2005-11-08         Sigrid
#> 3486               1              1       211        2006-06-28         Amalia
#> 3487               4              4       544        2006-11-11         Hersch
#> 3488               5              5       355        2006-07-26          Nelli
#> 3489               1              2       412        2006-08-29          Colan
#> 3490               3              3       133        2006-03-16          Dolli
#> 3491               5              5       455        2006-10-12         Regine
#> 3492               4              4       544        2006-11-30        Burnard
#> 3493               5              2       552        2006-12-07          Beryl
#> 3494               3              3       533        2006-12-11             Ki
#> 3495               1              1       211        2006-05-30          Royal
#> 3496               2              2       322        2006-08-01        Chantal
#> 3497               4              3       243        2006-06-06         Thomas
#> 3498               3              4       134        2005-10-03        Loraine
#> 3499               2              3       223        2006-04-12           Hall
#> 3500               1              2       112        2005-09-28           Glad
#> 3501               3              3       333        2006-08-22         Smitty
#> 3502               1              1       111        2005-10-18           Esme
#> 3503               5              5       155        2005-12-23           Dasi
#> 3504               2              4       124        2006-03-29           Joni
#> 3505               1              1       111        2005-12-31          Malva
#> 3506               1              1       411        2006-10-02          Lenee
#> 3507               4              3       343        2006-07-24        Isidore
#> 3508               1              2       512        2006-11-05        Windham
#> 3509               3              4       434        2006-10-16      Sylvester
#> 3510               2              1       421        2006-09-06        Rosetta
#> 3511               4              4       144        2006-04-08           Caye
#> 3512               1              1       111        2005-07-07         Harlan
#> 3513               5              5       555        2006-12-13        Augusta
#> 3514               3              3       533        2006-10-24         Kirsti
#> 3515               2              1       221        2006-06-29        Jeanine
#> 3516               1              1       111        2005-06-01        Diarmid
#> 3517               5              3       353        2006-08-19         Denyse
#> 3518               5              5       155        2005-12-20        Cherlyn
#> 3519               3              5       435        2006-09-05          Kaila
#> 3520               5              4       554        2006-11-12       Maryjane
#> 3521               5              5       355        2006-07-18        Gonzalo
#> 3522               5              4       354        2006-08-15       Emmeline
#> 3523               4              5       345        2006-07-19           Abbi
#> 3524               2              2       522        2006-11-05       Mitchell
#> 3525               2              2       122        2005-09-19      Armstrong
#> 3526               1              1       211        2006-05-22       Zacharia
#> 3527               4              4       344        2006-08-26            Doy
#> 3528               2              2       222        2006-06-26         Candis
#> 3529               1              2       512        2006-12-16         Norton
#> 3530               1              1       111        2005-08-16          Katti
#> 3531               2              3       323        2006-07-26          Andra
#> 3532               2              3       523        2006-10-30         Odessa
#> 3533               5              5       555        2006-10-24         Daisey
#> 3534               2              5       525        2006-11-30        Millard
#> 3535               2              3       323        2006-08-18         Guenna
#> 3536               4              2       342        2006-08-18         Tracie
#> 3537               4              4       544        2006-12-16          Keith
#> 3538               3              4       234        2006-06-26         Wilmar
#> 3539               2              3       123        2006-01-27       Hilliary
#> 3540               5              5       355        2006-07-10           Luci
#> 3541               4              2       442        2006-10-14        Lindsay
#> 3542               5              5       355        2006-08-22         Lucian
#> 3543               2              2       422        2006-09-23         Mickie
#> 3544               4              5       245        2006-06-26         Kelila
#> 3545               1              1       111        2005-10-19         Shelly
#> 3546               3              3       533        2006-12-15         Meghan
#> 3547               2              2       122        2006-03-08         Arther
#> 3548               4              4       144        2005-11-21         Sammie
#> 3549               4              4       144        2006-03-18        Charlot
#> 3550               4              5       445        2006-09-16          Torey
#> 3551               4              5       345        2006-08-16         Emelia
#> 3552               3              2       432        2006-09-18          Jessa
#> 3553               2              1       221        2006-04-11          Hanna
#> 3554               5              5       555        2006-12-08         Stearn
#> 3555               4              4       344        2006-07-28           Shay
#> 3556               5              4       554        2006-11-03         Binnie
#> 3557               3              3       233        2006-05-17          Minta
#> 3558               5              5       355        2006-08-02        Garreth
#> 3559               1              1       311        2006-07-13       Riccardo
#> 3560               1              1       111        2006-03-19          Tarah
#> 3561               2              4       324        2006-07-28         Marnie
#> 3562               1              3       113        2005-08-30         Kamila
#> 3563               5              5       255        2006-05-27        Candace
#> 3564               2              1       421        2006-09-08           Etti
#> 3565               2              3       323        2006-08-02      Modestine
#> 3566               3              4       434        2006-08-30           Rici
#> 3567               5              5       355        2006-07-28        Shermie
#> 3568               1              1       511        2006-12-26        Leeanne
#> 3569               1              1       311        2006-07-14          Meade
#> 3570               2              2       322        2006-08-05         Alexio
#> 3571               1              1       111        2005-12-05           Fara
#> 3572               3              5       235        2006-06-05           Irma
#> 3573               5              4       254        2006-06-12        Minnnie
#> 3574               1              1       111        2005-07-07       Pamelina
#> 3575               3              2       332        2006-08-03          Colet
#> 3576               1              1       211        2006-06-15      Natividad
#> 3577               4              5       345        2006-07-26        Rudiger
#> 3578               5              5       255        2006-06-21         Halley
#> 3579               2              3       323        2006-08-07         Andrew
#> 3580               2              3       123        2006-03-24         Freddy
#> 3581               1              1       111        2005-09-20      Creighton
#> 3582               2              2       122        2006-04-06           Tore
#> 3583               2              3       423        2006-09-16          Ronda
#> 3584               3              2       532        2006-12-25         Trever
#> 3585               1              1       111        2005-06-28        Julieta
#> 3586               5              5       555        2006-10-20         Jackie
#> 3587               4              2       442        2006-08-30       Gauthier
#> 3588               4              3       443        2006-09-22          Barbi
#> 3589               2              3       223        2006-06-20          Tobit
#> 3590               5              5       355        2006-07-13         Myrtie
#> 3591               1              1       311        2006-08-02         Harvey
#> 3592               2              1       121        2006-01-07          Anett
#> 3593               1              1       511        2006-11-24      Franciska
#> 3594               5              5       355        2006-08-21           Theo
#> 3595               2              2       322        2006-07-27         Jaclin
#> 3596               3              3       533        2006-10-30      Grenville
#> 3597               3              3       133        2005-08-06       Thornton
#> 3598               4              5       145        2006-02-09           Mace
#> 3599               3              2       332        2006-07-23          Silva
#> 3600               4              5       545        2006-10-19        Tiffani
#> 3601               1              1       211        2006-06-18         Bradly
#> 3602               1              1       511        2006-11-04          Jandy
#> 3603               2              2       322        2006-07-28         Julian
#> 3604               2              2       322        2006-08-20          Candi
#> 3605               5              5       555        2006-12-10          Netti
#> 3606               1              1       211        2006-05-03           Oren
#> 3607               2              4       524        2006-10-30        Leonerd
#> 3608               4              3       443        2006-10-14          Cully
#> 3609               4              4       144        2005-10-01         Noreen
#> 3610               2              2       322        2006-07-26         Jenica
#> 3611               5              5       355        2006-08-09        Conrade
#> 3612               2              2       522        2006-12-15        Kyrstin
#> 3613               4              5       545        2006-11-16         Garnet
#> 3614               1              1       511        2006-12-14           Nick
#> 3615               2              2       222        2006-06-26       Charline
#> 3616               2              2       322        2006-08-17        Guthrey
#> 3617               5              5       355        2006-07-18          Diego
#> 3618               2              3       223        2006-06-01         Wolfie
#> 3619               1              1       111        2005-10-24         Mandie
#> 3620               4              3       343        2006-08-19          Megen
#> 3621               3              3       133        2005-08-13          Towny
#> 3622               4              2       442        2006-09-11        Damaris
#> 3623               2              3       123        2005-07-24          Juana
#> 3624               5              5       555        2006-12-12         Kelila
#> 3625               5              5       255        2006-07-08         Wenona
#> 3626               4              4       544        2006-11-27         Mandel
#> 3627               1              1       211        2006-06-12       Cristina
#> 3628               2              2       222        2006-05-27          Clywd
#> 3629               5              5       455        2006-09-18          Richy
#> 3630               2              4       324        2006-08-07      Henrietta
#> 3631               1              1       211        2006-05-30        Ceciley
#> 3632               3              3       233        2006-05-28         Tallia
#> 3633               4              4       544        2006-10-19         Vinnie
#> 3634               3              4       534        2006-10-31       Brandais
#> 3635               4              5       545        2006-11-03        Chiquia
#> 3636               4              4       244        2006-06-29         Lesley
#> 3637               4              4       144        2006-01-24           Earl
#> 3638               2              2       422        2006-09-04            Kay
#> 3639               1              2       112        2006-03-09         Fannie
#> 3640               4              5       345        2006-08-25       Lowrance
#> 3641               1              1       111        2005-12-26          Raine
#> 3642               4              5       545        2006-11-24        Anthony
#> 3643               4              4       344        2006-08-07          Patti
#> 3644               5              4       454        2006-10-03         Alisun
#> 3645               5              5       555        2006-11-06          Kitti
#> 3646               3              1       131        2006-01-07         Aubert
#> 3647               1              1       211        2006-05-23       Beatrisa
#> 3648               2              2       322        2006-07-15          Giles
#> 3649               4              4       244        2006-06-18          Manon
#> 3650               4              4       444        2006-08-29         Margie
#> 3651               5              5       455        2006-09-28        Sigfrid
#> 3652               2              3       523        2006-11-08           Vere
#> 3653               5              3       353        2006-07-22          Patty
#> 3654               5              5       255        2006-05-30        Cecilia
#> 3655               3              4       434        2006-09-16        Stavros
#> 3656               3              4       334        2006-08-27        Tristan
#> 3657               2              2       122        2005-10-18           Vida
#> 3658               4              3       343        2006-08-14        Hoebart
#> 3659               4              5       445        2006-09-21        Douglas
#> 3660               3              2       432        2006-09-30       Orbadiah
#> 3661               1              2       112        2006-03-01           Zach
#> 3662               5              4       554        2006-12-24          Frank
#> 3663               1              3       113        2005-10-15          Danny
#> 3664               5              5       555        2006-11-22            Zak
#> 3665               2              3       123        2005-12-08       Charleen
#> 3666               1              1       111        2006-03-31           Bond
#> 3667               4              5       545        2006-12-04          Maury
#> 3668               5              5       355        2006-08-13         Rachel
#> 3669               1              1       211        2006-05-16         Lazaro
#> 3670               3              4       234        2006-06-04          Lukas
#> 3671               5              5       555        2006-10-31        Karissa
#> 3672               2              3       523        2006-11-04        Hasheem
#> 3673               3              4       434        2006-10-12       Chrissie
#> 3674               2              4       524        2006-11-14           Tory
#> 3675               1              1       211        2006-04-23       Lowrance
#> 3676               5              4       554        2006-11-18         Emalee
#> 3677               1              3       213        2006-05-27          Ashla
#> 3678               2              2       322        2006-07-18         Tanhya
#> 3679               3              2       432        2006-10-15        Cristin
#> 3680               5              5       255        2006-04-30        Inesita
#> 3681               5              4       354        2006-07-11      Gilemette
#> 3682               3              3       533        2006-11-20         Borden
#> 3683               5              5       255        2006-06-19       Lucretia
#> 3684               1              1       411        2006-09-21          Gilli
#> 3685               3              4       534        2006-11-26            Jon
#> 3686               4              5       145        2005-11-07        Yanaton
#> 3687               2              2       322        2006-07-25           Devy
#> 3688               1              2       112        2005-07-01           Paco
#> 3689               4              4       344        2006-07-14         Trudey
#> 3690               2              2       322        2006-07-23        Mildrid
#> 3691               1              1       111        2005-10-08         Sarene
#> 3692               4              4       344        2006-08-02          Adrea
#> 3693               2              1       321        2006-08-25       Lorraine
#> 3694               2              3       123        2005-12-04         Murial
#> 3695               3              2       532        2006-12-17         Mahmud
#> 3696               1              3       113        2005-11-28      Ambrosius
#> 3697               1              1       111        2005-11-28         Hollis
#> 3698               5              3       553        2006-11-21         Ileane
#> 3699               1              1       511        2006-12-23         Ludvig
#> 3700               5              4       254        2006-05-10         Babbie
#> 3701               2              2       522        2006-11-27        Abrahan
#> 3702               1              2       212        2006-07-01        Delcina
#> 3703               5              5       555        2006-11-24           Cleo
#> 3704               4              3       243        2006-07-01          Vinny
#> 3705               5              5       455        2006-09-15       Engracia
#> 3706               5              5       355        2006-07-11     Clarabelle
#> 3707               4              4       544        2006-11-25        Ethelda
#> 3708               3              4       434        2006-10-16           Jock
#> 3709               2              2       422        2006-09-20          Mendy
#> 3710               4              5       545        2006-11-18        Monique
#> 3711               2              2       222        2006-05-22       Delainey
#> 3712               1              1       311        2006-07-25          Conan
#> 3713               2              2       322        2006-08-22         Benson
#> 3714               2              3       423        2006-09-20     Wainwright
#> 3715               2              3       323        2006-08-18          Aurie
#> 3716               1              1       311        2006-08-21         Babita
#> 3717               1              1       311        2006-07-23         Bibbie
#> 3718               3              3       533        2006-11-15             El
#> 3719               2              3       423        2006-08-31        Jordana
#> 3720               1              1       311        2006-07-16      Andriette
#> 3721               2              2       122        2005-09-02         Candra
#> 3722               4              4       444        2006-09-16       Sullivan
#> 3723               3              5       435        2006-08-30           Flss
#> 3724               2              3       223        2006-05-19           Roxy
#> 3725               1              1       111        2005-08-06            Noe
#> 3726               2              2       122        2005-07-30          Hobey
#> 3727               5              5       255        2006-05-13       Cordelia
#> 3728               1              1       311        2006-08-03         Angelo
#> 3729               4              4       444        2006-10-09        Emelyne
#> 3730               1              3       113        2006-04-06         Bambie
#> 3731               4              4       544        2006-10-24          Donny
#> 3732               5              5       555        2006-11-01        Cheston
#> 3733               2              3       223        2006-04-19        Hadrian
#> 3734               2              3       523        2006-10-28            Caz
#> 3735               2              1       421        2006-08-30          Carin
#> 3736               5              5       255        2006-07-06        Cyrille
#> 3737               5              5       555        2006-10-17        Ezekiel
#> 3738               2              2       522        2006-12-13         Ericka
#> 3739               5              4       354        2006-07-24        Madelin
#> 3740               2              2       122        2006-04-05           Wolf
#> 3741               4              4       444        2006-09-29        Adelice
#> 3742               4              3       243        2006-06-17           Bili
#> 3743               3              2       532        2006-11-15          Deina
#> 3744               2              2       522        2006-12-19        Pauline
#> 3745               5              5       255        2006-06-24        Lisette
#> 3746               2              2       422        2006-09-16      Benedicto
#> 3747               5              5       455        2006-09-17           Vlad
#> 3748               3              2       132        2006-04-01     Marcelline
#> 3749               3              4       234        2006-06-13         Lindon
#> 3750               5              5       455        2006-09-10         Nalani
#> 3751               1              1       111        2006-01-07          Maxie
#> 3752               1              1       511        2006-12-26           Elsy
#> 3753               2              2       422        2006-09-22          Hilly
#> 3754               2              1       221        2006-04-15          Alfie
#> 3755               2              5       525        2006-11-13         Angela
#> 3756               3              2       332        2006-07-11       Marcello
#> 3757               1              2       212        2006-06-15           Rana
#> 3758               1              2       112        2005-11-20        Jacklyn
#> 3759               2              2       222        2006-05-11          Teddy
#> 3760               4              4       344        2006-07-17          Greta
#> 3761               5              5       555        2006-12-23       Jerrilee
#> 3762               2              1       421        2006-09-27         Palmer
#> 3763               1              2       512        2006-12-12          Sonja
#> 3764               1              2       412        2006-09-06         Walden
#> 3765               4              4       544        2006-12-22         Alleen
#> 3766               5              4       354        2006-08-28        Lynnett
#> 3767               1              1       211        2006-06-28          Ivett
#> 3768               3              3       533        2006-12-02            Fan
#> 3769               5              5       555        2006-10-31        Claudia
#> 3770               5              4       254        2006-05-14       Perceval
#> 3771               2              4       324        2006-07-13        Cirillo
#> 3772               5              5       255        2006-07-01         Amanda
#> 3773               2              1       321        2006-08-11        Willdon
#> 3774               4              5       145        2006-01-14        Dorotea
#> 3775               4              4       444        2006-09-12       Hyacinth
#> 3776               1              1       211        2006-05-03          Jareb
#> 3777               2              3       423        2006-09-02           Leah
#> 3778               5              5       455        2006-09-18         Benita
#> 3779               4              4       544        2006-10-23        Ninetta
#> 3780               2              3       323        2006-07-22        Micaela
#> 3781               4              4       244        2006-06-15      Blondelle
#> 3782               3              3       233        2006-04-16          Richy
#> 3783               5              5       455        2006-09-12        Hartley
#> 3784               4              2       442        2006-09-30        Carleen
#> 3785               1              1       311        2006-08-23        Ernesta
#> 3786               4              4       244        2006-06-27          Inigo
#> 3787               3              4       234        2006-07-01       Francine
#> 3788               5              4       254        2006-05-25          Ketti
#> 3789               4              4       544        2006-10-26        Delinda
#> 3790               2              4       424        2006-09-12         Harman
#> 3791               5              4       454        2006-09-24           Curr
#> 3792               1              1       511        2006-11-03       Andreana
#> 3793               3              4       334        2006-08-26          Molli
#> 3794               4              4       144        2006-03-10         Dannie
#> 3795               5              5       255        2006-06-26        Tiffani
#> 3796               2              3       123        2006-03-05      Ferdinand
#> 3797               2              2       322        2006-08-27           Zerk
#> 3798               1              3       213        2006-07-06       Pasquale
#> 3799               2              4       524        2006-12-14          Tedra
#> 3800               4              5       545        2006-10-18       Chastity
#> 3801               4              4       344        2006-08-05          Kelly
#> 3802               1              1       111        2005-05-26         Ashley
#> 3803               4              3       243        2006-04-28           Dory
#> 3804               4              3       343        2006-07-26         Milzie
#> 3805               4              4       444        2006-09-22          Myron
#> 3806               2              2       122        2005-12-06         Roanne
#> 3807               5              5       555        2006-11-01         Garvey
#> 3808               3              4       334        2006-08-17          Titos
#> 3809               5              5       455        2006-10-08     Philippine
#> 3810               5              5       355        2006-08-26         Margit
#> 3811               2              3       223        2006-05-25          Walsh
#> 3812               4              5       545        2006-11-21      Hollyanne
#> 3813               5              5       455        2006-09-21         Ellene
#> 3814               1              1       211        2006-06-06         Sheree
#> 3815               2              3       223        2006-07-01           Maye
#> 3816               1              2       512        2006-11-14           Ware
#> 3817               1              3       313        2006-08-28     Christophe
#> 3818               2              3       223        2006-04-29           Etan
#> 3819               2              2       322        2006-07-14         Siward
#> 3820               2              2       522        2006-10-25          Meade
#> 3821               1              1       311        2006-07-16          Maxim
#> 3822               1              3       113        2005-11-16         Alecia
#> 3823               3              3       233        2006-05-05         Bryana
#> 3824               1              1       511        2006-11-10        Tamarah
#> 3825               5              4       254        2006-06-16        Quillan
#> 3826               3              4       334        2006-07-11        Robenia
#> 3827               2              1       121        2005-10-14         Broddy
#> 3828               1              3       513        2006-11-10        Gilburt
#> 3829               3              4       434        2006-09-04          Lishe
#> 3830               1              1       211        2006-05-01           Aggy
#> 3831               1              2       512        2006-12-13        Forrest
#> 3832               1              1       111        2005-09-16         Lauree
#> 3833               5              5       555        2006-11-03          Lidia
#> 3834               1              1       111        2006-03-20       Faustine
#> 3835               1              2       112        2006-02-10       Marybeth
#> 3836               1              1       111        2006-03-16          Randi
#> 3837               3              4       134        2006-04-06           Milo
#> 3838               1              2       412        2006-09-16         Kelley
#> 3839               1              1       311        2006-08-18        Jermain
#> 3840               2              2       322        2006-07-19        Hazlett
#> 3841               1              1       511        2006-12-16          Reina
#> 3842               3              2       532        2006-10-27          Carny
#> 3843               4              5       545        2006-10-29         Brandi
#> 3844               2              3       323        2006-08-15            Ben
#> 3845               1              2       512        2006-10-24         Kenyon
#> 3846               4              3       343        2006-08-25          Nolly
#> 3847               3              4       434        2006-09-21           Cloe
#> 3848               4              4       444        2006-09-30          Monty
#> 3849               5              3       453        2006-09-09           Brad
#> 3850               4              5       545        2006-10-31         Lissie
#> 3851               4              2       142        2005-10-31        Marinna
#> 3852               5              3       253        2006-06-24          Trixy
#> 3853               5              5       555        2006-12-09       Catarina
#> 3854               4              4       544        2006-12-10            Kai
#> 3855               3              4       134        2005-09-21     Ermengarde
#> 3856               4              5       445        2006-08-30          Timmy
#> 3857               2              4       424        2006-10-14         Thalia
#> 3858               5              4       454        2006-09-20         Kerrie
#> 3859               1              2       212        2006-06-28          Della
#> 3860               1              1       411        2006-10-03           Moll
#> 3861               1              1       111        2006-04-03      Delphinia
#> 3862               1              1       411        2006-10-14           Casi
#> 3863               1              2       212        2006-06-08         Lamond
#> 3864               4              4       544        2006-12-16          Ricky
#> 3865               4              2       342        2006-08-07          Barby
#> 3866               2              4       524        2006-11-04         Roanne
#> 3867               2              1       321        2006-08-19         Norman
#> 3868               1              1       111        2005-06-20        Barthel
#> 3869               4              4       544        2006-10-22        Kirsten
#> 3870               1              1       211        2006-06-10        Germana
#> 3871               4              3       343        2006-07-15      Madelaine
#> 3872               4              4       144        2005-10-23          Taffy
#> 3873               1              2       112        2005-07-01     Clementina
#> 3874               3              1       331        2006-08-25          Stacy
#> 3875               4              4       444        2006-10-06        Tuesday
#> 3876               4              2       242        2006-05-17       Jennette
#> 3877               1              1       111        2005-06-22       Papagena
#> 3878               4              4       344        2006-08-13         Audrey
#> 3879               5              4       354        2006-08-02         Emalee
#> 3880               2              3       523        2006-12-19         Justin
#> 3881               2              2       122        2005-12-14         Athene
#> 3882               4              1       541        2006-11-11          Trudi
#> 3883               1              3       213        2006-06-18         Finley
#> 3884               2              2       122        2006-02-20        Shellie
#> 3885               1              1       311        2006-07-19          Daven
#> 3886               4              3       543        2006-10-18          Alica
#> 3887               2              2       422        2006-08-30        Merlina
#> 3888               5              5       555        2006-12-02       Gloriane
#> 3889               3              4       234        2006-06-02         Nowell
#> 3890               5              4       554        2006-11-13          Erica
#> 3891               5              5       155        2006-01-28           Ware
#> 3892               1              1       111        2005-12-24        Atlanta
#> 3893               5              5       455        2006-10-15          Wally
#> 3894               2              3       523        2006-10-17        Johnath
#> 3895               2              1       421        2006-10-09          Tadeo
#> 3896               5              3       453        2006-10-05            Irv
#> 3897               4              4       344        2006-08-02           Sean
#> 3898               2              3       423        2006-09-14         Conway
#> 3899               3              3       533        2006-11-30          Wynne
#> 3900               2              2       222        2006-04-13         Ellary
#> 3901               1              1       311        2006-07-25          Julia
#> 3902               4              4       344        2006-08-01          Raine
#> 3903               4              3       143        2006-02-18          Erina
#> 3904               5              3       453        2006-09-28           Cloe
#> 3905               4              4       544        2006-11-13           Cori
#> 3906               5              5       455        2006-10-15          Edith
#> 3907               1              2       112        2005-07-07         Simeon
#> 3908               1              1       211        2006-06-04        Giorgio
#> 3909               1              1       311        2006-07-17        Phaedra
#> 3910               5              5       155        2006-03-26           Raul
#> 3911               4              4       144        2006-04-09         Hayyim
#> 3912               1              2       312        2006-08-12      Guillermo
#> 3913               4              2       342        2006-07-26         Doreen
#> 3914               2              1       121        2006-02-13            Ali
#> 3915               1              1       211        2006-04-16          Harri
#> 3916               5              5       455        2006-10-02         Alanna
#> 3917               1              1       311        2006-08-01         Taylor
#> 3918               1              1       211        2006-05-12          Elton
#> 3919               4              4       544        2006-10-31           Caro
#> 3920               5              5       555        2006-10-22          Yetty
#> 3921               1              1       111        2005-08-19          Karil
#> 3922               4              3       343        2006-08-14         Norman
#> 3923               2              2       322        2006-08-03          Torey
#> 3924               2              1       421        2006-10-15          Mayne
#> 3925               5              4       454        2006-10-15        Marilyn
#> 3926               4              3       343        2006-08-03          Field
#> 3927               4              5       545        2006-10-30          Addie
#> 3928               2              4       124        2005-11-28          Blair
#> 3929               5              5       255        2006-07-04        Leonora
#> 3930               2              2       422        2006-09-27          Lloyd
#> 3931               2              3       423        2006-09-15         Saleem
#> 3932               4              4       444        2006-10-15        Demeter
#> 3933               4              5       545        2006-12-05             Ky
#> 3934               3              2       432        2006-09-22         Jolene
#> 3935               2              1       221        2006-06-18       Somerset
#> 3936               3              4       434        2006-09-19        Gabriel
#> 3937               4              4       244        2006-05-28         Calvin
#> 3938               3              3       233        2006-04-24         Amalie
#> 3939               2              3       423        2006-10-13         Rafael
#> 3940               5              4       454        2006-09-19        Clemmie
#> 3941               4              5       445        2006-10-05       Cyrillus
#> 3942               4              3       243        2006-06-03          Gleda
#> 3943               3              3       233        2006-05-02           Cris
#> 3944               1              1       311        2006-07-16           Leia
#> 3945               2              1       121        2005-09-22          Ruthy
#> 3946               4              5       545        2006-10-22          Selma
#> 3947               3              3       333        2006-07-13          Erika
#> 3948               1              1       511        2006-11-06       Horatius
#> 3949               2              2       522        2006-10-21          Selig
#> 3950               2              3       423        2006-10-13       Murielle
#> 3951               1              1       111        2006-01-10          Alida
#> 3952               2              2       522        2006-12-03        Abagail
#> 3953               1              1       111        2005-05-14          Grier
#> 3954               1              1       111        2006-03-12            Der
#> 3955               3              3       233        2006-06-16        Adelice
#> 3956               4              3       143        2005-11-18          Bruno
#> 3957               5              2       352        2006-07-22       Kariotta
#> 3958               4              4       444        2006-10-01        Gustave
#> 3959               2              3       323        2006-08-06        Lisette
#> 3960               5              5       555        2006-10-25       Kathrine
#> 3961               1              1       411        2006-09-12           Jany
#> 3962               1              2       412        2006-09-07      Ingelbert
#> 3963               4              5       445        2006-09-27           Tova
#> 3964               2              2       122        2005-11-07        Jaynell
#> 3965               1              1       411        2006-09-17        Jacenta
#> 3966               5              5       555        2006-12-20      Ekaterina
#> 3967               1              1       111        2005-12-17         Sidney
#> 3968               2              1       121        2005-12-10         Miller
#> 3969               3              1       531        2006-12-28      Donnajean
#> 3970               1              1       411        2006-09-13        Joshuah
#> 3971               2              3       523        2006-12-23          Vivie
#> 3972               1              1       111        2005-11-30          Dulce
#> 3973               5              3       553        2006-11-09         Brocky
#> 3974               2              3       523        2006-11-16         Orelie
#> 3975               1              3       213        2006-04-26          Camel
#> 3976               4              4       444        2006-08-29         Hewett
#> 3977               3              4       334        2006-08-13          Janel
#> 3978               1              1       411        2006-09-04         Esdras
#> 3979               5              4       254        2006-06-11        Laraine
#> 3980               4              3       543        2006-12-04          Edith
#> 3981               4              5       245        2006-05-08         Sharon
#> 3982               1              1       511        2006-12-11          Darla
#> 3983               4              4       544        2006-12-24          Haily
#> 3984               2              3       423        2006-10-03          Norma
#> 3985               3              1       131        2006-01-13          Perri
#> 3986               3              3       233        2006-06-15         Clemmy
#> 3987               1              1       111        2005-08-04           Case
#> 3988               4              3       343        2006-08-05           Lynn
#> 3989               1              3       313        2006-08-04        Brigida
#> 3990               2              3       123        2006-04-06       Octavius
#> 3991               1              1       211        2006-06-23    Ulrikaumeko
#> 3992               4              5       245        2006-06-20        Raleigh
#> 3993               1              1       211        2006-06-02           Myca
#> 3994               5              5       355        2006-08-21         Elissa
#> 3995               1              2       412        2006-10-09          Aurie
#> 3996               3              3       533        2006-12-08          Taite
#> 3997               4              3       443        2006-10-09           Geri
#> 3998               4              5       245        2006-06-18           Arly
#> 3999               2              2       322        2006-07-30         Dulcie
#> 4000               2              2       422        2006-10-08        Whitney
#> 4001               2              3       223        2006-04-11        Hasheem
#> 4002               3              4       334        2006-08-04         Brynna
#> 4003               5              4       454        2006-09-04        Padraig
#> 4004               5              5       355        2006-08-23          Noble
#> 4005               1              3       213        2006-06-14        Kirstin
#> 4006               1              1       111        2005-08-29        Abigale
#> 4007               1              1       111        2005-10-30         Jamima
#> 4008               3              3       133        2006-03-18        Delmore
#> 4009               1              2       112        2005-12-19          Dagny
#> 4010               2              2       522        2006-10-17           Moss
#> 4011               4              4       544        2006-11-19        Deerdre
#> 4012               2              4       224        2006-06-25         Kelley
#> 4013               2              1       221        2006-07-03          Henry
#> 4014               5              5       355        2006-08-02          Lishe
#> 4015               1              1       111        2005-12-09          Susan
#> 4016               5              4       254        2006-07-05           Tome
#> 4017               4              4       544        2006-11-30          Ronny
#> 4018               1              1       111        2006-04-01            Ram
#> 4019               1              1       311        2006-07-12         Marley
#> 4020               4              3       143        2005-09-23        Durante
#> 4021               1              1       311        2006-07-14           Gary
#> 4022               1              1       411        2006-08-31           Jeth
#> 4023               4              4       444        2006-08-29         Nickey
#> 4024               4              3       343        2006-07-30            Pat
#> 4025               5              5       255        2006-05-10           Cort
#> 4026               1              1       411        2006-10-05         Andrey
#> 4027               5              5       355        2006-08-13         Korney
#> 4028               5              4       154        2006-03-10      Pierrette
#> 4029               5              4       254        2006-07-02         Darwin
#> 4030               5              4       354        2006-07-28          Burch
#> 4031               3              2       332        2006-07-26         Zonnya
#> 4032               1              1       211        2006-05-18      Wakefield
#> 4033               2              2       522        2006-12-02          Tilda
#> 4034               1              2       112        2005-07-10           Olin
#> 4035               2              1       421        2006-09-26        Chilton
#> 4036               3              3       333        2006-08-26        Xaviera
#> 4037               1              1       511        2006-11-27        Korella
#> 4038               2              2       422        2006-09-14       Carlynne
#> 4039               5              5       255        2006-05-22          Nevil
#> 4040               1              1       411        2006-09-20         Brooke
#> 4041               2              2       222        2006-05-27        Mallory
#> 4042               2              2       422        2006-09-06        Pierson
#> 4043               3              4       534        2006-11-20        Sephira
#> 4044               3              2       532        2006-12-29        Brannon
#> 4045               5              4       354        2006-07-11        Freemon
#> 4046               5              4       554        2006-11-27       Scarface
#> 4047               5              5       555        2006-10-18        Matilde
#> 4048               4              4       544        2006-11-27           Dyna
#> 4049               1              1       111        2006-02-04         Julius
#> 4050               3              3       433        2006-09-02         Ileana
#> 4051               1              2       212        2006-06-13        Angelle
#> 4052               2              2       422        2006-09-06            Eli
#> 4053               1              2       412        2006-09-06            Lyn
#> 4054               2              3       523        2006-12-27           Mata
#> 4055               3              1       131        2005-10-20          Fayre
#> 4056               5              4       354        2006-08-07          Berri
#> 4057               5              3       453        2006-09-28        Guthrie
#> 4058               3              3       333        2006-08-16        Spenser
#> 4059               1              2       412        2006-10-10         Marcos
#> 4060               2              2       122        2006-01-14          Nisse
#> 4061               2              2       422        2006-10-02        Aurelea
#> 4062               5              3       453        2006-09-05        Ermanno
#> 4063               3              2       132        2005-10-26          Trudi
#> 4064               4              4       144        2005-12-07       Gwenette
#> 4065               4              4       144        2005-11-08          Ernie
#> 4066               4              3       443        2006-09-28          Jonas
#> 4067               2              4       524        2006-12-07           Cole
#> 4068               2              1       421        2006-09-27         Phoebe
#> 4069               2              3       123        2006-03-10       Aridatha
#> 4070               5              4       154        2006-02-24          Bette
#> 4071               3              5       235        2006-06-04        Yevette
#> 4072               4              5       545        2006-10-26        Germain
#> 4073               5              5       555        2006-12-16       Eugenius
#> 4074               4              4       544        2006-12-25      Thorstein
#> 4075               1              1       311        2006-07-22          Urson
#> 4076               5              5       455        2006-08-31           Lori
#> 4077               3              2       132        2005-09-20          Garth
#> 4078               1              1       211        2006-06-23         Janina
#> 4079               5              5       555        2006-11-17          Karyn
#> 4080               2              1       221        2006-06-08          Worth
#> 4081               4              4       444        2006-09-03        Horatia
#> 4082               3              5       235        2006-06-03          Donni
#> 4083               5              5       555        2006-11-29        Delinda
#> 4084               5              5       555        2006-10-20       Kathleen
#> 4085               2              1       221        2006-05-03          Rasla
#> 4086               2              5       525        2006-10-19       Shirline
#> 4087               5              4       454        2006-08-29          Riane
#> 4088               1              1       411        2006-10-04           Poul
#> 4089               5              4       554        2006-12-21        Gaylene
#> 4090               1              3       113        2006-01-18        Emmalyn
#> 4091               1              2       212        2006-05-31        Celesta
#> 4092               1              2       312        2006-07-11           Lyon
#> 4093               3              3       133        2005-09-16      Gabrielle
#> 4094               5              5       155        2005-12-31        Rozalie
#> 4095               2              1       121        2005-10-08            Cam
#> 4096               5              4       354        2006-07-27          Wendi
#> 4097               2              2       422        2006-10-12       Marcelle
#> 4098               3              3       333        2006-08-27         Berthe
#> 4099               1              1       511        2006-11-24            Mag
#> 4100               1              1       211        2006-05-24      Fransisco
#> 4101               1              1       111        2005-05-30        Marlena
#> 4102               5              5       255        2006-04-30          Floyd
#> 4103               2              2       422        2006-09-23        Elspeth
#> 4104               3              4       534        2006-11-24            Reg
#> 4105               2              4       224        2006-05-07       Ethelred
#> 4106               2              2       522        2006-10-26       Christan
#> 4107               1              1       211        2006-05-27         Kassey
#> 4108               1              1       211        2006-05-29        Sonnnie
#> 4109               5              5       555        2006-11-09        Kellsie
#> 4110               2              4       324        2006-08-08           Jaye
#> 4111               4              5       345        2006-08-06          Denis
#> 4112               1              1       211        2006-05-22      Corabella
#> 4113               2              3       223        2006-05-19           Ross
#> 4114               4              4       344        2006-07-25        Whitney
#> 4115               4              4       144        2005-09-03         Sherri
#> 4116               3              3       433        2006-09-14         Marjie
#> 4117               1              1       111        2006-02-13   Massimiliano
#> 4118               5              5       455        2006-09-08           Maye
#> 4119               2              4       124        2005-12-24          Reeba
#> 4120               1              4       314        2006-07-25        Chantal
#> 4121               4              3       443        2006-09-01         Idelle
#> 4122               1              1       111        2005-08-05          Cleve
#> 4123               4              3       243        2006-06-17      Francisco
#> 4124               5              5       255        2006-05-27          Inigo
#> 4125               5              4       354        2006-08-24        Janelle
#> 4126               4              4       244        2006-04-21        Ellissa
#> 4127               2              4       224        2006-07-06           Fran
#> 4128               1              2       512        2006-11-22       Zacharie
#> 4129               2              2       522        2006-11-13          Marga
#> 4130               2              1       421        2006-09-25       Gerrilee
#> 4131               2              2       222        2006-04-30         Patten
#> 4132               1              1       511        2006-11-13         Zorine
#> 4133               1              1       511        2006-11-07          Dalli
#> 4134               4              5       345        2006-08-22           Abeu
#> 4135               3              4       134        2005-12-13          Anett
#> 4136               5              5       455        2006-10-11        Whitman
#> 4137               1              3       113        2006-04-08         Trevar
#> 4138               1              1       211        2006-06-22          Jarid
#> 4139               4              5       445        2006-09-18          Kelcy
#> 4140               4              2       342        2006-08-21         Alaric
#> 4141               3              3       533        2006-10-21         Nettie
#> 4142               2              2       522        2006-11-04         Aldwin
#> 4143               4              3       543        2006-12-10         Caspar
#> 4144               2              2       122        2005-10-13          Tracy
#> 4145               1              2       112        2006-04-06        Chariot
#> 4146               2              2       422        2006-10-08         Juieta
#> 4147               2              2       122        2005-12-18         Samson
#> 4148               5              5       555        2006-11-23           Elli
#> 4149               1              2       212        2006-06-15          Damon
#> 4150               2              3       323        2006-08-02       Zacharie
#> 4151               1              3       513        2006-12-06      Henrietta
#> 4152               2              3       223        2006-05-11         Jemima
#> 4153               1              2       112        2005-10-03       Ethelred
#> 4154               1              1       211        2006-06-14         Pearle
#> 4155               3              3       133        2005-08-29        Zachary
#> 4156               1              1       411        2006-09-02       Flemming
#> 4157               2              3       423        2006-09-09          Jorge
#> 4158               1              1       311        2006-08-20          Audre
#> 4159               2              3       223        2006-05-31        Grissel
#> 4160               4              5       245        2006-06-18          Chick
#> 4161               2              3       323        2006-07-23       Charisse
#> 4162               1              1       311        2006-07-24        Erminie
#> 4163               2              2       322        2006-08-05          Janel
#> 4164               5              5       555        2006-11-05        Leeland
#> 4165               2              4       524        2006-10-19         Gretna
#> 4166               3              2       532        2006-11-11          Chane
#> 4167               3              3       133        2005-12-18         Ardith
#> 4168               3              2       432        2006-09-18         Waylan
#> 4169               2              2       322        2006-07-20        Susanne
#> 4170               2              2       222        2006-04-24         Keeley
#> 4171               2              3       123        2005-10-06        Austina
#> 4172               2              1       221        2006-06-06         Damian
#> 4173               4              4       444        2006-10-05        Toiboid
#> 4174               4              5       345        2006-08-10          Ebony
#> 4175               3              3       133        2006-02-05       Francene
#> 4176               3              4       434        2006-10-09            Roy
#> 4177               3              3       333        2006-07-16         Carley
#> 4178               2              2       222        2006-04-14         Amitie
#> 4179               2              2       322        2006-07-22        Dorothy
#> 4180               2              2       222        2006-05-17         Trevar
#> 4181               3              3       433        2006-10-11        Colleen
#> 4182               4              3       243        2006-07-04          Hamil
#> 4183               3              4       334        2006-08-18          Daile
#> 4184               3              3       333        2006-08-11         Torrey
#> 4185               2              4       224        2006-05-06           Nady
#> 4186               1              1       211        2006-06-18     Clementius
#> 4187               3              2       532        2006-11-28          Lidia
#> 4188               2              3       423        2006-09-12         Aubert
#> 4189               3              2       232        2006-06-20        Jacklyn
#> 4190               5              4       154        2005-11-01          Paula
#> 4191               3              3       533        2006-12-30         Odette
#> 4192               2              4       524        2006-11-20       Gabriele
#> 4193               3              4       234        2006-05-12           Joel
#> 4194               1              1       411        2006-09-25         Alisun
#> 4195               2              3       523        2006-12-05             Ad
#> 4196               5              3       453        2006-10-13         Lorine
#> 4197               5              5       355        2006-07-10         Marysa
#> 4198               2              3       323        2006-08-18          Fawne
#> 4199               1              1       111        2005-07-16         Nerita
#> 4200               2              3       523        2006-11-27          Lissy
#> 4201               1              3       313        2006-07-31        Lynnett
#> 4202               2              1       521        2006-11-04        Baudoin
#> 4203               4              4       144        2005-11-12       Nathalie
#> 4204               1              1       111        2005-12-12      Priscella
#> 4205               1              2       112        2005-08-25         Eloise
#> 4206               2              3       523        2006-11-23          Mable
#> 4207               4              4       244        2006-06-09         Felice
#> 4208               2              2       522        2006-11-19         Leslie
#> 4209               2              2       322        2006-07-24           Iago
#> 4210               2              1       421        2006-10-11          Myrle
#> 4211               5              5       555        2006-12-02           Edin
#> 4212               4              5       545        2006-11-05          Neila
#> 4213               5              5       155        2005-09-30          Twyla
#> 4214               2              1       121        2005-06-08       Emmerich
#> 4215               5              5       555        2006-10-27         Abramo
#> 4216               3              3       333        2006-07-23         Bobbee
#> 4217               5              5       455        2006-10-14         Putnam
#> 4218               4              4       144        2006-04-02          Adina
#> 4219               5              4       454        2006-10-02           Ario
#> 4220               1              1       211        2006-07-02         Anissa
#> 4221               4              4       444        2006-10-14           West
#> 4222               1              1       211        2006-06-28          Glenn
#> 4223               3              4       134        2005-11-28        Elonore
#> 4224               5              5       455        2006-08-30          Rollo
#> 4225               3              2       232        2006-05-11          Lorry
#> 4226               2              1       321        2006-07-17   Massimiliano
#> 4227               1              1       311        2006-08-15         Bondon
#> 4228               2              2       322        2006-08-08          Vicki
#> 4229               1              1       111        2005-10-21        Elinore
#> 4230               3              4       534        2006-10-21         Isacco
#> 4231               2              3       423        2006-09-04      Nathaniel
#> 4232               1              1       111        2005-02-01           Olga
#> 4233               1              1       211        2006-06-08         Archer
#> 4234               1              3       413        2006-08-29         Ulises
#> 4235               2              2       522        2006-10-31           Cari
#> 4236               2              3       523        2006-10-20        Genevra
#> 4237               5              5       555        2006-11-06         Gillan
#> 4238               1              2       412        2006-10-04        Florrie
#> 4239               3              3       333        2006-08-01        Caitrin
#> 4240               2              1       321        2006-07-23       Panchito
#> 4241               2              2       422        2006-09-08     Andromache
#> 4242               1              1       111        2005-12-01        Candida
#> 4243               1              2       312        2006-08-19           Anne
#> 4244               5              5       355        2006-07-23           Esra
#> 4245               1              1       211        2006-07-04        Bridget
#> 4246               5              5       555        2006-11-05          Maddy
#> 4247               4              4       444        2006-10-16         Jo-ann
#> 4248               4              3       443        2006-09-18            Ruy
#> 4249               4              4       344        2006-08-01            Sam
#> 4250               2              2       222        2006-04-26         Garald
#> 4251               5              5       455        2006-09-15         Jacqui
#> 4252               2              2       122        2005-12-26       Corrinne
#> 4253               3              2       132        2006-03-05          Lorne
#> 4254               4              2       442        2006-10-02          Adara
#> 4255               3              1       431        2006-08-29        Junette
#> 4256               5              4       354        2006-08-02         Wandis
#> 4257               3              3       333        2006-07-31         Warner
#> 4258               4              5       145        2005-12-09         Zulema
#> 4259               4              4       444        2006-08-31        Matelda
#> 4260               3              4       534        2006-10-29        Barnett
#> 4261               4              5       145        2005-10-28           Dene
#> 4262               4              3       443        2006-10-13         Daniel
#> 4263               3              5       135        2005-11-23           Hale
#> 4264               1              2       112        2006-03-13          Inger
#> 4265               2              3       423        2006-09-01           Keri
#> 4266               2              1       421        2006-09-19         Antony
#> 4267               4              3       343        2006-07-23      Annadiane
#> 4268               3              4       234        2006-05-30         Rubina
#> 4269               3              3       533        2006-12-17        Siobhan
#> 4270               1              1       211        2006-05-10           Thor
#> 4271               1              1       311        2006-07-11           Fran
#> 4272               2              2       222        2006-05-26            Gar
#> 4273               4              5       145        2005-12-06        Brandie
#> 4274               3              3       333        2006-07-20          Clark
#> 4275               2              3       123        2006-04-09        Cherlyn
#> 4276               4              5       445        2006-10-01           Reba
#> 4277               4              3       543        2006-11-22           Bebe
#> 4278               2              2       422        2006-09-21      Archibold
#> 4279               5              5       555        2006-10-27         Jereme
#> 4280               2              4       224        2006-05-03        Aldrich
#> 4281               4              3       243        2006-05-01          Jesse
#> 4282               5              5       255        2006-06-21            Ced
#> 4283               2              2       322        2006-08-04        Arliene
#> 4284               4              5       245        2006-05-02         Johann
#> 4285               2              4       224        2006-06-03         Gorden
#> 4286               1              3       513        2006-12-03        Richard
#> 4287               3              4       134        2005-10-05         Averyl
#> 4288               1              2       212        2006-06-04          Vanna
#> 4289               5              5       455        2006-10-04        Stavros
#> 4290               5              5       455        2006-10-13        Jeramie
#> 4291               1              1       111        2005-11-06          Monro
#> 4292               3              3       433        2006-09-01         Ruthie
#> 4293               1              1       311        2006-07-22       Griffith
#> 4294               3              3       233        2006-06-09        Gustave
#> 4295               5              5       255        2006-06-09         Siward
#> 4296               3              2       232        2006-06-25            Ted
#> 4297               4              4       244        2006-05-22          Cleve
#> 4298               2              3       223        2006-05-09         Rozina
#> 4299               2              2       522        2006-11-22            Nap
#> 4300               4              3       143        2005-07-25       Federico
#> 4301               2              1       221        2006-05-01            Liv
#> 4302               5              5       555        2006-11-20          Melly
#> 4303               5              5       355        2006-08-28          Noemi
#> 4304               1              2       512        2006-11-10           Esma
#> 4305               5              5       355        2006-08-28         Galvan
#> 4306               2              1       121        2006-03-16       Vivyanne
#> 4307               1              1       111        2006-03-03         Randal
#> 4308               3              2       532        2006-11-01         Aguste
#> 4309               4              3       343        2006-08-17        Paulina
#> 4310               3              4       334        2006-08-18          Worth
#> 4311               2              2       522        2006-11-10            Wye
#> 4312               1              1       211        2006-05-29           Irma
#> 4313               5              5       455        2006-09-26          Minna
#> 4314               5              5       455        2006-09-17       Eberhard
#> 4315               5              5       355        2006-08-05        Lisbeth
#> 4316               4              5       445        2006-10-08         Mareah
#> 4317               2              2       422        2006-09-01            Peg
#> 4318               2              2       522        2006-12-26         Lynnet
#> 4319               3              3       333        2006-08-10        Lyndsay
#> 4320               5              5       455        2006-10-10         Carney
#> 4321               1              3       213        2006-07-05          Gaven
#> 4322               2              2       522        2006-10-22          Nevil
#> 4323               2              2       122        2006-02-12         Hertha
#> 4324               2              4       424        2006-09-20         Aguste
#> 4325               5              5       355        2006-08-24        Haleigh
#> 4326               5              5       455        2006-10-04            Fax
#> 4327               4              5       245        2006-05-14         Eartha
#> 4328               5              5       555        2006-11-05          Belia
#> 4329               1              1       211        2006-04-19          Fleur
#> 4330               1              1       111        2006-03-30        Alberto
#> 4331               1              1       111        2005-10-04          Erina
#> 4332               1              3       113        2005-09-28           Susy
#> 4333               2              3       223        2006-07-01        Ulysses
#> 4334               4              5       345        2006-08-03           Fina
#> 4335               3              4       534        2006-10-25      Hollyanne
#> 4336               1              2       412        2006-09-29           Erma
#> 4337               2              2       122        2006-03-30             Ag
#> 4338               5              5       355        2006-08-04          Meryl
#> 4339               4              3       543        2006-12-05          Merna
#> 4340               5              5       555        2006-11-11        Conrado
#> 4341               2              2       122        2005-04-18        Ambrose
#> 4342               2              2       422        2006-09-16          Berte
#> 4343               1              2       112        2005-10-22          Helli
#> 4344               4              5       245        2006-05-05         Peirce
#> 4345               3              4       534        2006-10-28       Clifford
#> 4346               5              5       255        2006-06-06        Merlina
#> 4347               1              1       111        2006-03-07          Dalia
#> 4348               4              4       544        2006-11-07         Jordan
#> 4349               1              2       512        2006-11-02         Gorden
#> 4350               4              3       343        2006-08-27         Kellia
#> 4351               2              4       124        2005-11-12          Eliot
#> 4352               1              2       412        2006-09-30       Charisse
#> 4353               2              3       323        2006-07-15       Ninnetta
#> 4354               1              3       113        2005-10-28       Brigitta
#> 4355               1              1       111        2005-10-12        Julissa
#> 4356               4              4       344        2006-07-22         Dorthy
#> 4357               1              1       111        2005-07-31           Tate
#> 4358               4              3       443        2006-09-08         Briana
#> 4359               5              5       455        2006-10-02       Annabell
#> 4360               4              4       344        2006-07-18        Hermann
#> 4361               1              1       211        2006-06-07          Chevy
#> 4362               3              3       233        2006-04-15         Shamus
#> 4363               1              1       211        2006-06-21        Lonnard
#> 4364               3              2       232        2006-06-21         Ginger
#> 4365               1              1       111        2006-04-08        Abraham
#> 4366               2              2       422        2006-09-08           Romy
#> 4367               5              5       555        2006-11-11       Roseline
#> 4368               2              4       124        2006-01-17          Gleda
#> 4369               4              2       242        2006-06-04            Van
#> 4370               4              4       144        2006-03-21         Tonnie
#> 4371               5              5       455        2006-10-05        Florina
#> 4372               1              1       111        2005-09-18        Antonio
#> 4373               2              3       423        2006-10-02         Athene
#> 4374               3              2       532        2006-12-19           Luce
#> 4375               1              3       513        2006-10-25          Ailyn
#> 4376               2              1       521        2006-12-05         Munmro
#> 4377               1              1       311        2006-08-16        Domingo
#> 4378               1              1       511        2006-11-20         Jemmie
#> 4379               2              2       122        2006-01-22       Eleonora
#> 4380               1              1       511        2006-12-22      Shoshanna
#> 4381               4              4       344        2006-07-30        Donovan
#> 4382               1              1       511        2006-12-19         Ardeen
#> 4383               4              5       445        2006-10-03           Rice
#> 4384               2              3       123        2005-12-18         Haskel
#> 4385               5              5       355        2006-08-21         Dianna
#> 4386               4              4       244        2006-06-24       Penelopa
#> 4387               5              5       255        2006-06-12         Marten
#> 4388               1              1       211        2006-06-19         Faydra
#> 4389               1              1       111        2005-12-08           Nels
#> 4390               4              4       144        2006-03-08          Brant
#> 4391               4              4       244        2006-06-20       Krishnah
#> 4392               5              5       555        2006-11-20         Saudra
#> 4393               2              4       224        2006-06-30         Ancell
#> 4394               5              4       554        2006-12-27          Baxie
#> 4395               5              5       455        2006-10-13          Verne
#> 4396               5              5       355        2006-07-25        Xymenes
#> 4397               1              3       213        2006-06-21         Billie
#> 4398               5              5       555        2006-12-30         Coriss
#> 4399               4              5       345        2006-08-16        Ainsley
#> 4400               2              3       223        2006-05-30             Jo
#> 4401               2              4       224        2006-05-30        Cosette
#> 4402               1              1       111        2005-06-16      Catherina
#> 4403               5              5       355        2006-07-26         Shelby
#> 4404               1              1       111        2005-08-25        Trenton
#> 4405               2              1       221        2006-07-01          Ozzie
#> 4406               1              1       111        2005-11-04       Parrnell
#> 4407               1              1       211        2006-05-19          Jodie
#> 4408               5              5       455        2006-09-15         Angele
#> 4409               1              1       311        2006-07-26     Hyacinthia
#> 4410               1              1       411        2006-10-15         Mahmud
#> 4411               2              2       222        2006-04-17         Clovis
#> 4412               4              5       245        2006-06-11          Maren
#> 4413               5              5       355        2006-08-15     Anna-maria
#> 4414               5              5       355        2006-07-30        Hartley
#> 4415               2              2       522        2006-12-16         Garnet
#> 4416               4              2       342        2006-08-08         Clovis
#> 4417               1              2       312        2006-07-21           King
#> 4418               4              3       443        2006-10-02           Lion
#> 4419               2              4       324        2006-08-02         Arnold
#> 4420               2              2       322        2006-07-27         Dannie
#> 4421               5              5       355        2006-08-17        Ameline
#> 4422               1              3       113        2005-09-10         Emmery
#> 4423               1              2       112        2005-09-08         Lonnie
#> 4424               2              3       123        2005-09-29          Emmey
#> 4425               5              5       155        2005-11-21         Garald
#> 4426               4              4       444        2006-10-07        Patrice
#> 4427               1              1       311        2006-07-20       Katrinka
#> 4428               4              5       145        2006-03-06        Pernell
#> 4429               4              5       245        2006-07-07        Emiline
#> 4430               3              2       132        2006-03-23        Neville
#> 4431               4              5       145        2006-02-19          Syman
#> 4432               1              3       213        2006-05-22          Bride
#> 4433               2              3       423        2006-08-29           Rafa
#> 4434               1              2       212        2006-06-17       Alphonso
#> 4435               3              3       533        2006-11-14           Boyd
#> 4436               2              4       324        2006-08-04        Auberon
#> 4437               3              3       433        2006-10-10          Dynah
#> 4438               1              3       513        2006-12-04          Jayme
#> 4439               5              5       255        2006-06-18         Kaylil
#> 4440               4              4       244        2006-04-29         Gasper
#> 4441               2              4       124        2006-02-19        Carmine
#> 4442               4              4       544        2006-11-01         Jaclin
#> 4443               1              1       111        2005-10-11       Courtney
#> 4444               2              2       522        2006-12-27        Nicolis
#> 4445               5              5       555        2006-10-21        Yehudit
#> 4446               2              3       323        2006-08-19         Shelbi
#> 4447               5              3       553        2006-10-22            Zed
#> 4448               1              1       411        2006-09-23       Willetta
#> 4449               5              5       355        2006-07-29        Marabel
#> 4450               2              3       323        2006-08-16       Karoline
#> 4451               4              3       343        2006-08-14        Rozalin
#> 4452               2              2       522        2006-11-17          Jonis
#> 4453               4              5       445        2006-09-10      Jessamine
#> 4454               1              2       412        2006-09-04            Gan
#> 4455               4              4       344        2006-07-12          Chane
#> 4456               1              1       111        2005-09-15       Yovonnda
#> 4457               5              3       453        2006-09-07          Selie
#> 4458               3              3       333        2006-08-26         Darsie
#> 4459               4              4       544        2006-11-09        Blondie
#> 4460               3              4       234        2006-05-30         Oswell
#> 4461               2              4       424        2006-09-26          Vania
#> 4462               1              1       211        2006-04-15         Roscoe
#> 4463               3              4       434        2006-10-05         Sydney
#> 4464               3              5       435        2006-09-22         Amelia
#> 4465               2              4       524        2006-11-04         Rayner
#> 4466               3              3       333        2006-07-30      Magdalene
#> 4467               1              1       111        2005-11-30          Muire
#> 4468               2              2       522        2006-11-01          Darin
#> 4469               2              3       223        2006-05-12      Archibald
#> 4470               4              5       545        2006-12-08         Andree
#> 4471               3              2       332        2006-08-15          Nydia
#> 4472               3              4       434        2006-09-08          Layla
#> 4473               1              1       411        2006-09-28         Astrix
#> 4474               2              3       123        2006-03-25         Jessee
#> 4475               4              5       245        2006-06-18         Verena
#> 4476               4              4       544        2006-11-14      Aristotle
#> 4477               3              4       234        2006-05-19         Hebert
#> 4478               5              5       255        2006-04-11         Estele
#> 4479               1              2       512        2006-11-17           Mack
#> 4480               4              4       244        2006-06-27         Myrtie
#> 4481               4              3       143        2005-12-11         Perren
#> 4482               4              4       444        2006-09-23          Willi
#> 4483               1              1       311        2006-07-14         Lynnea
#> 4484               1              1       511        2006-11-05         Myrtia
#> 4485               2              2       522        2006-10-21          Celie
#> 4486               1              3       313        2006-08-08       Sherilyn
#> 4487               2              2       522        2006-11-26            Flo
#> 4488               4              4       244        2006-07-02        Kennedy
#> 4489               4              1       441        2006-09-05        Jermain
#> 4490               2              2       122        2006-03-04          Abran
#> 4491               3              2       532        2006-11-24        Nikolia
#> 4492               5              5       355        2006-08-27          Lonni
#> 4493               4              4       244        2006-05-06          Raviv
#> 4494               1              1       511        2006-10-21           Evyn
#> 4495               5              5       255        2006-07-08           Jard
#> 4496               5              4       354        2006-08-16            Ivy
#> 4497               1              1       211        2006-07-03         Catlin
#> 4498               4              4       244        2006-05-20           Kain
#> 4499               3              4       134        2005-11-10          Bogey
#> 4500               5              3       353        2006-08-12        Giorgio
#> 4501               1              3       313        2006-08-22         Rogers
#> 4502               1              2       212        2006-05-07          Letty
#> 4503               4              5       345        2006-07-16          Perle
#> 4504               5              3       553        2006-10-29        Latrina
#> 4505               2              3       323        2006-08-04           Nedi
#> 4506               4              5       245        2006-06-24            Kin
#> 4507               2              3       423        2006-09-15          Vinni
#> 4508               4              5       245        2006-04-23        Kliment
#> 4509               5              5       255        2006-06-20           Izzy
#> 4510               4              4       344        2006-08-09        Laryssa
#> 4511               1              1       411        2006-08-31      Dominique
#> 4512               2              4       524        2006-12-13          Alfie
#> 4513               2              3       423        2006-08-31         Gizela
#> 4514               1              1       511        2006-10-21        Artemus
#> 4515               1              1       111        2005-12-24        Nicolai
#> 4516               2              2       322        2006-07-23        Arnoldo
#> 4517               5              4       454        2006-08-31           Olly
#> 4518               5              5       555        2006-11-21        Cherise
#> 4519               4              5       545        2006-10-24          Heath
#> 4520               2              3       223        2006-06-04          Arlen
#> 4521               5              3       553        2006-10-28       Guilbert
#> 4522               5              5       555        2006-11-18          Maddy
#> 4523               4              4       444        2006-09-21          Heath
#> 4524               3              4       134        2006-04-07          Dedra
#> 4525               4              2       242        2006-06-25         Marlon
#> 4526               3              5       235        2006-06-26          Gaven
#> 4527               2              2       122        2006-02-15            Cob
#> 4528               5              4       454        2006-09-24         Orazio
#> 4529               5              5       355        2006-08-22        Idaline
#> 4530               4              4       544        2006-10-23           Saba
#> 4531               5              5       555        2006-11-12         Florie
#> 4532               1              1       111        2005-06-06          Della
#> 4533               1              1       311        2006-07-09        Loraine
#> 4534               2              3       523        2006-11-26       Winthrop
#> 4535               2              2       422        2006-10-08          Moore
#> 4536               1              1       111        2005-08-03          Glenn
#> 4537               2              2       322        2006-07-27       Margalit
#> 4538               2              2       522        2006-11-07          Bogey
#> 4539               2              1       221        2006-07-01          Corny
#> 4540               1              3       213        2006-06-16        Jocelyn
#> 4541               5              5       555        2006-11-20         Leonid
#> 4542               1              2       112        2006-03-17          Fleur
#> 4543               2              3       323        2006-08-04          Riley
#> 4544               4              5       545        2006-11-30          Niven
#> 4545               2              3       523        2006-12-14            Arv
#> 4546               3              2       132        2005-10-29         Skyler
#> 4547               3              3       233        2006-07-06          Kevan
#> 4548               5              5       455        2006-09-01       Griselda
#> 4549               4              4       444        2006-09-22       Kamillah
#> 4550               4              5       545        2006-11-03        Cacilia
#> 4551               2              1       321        2006-08-13        Marylee
#> 4552               3              2       332        2006-08-18        Maryann
#> 4553               4              4       544        2006-10-29          Ethyl
#> 4554               3              4       134        2006-02-22        Alfredo
#> 4555               1              2       212        2006-06-15            Ros
#> 4556               5              5       355        2006-07-28        Carline
#> 4557               4              3       543        2006-12-15          Randy
#> 4558               2              1       121        2006-03-16      Johnathon
#> 4559               2              1       521        2006-12-12        Rancell
#> 4560               2              2       222        2006-05-23         Yasmin
#> 4561               4              3       443        2006-09-06            Sal
#> 4562               1              1       211        2006-06-21           Bone
#> 4563               1              1       111        2005-11-15          Nicky
#> 4564               4              5       545        2006-12-24            Ali
#> 4565               4              5       345        2006-08-17        Laurent
#> 4566               2              2       322        2006-08-20           Lida
#> 4567               4              5       345        2006-08-28           Eada
#> 4568               3              4       334        2006-07-14         Danita
#> 4569               2              1       121        2005-11-01       Hendrick
#> 4570               2              1       221        2006-07-07        Delcine
#> 4571               1              1       111        2006-01-29         Skelly
#> 4572               4              3       543        2006-10-20         Sibbie
#> 4573               1              2       412        2006-09-28        Cameron
#> 4574               4              5       545        2006-10-21        Paulita
#> 4575               3              3       133        2005-08-19         Erhard
#> 4576               2              4       124        2005-08-15          Moyra
#> 4577               2              2       522        2006-10-24         Blondy
#> 4578               4              5       345        2006-07-23         Willem
#> 4579               2              2       122        2006-04-08          Jabez
#> 4580               4              3       143        2005-07-27       Albrecht
#> 4581               3              4       334        2006-08-13        Sauncho
#> 4582               4              5       145        2006-03-22             Hi
#> 4583               5              5       455        2006-10-06          Dylan
#> 4584               5              5       155        2006-02-02       Rodrique
#> 4585               1              2       412        2006-09-30           Arly
#> 4586               2              2       422        2006-10-05     Christalle
#> 4587               3              2       432        2006-10-13          Mandy
#> 4588               1              1       111        2006-01-17          Goldi
#> 4589               3              4       234        2006-04-30       Karlotta
#> 4590               2              2       222        2006-05-09           Fran
#> 4591               5              4       254        2006-06-02        Giacopo
#> 4592               1              4       214        2006-05-19       Prudence
#> 4593               3              2       232        2006-06-08           Aldo
#> 4594               1              4       314        2006-07-30          Mendy
#> 4595               4              3       243        2006-06-12          Kleon
#> 4596               5              5       455        2006-09-09         Zulema
#> 4597               1              1       511        2006-12-03           Gard
#> 4598               5              5       455        2006-09-24         Fonzie
#> 4599               4              5       445        2006-09-20         Meghan
#> 4600               4              4       444        2006-10-10          Becki
#> 4601               1              1       311        2006-08-05        Brigham
#> 4602               2              2       522        2006-11-02           Alix
#> 4603               4              5       445        2006-10-12        Dimitri
#> 4604               5              5       355        2006-07-24           Jodi
#> 4605               2              2       322        2006-08-24         Manuel
#> 4606               4              2       142        2006-02-21         Gretna
#> 4607               3              3       133        2005-10-02           Toma
#> 4608               3              3       133        2005-08-14         Brigid
#> 4609               3              3       433        2006-09-06        Nananne
#> 4610               5              5       455        2006-10-09           Alix
#> 4611               2              2       322        2006-08-09          Benji
#> 4612               5              5       555        2006-10-23         Marsha
#> 4613               2              3       223        2006-04-29       Cecilius
#> 4614               2              2       122        2005-11-25         Shanta
#> 4615               4              4       444        2006-10-15         Nadean
#> 4616               1              1       411        2006-09-05            Asa
#> 4617               2              2       222        2006-04-27        Mitchel
#> 4618               2              2       322        2006-08-12          Blair
#> 4619               1              3       113        2005-10-13        Abrahan
#> 4620               4              4       544        2006-11-16       Winfield
#> 4621               2              3       223        2006-06-05        Blinnie
#> 4622               2              2       322        2006-07-26          Camel
#> 4623               5              5       555        2006-11-10       Valentin
#> 4624               5              3       453        2006-09-14          Pedro
#> 4625               4              4       444        2006-09-27          Marci
#> 4626               4              3       543        2006-12-16          Alano
#> 4627               4              3       243        2006-07-01         Fallon
#> 4628               1              1       311        2006-08-26         Tracey
#> 4629               2              1       221        2006-05-10          Selia
#> 4630               5              5       255        2006-04-18            Ted
#> 4631               3              3       133        2005-12-29          Blair
#> 4632               2              3       223        2006-06-09        Tiffany
#> 4633               5              5       255        2006-05-01      Cherilynn
#> 4634               4              4       144        2005-10-12         Joella
#> 4635               1              1       111        2005-09-20        Justine
#> 4636               1              1       111        2005-09-01          Jeane
#> 4637               1              1       311        2006-07-10          Jessa
#> 4638               2              1       521        2006-11-20           Augy
#> 4639               4              3       143        2005-11-13         Oliver
#> 4640               1              1       111        2005-10-13          Mamie
#> 4641               1              1       211        2006-05-28          Blane
#> 4642               1              1       511        2006-10-26          Tilly
#> 4643               3              4       234        2006-04-13            Wyn
#> 4644               1              1       211        2006-05-10          Paxon
#> 4645               5              5       555        2006-11-03          Patty
#> 4646               2              2       122        2005-10-05       Katerine
#> 4647               1              1       111        2005-10-01          Hatti
#> 4648               4              5       445        2006-09-09     Bonnibelle
#> 4649               1              2       112        2005-07-22        Estevan
#> 4650               2              2       222        2006-06-20         Oberon
#> 4651               1              1       211        2006-05-04       Maurizia
#> 4652               5              4       354        2006-07-28       Thedrick
#> 4653               2              1       521        2006-12-25       Margeaux
#> 4654               2              2       222        2006-05-14          Emmye
#> 4655               2              3       223        2006-05-15         Gaspar
#> 4656               5              5       255        2006-06-01          Errol
#> 4657               4              5       445        2006-09-26        Silvain
#> 4658               4              4       144        2005-11-07           Nike
#> 4659               3              4       534        2006-11-28        Anthony
#> 4660               3              1       431        2006-09-22        Amandie
#> 4661               1              1       111        2006-01-23        Christy
#> 4662               4              4       544        2006-11-10            Lew
#> 4663               4              4       544        2006-12-05       Hendrick
#> 4664               4              4       444        2006-10-06          Pippo
#> 4665               4              5       245        2006-05-03         Kippar
#> 4666               4              4       444        2006-10-01          Rosie
#> 4667               2              4       524        2006-12-18           Tann
#> 4668               4              4       144        2005-11-15        Sampson
#> 4669               4              3       543        2006-12-13          Quent
#> 4670               2              2       122        2005-11-28        Katinka
#> 4671               1              1       211        2006-06-07            Fay
#> 4672               3              4       334        2006-07-27        Carolin
#> 4673               4              3       543        2006-11-09      Stephanus
#> 4674               4              1       541        2006-10-21          Darci
#> 4675               1              2       312        2006-07-10           Orly
#> 4676               2              3       523        2006-11-08          Xenia
#> 4677               1              1       411        2006-10-12           Rori
#> 4678               5              5       455        2006-09-17         Krista
#> 4679               2              3       523        2006-12-18           Rita
#> 4680               2              3       123        2006-01-24        Lisetta
#> 4681               1              1       111        2005-11-07         Turner
#> 4682               1              1       211        2006-05-14         Carmen
#> 4683               4              4       344        2006-07-20        Stavros
#> 4684               1              1       311        2006-08-02         Bobbee
#> 4685               1              1       111        2005-12-10         Trisha
#> 4686               1              1       411        2006-09-06         Vergil
#> 4687               1              2       212        2006-06-26       Panchito
#> 4688               1              2       512        2006-12-01          Sonny
#> 4689               4              5       245        2006-07-05          Juana
#> 4690               5              5       155        2006-01-28     Petronella
#> 4691               1              1       111        2005-07-23         Danila
#> 4692               5              4       154        2006-01-20          Adina
#> 4693               1              1       211        2006-06-10         Malchy
#> 4694               2              3       523        2006-12-17       Marianne
#> 4695               5              3       453        2006-10-12          Skipp
#> 4696               3              5       135        2005-10-27         Elijah
#> 4697               1              2       312        2006-08-19          Karin
#> 4698               4              4       444        2006-10-03          Frans
#> 4699               1              1       211        2006-04-14           Riva
#> 4700               3              3       233        2006-04-15         Adorne
#> 4701               4              5       245        2006-07-04         Barrie
#> 4702               5              5       555        2006-11-11            Uta
#> 4703               1              1       311        2006-08-17         Arlene
#> 4704               5              5       455        2006-10-14        Danette
#> 4705               5              5       355        2006-07-13         Sabine
#> 4706               2              4       124        2005-07-24          Trent
#> 4707               1              1       111        2006-02-19           Adah
#> 4708               1              3       213        2006-06-28         Talbot
#> 4709               5              4       154        2005-12-20       Blakelee
#> 4710               3              2       232        2006-07-01         Sharyl
#> 4711               2              1       321        2006-08-21        Stefano
#> 4712               2              5       525        2006-12-17        Kaleena
#> 4713               3              4       334        2006-08-18         Deidre
#> 4714               4              4       344        2006-08-13          Jacob
#> 4715               5              5       555        2006-11-06          Mandy
#> 4716               3              2       432        2006-09-11          Brook
#> 4717               1              1       311        2006-08-07        Fredric
#> 4718               1              1       111        2006-04-08         Cletus
#> 4719               5              5       455        2006-09-23       Papagena
#> 4720               3              2       532        2006-11-15        Clemmie
#> 4721               1              1       311        2006-08-21          Selig
#> 4722               4              2       342        2006-08-13         Kennan
#> 4723               3              4       534        2006-11-26          Monro
#> 4724               1              2       412        2006-10-13          Alfie
#> 4725               2              2       322        2006-08-03          Selma
#> 4726               1              1       211        2006-06-16         Ashley
#> 4727               1              1       311        2006-08-14        Juditha
#> 4728               1              1       211        2006-05-09        Haywood
#> 4729               5              4       554        2006-12-28           Adah
#> 4730               4              4       444        2006-09-04         Byrann
#> 4731               1              2       312        2006-08-20           Ivan
#> 4732               4              5       145        2005-11-16        Graehme
#> 4733               1              1       311        2006-08-09         Kathye
#> 4734               1              1       111        2005-07-07      Stephanus
#> 4735               2              3       523        2006-12-23         Cazzie
#> 4736               5              5       555        2006-12-28        Halette
#> 4737               1              1       511        2006-10-23         Eadith
#> 4738               4              3       243        2006-07-01         Aubine
#> 4739               4              2       242        2006-06-26         Missie
#> 4740               2              3       423        2006-09-09           Anet
#> 4741               4              4       344        2006-07-13         Xerxes
#> 4742               3              4       234        2006-05-06           Ozzy
#> 4743               4              4       244        2006-06-19         Lorain
#> 4744               1              1       511        2006-11-23          Jobie
#> 4745               2              4       424        2006-09-25          Jeana
#> 4746               4              4       444        2006-09-04       Clarence
#> 4747               2              1       521        2006-11-02           Dari
#> 4748               5              5       355        2006-08-03          Midge
#> 4749               5              5       355        2006-07-09          Nobie
#> 4750               2              5       325        2006-07-16        Stewart
#> 4751               2              2       522        2006-10-23     Hyacinthie
#> 4752               1              1       411        2006-09-19       Analiese
#> 4753               2              3       423        2006-08-31         Elicia
#> 4754               4              3       243        2006-06-29         Arturo
#> 4755               3              5       235        2006-04-27          Costa
#> 4756               2              4       224        2006-04-11          Maura
#> 4757               4              4       344        2006-07-18         Corrie
#> 4758               2              2       522        2006-12-08           Rebe
#> 4759               3              3       333        2006-08-09         Lenore
#> 4760               3              2       232        2006-05-18          Tilly
#> 4761               4              5       445        2006-09-02          Kaile
#> 4762               1              1       211        2006-07-08        Delbert
#> 4763               1              1       111        2006-02-26           Kirk
#> 4764               5              5       455        2006-10-11          Kylen
#> 4765               4              4       244        2006-06-25     Michaeline
#> 4766               1              1       211        2006-06-05         Tanhya
#> 4767               5              5       255        2006-05-31     Bonnibelle
#> 4768               2              2       422        2006-09-20        Ginelle
#> 4769               4              4       244        2006-06-18       Celestyn
#> 4770               4              3       243        2006-07-02      Hortensia
#> 4771               1              1       411        2006-10-09          Jandy
#> 4772               3              3       133        2005-09-11         Madlin
#> 4773               5              5       255        2006-07-02          Cheri
#> 4774               2              4       424        2006-09-06           Adda
#> 4775               3              3       433        2006-10-04    Christopher
#> 4776               3              2       532        2006-11-29     Sigismundo
#> 4777               2              1       121        2006-03-06           Fons
#> 4778               1              1       411        2006-10-15         Cullen
#> 4779               3              4       434        2006-10-01         Tressa
#> 4780               1              1       111        2005-07-10          Bevan
#> 4781               2              1       421        2006-09-19         Antone
#> 4782               3              2       132        2006-03-25         Hammad
#> 4783               2              1       121        2006-03-30         Malina
#> 4784               5              5       455        2006-09-27         Tallie
#> 4785               1              1       211        2006-06-14          Anson
#> 4786               1              1       311        2006-07-26         Leisha
#> 4787               1              1       411        2006-09-09          Edith
#> 4788               1              1       311        2006-07-19          Erwin
#> 4789               3              2       432        2006-09-19         Sheena
#> 4790               3              3       333        2006-07-09         Manuel
#> 4791               1              2       412        2006-08-30         Oswald
#> 4792               2              3       523        2006-11-05            Dag
#> 4793               1              3       113        2006-01-19        Quincey
#> 4794               1              3       313        2006-07-16         Rozele
#> 4795               2              1       221        2006-06-14         Thorny
#> 4796               3              2       532        2006-12-23         Antone
#> 4797               5              5       355        2006-08-15          Lewes
#> 4798               2              3       123        2005-11-27          Alvin
#> 4799               3              4       434        2006-09-26            Zea
#> 4800               2              3       323        2006-08-22          Calli
#> 4801               2              3       223        2006-06-20        Quentin
#> 4802               4              5       345        2006-08-08          Alena
#> 4803               5              5       555        2006-11-03         Tildie
#> 4804               1              1       311        2006-07-30         Gorden
#> 4805               1              2       112        2005-12-05      Marmaduke
#> 4806               5              5       255        2006-05-31       Vivianna
#> 4807               4              4       344        2006-08-11         Marnia
#> 4808               2              2       122        2005-10-03         Martyn
#> 4809               3              1       531        2006-11-25          Hally
#> 4810               4              3       243        2006-06-13           Alfy
#> 4811               2              3       423        2006-10-08           Kyle
#> 4812               2              2       522        2006-11-18          Audie
#> 4813               4              4       144        2006-02-04       Chloette
#> 4814               2              3       123        2006-03-07      Donnajean
#> 4815               5              5       255        2006-06-28       Madeline
#> 4816               1              4       214        2006-06-04         Enrico
#> 4817               5              5       255        2006-06-07          Denni
#> 4818               5              4       354        2006-08-15           Jeni
#> 4819               1              2       112        2006-01-04          Cordi
#> 4820               3              5       435        2006-09-14          Trent
#> 4821               5              5       455        2006-08-31      Valentine
#> 4822               5              5       355        2006-08-25        Graehme
#> 4823               5              5       455        2006-10-01          Lewes
#> 4824               1              1       111        2006-03-03       Blakelee
#> 4825               4              3       543        2006-11-13      Gaultiero
#> 4826               4              4       344        2006-08-03          Cyndi
#> 4827               2              3       423        2006-09-02           Risa
#> 4828               5              5       355        2006-08-23          Anton
#> 4829               5              5       455        2006-09-20         Tammie
#> 4830               4              3       543        2006-11-19          Corri
#> 4831               3              5       135        2006-01-31        Emeline
#> 4832               5              5       455        2006-10-09         Franky
#> 4833               4              4       344        2006-08-20         Joelly
#> 4834               3              4       134        2006-01-08      Ellswerth
#> 4835               5              5       555        2006-11-04           Vere
#> 4836               2              4       224        2006-06-03        Gweneth
#> 4837               3              5       235        2006-06-16            Pat
#> 4838               1              1       311        2006-08-20        Lucinda
#> 4839               2              2       422        2006-09-20         Roanne
#> 4840               2              4       224        2006-06-16        Normand
#> 4841               4              4       444        2006-10-11        Randall
#> 4842               1              2       312        2006-08-19        Maynord
#> 4843               1              2       312        2006-07-15       Morganne
#> 4844               4              3       343        2006-08-02        Trescha
#> 4845               3              4       134        2006-03-20       Antonino
#> 4846               2              2       522        2006-11-17           Mata
#> 4847               3              4       234        2006-05-28         Cyrill
#> 4848               4              5       445        2006-09-30           Benn
#> 4849               1              1       211        2006-04-15          Bevan
#> 4850               2              2       222        2006-05-02       Alexandr
#> 4851               5              4       354        2006-07-15         Jervis
#> 4852               1              2       312        2006-07-23      Catharina
#> 4853               1              1       211        2006-04-13        Mabelle
#> 4854               2              4       424        2006-10-10          Gregg
#> 4855               2              1       221        2006-06-01          Sarah
#> 4856               1              1       211        2006-05-05       Christie
#> 4857               4              4       344        2006-08-16        Gabriel
#> 4858               3              3       133        2005-12-06        Lauritz
#> 4859               2              2       422        2006-09-24         Durand
#> 4860               1              1       111        2005-07-01      Annamaria
#> 4861               1              1       111        2005-12-08          Brena
#> 4862               5              3       553        2006-11-05         Hermon
#> 4863               1              1       311        2006-07-23          Drusi
#> 4864               1              1       111        2005-11-15         Sonnie
#> 4865               4              4       444        2006-10-16       Gilligan
#> 4866               1              2       212        2006-06-01      Shandeigh
#> 4867               2              4       124        2005-08-11        Micheil
#> 4868               3              3       533        2006-11-09          Garik
#> 4869               4              4       444        2006-09-28           Kent
#> 4870               3              4       134        2005-09-30       Osbourne
#> 4871               5              5       555        2006-12-04          Nydia
#> 4872               2              3       123        2006-01-18      Katherina
#> 4873               2              4       224        2006-05-20        Correna
#> 4874               5              5       555        2006-12-03         Kalila
#> 4875               5              4       354        2006-08-26         Jerald
#> 4876               3              1       231        2006-06-22        Darlene
#> 4877               1              1       111        2006-03-04         Cazzie
#> 4878               2              4       224        2006-04-23         Joyann
#> 4879               1              2       212        2006-04-18        Tirrell
#> 4880               3              2       132        2006-03-13          Timmy
#> 4881               1              1       111        2005-11-19           Brok
#> 4882               1              1       111        2005-08-10            Rob
#> 4883               1              1       211        2006-04-26      Annadiane
#> 4884               4              4       544        2006-12-12          Beryl
#> 4885               5              5       255        2006-06-24          Maude
#> 4886               3              4       434        2006-10-02          Tanya
#> 4887               3              4       334        2006-07-21           Ezri
#> 4888               3              4       534        2006-10-25          Carey
#> 4889               2              2       122        2005-12-27         Sisely
#> 4890               3              3       333        2006-08-18      Catharina
#> 4891               2              5       425        2006-09-09           Merv
#> 4892               5              5       355        2006-07-10           Yale
#> 4893               1              2       112        2005-11-05           Aggi
#> 4894               3              3       333        2006-07-24       Alasteir
#> 4895               4              5       245        2006-06-27       Hilarius
#> 4896               2              2       422        2006-09-09      Anneliese
#> 4897               4              4       544        2006-11-26          Alida
#> 4898               1              2       512        2006-11-03            Dag
#> 4899               2              2       422        2006-09-24      Betteanne
#> 4900               2              1       121        2005-11-25            Der
#> 4901               2              3       523        2006-11-28        Othilia
#> 4902               5              5       555        2006-11-25           Finn
#> 4903               1              1       211        2006-04-26         Randie
#> 4904               3              5       535        2006-12-25          Addia
#> 4905               2              3       223        2006-05-30         Shermy
#> 4906               4              4       444        2006-10-07         Travus
#> 4907               5              5       255        2006-06-18          Heath
#> 4908               2              2       422        2006-09-12          Susie
#> 4909               3              3       333        2006-07-24           Lana
#> 4910               5              4       354        2006-08-16          Calli
#> 4911               4              2       142        2005-09-27             Bo
#> 4912               2              2       222        2006-06-21         Leigha
#> 4913               2              2       522        2006-10-23            Lil
#> 4914               4              3       543        2006-11-23           Dara
#> 4915               1              3       113        2006-02-20     Petronilla
#> 4916               1              2       312        2006-07-30         Cloris
#> 4917               4              5       245        2006-04-19        Natalee
#> 4918               4              4       244        2006-06-29         Lesley
#> 4919               4              3       543        2006-10-20          Eadie
#> 4920               4              4       444        2006-10-16        Zsa zsa
#> 4921               5              5       355        2006-08-21      Natividad
#> 4922               3              2       532        2006-10-18      Radcliffe
#> 4923               3              2       232        2006-04-22       Gauthier
#> 4924               4              4       444        2006-10-12           Lila
#> 4925               2              2       222        2006-05-13         Kissie
#> 4926               1              2       112        2006-02-20           Tate
#> 4927               1              1       311        2006-07-28            Orv
#> 4928               4              4       544        2006-12-02        Umberto
#> 4929               3              4       434        2006-09-03        Wilfred
#> 4930               3              4       534        2006-11-02         Marena
#> 4931               4              5       145        2006-03-05          Niven
#> 4932               2              3       323        2006-08-10       Beverley
#> 4933               1              2       512        2006-12-10          Jamal
#> 4934               4              4       444        2006-09-12          Susie
#> 4935               1              2       112        2005-08-25         Morley
#> 4936               5              5       355        2006-07-29          Jolie
#> 4937               1              2       312        2006-08-03         Stephi
#> 4938               2              1       421        2006-09-25       Raimundo
#> 4939               5              5       355        2006-08-03           Gian
#> 4940               5              5       255        2006-05-02        Pebrook
#> 4941               1              1       111        2005-07-29         Trever
#> 4942               5              5       455        2006-09-29        Antonio
#> 4943               2              3       123        2005-12-03         Delila
#> 4944               1              1       411        2006-10-14        Talbert
#> 4945               1              2       212        2006-06-17          Ricki
#> 4946               4              4       244        2006-04-14         Albert
#> 4947               1              3       113        2005-07-09       Marietta
#> 4948               5              5       255        2006-06-24        Edgardo
#> 4949               4              4       444        2006-09-22          Joyan
#> 4950               5              5       355        2006-07-26         Sondra
#> 4951               2              4       224        2006-06-03          Julio
#> 4952               2              3       223        2006-05-13          Brear
#> 4953               2              2       122        2006-01-22         Dalton
#> 4954               1              1       511        2006-11-07       Griselda
#> 4955               5              5       555        2006-11-17         Elmira
#> 4956               5              5       555        2006-12-01          Ryley
#> 4957               2              1       421        2006-09-19          Sibby
#> 4958               2              1       521        2006-11-23         Rockie
#> 4959               2              3       223        2006-06-17          Hobey
#> 4960               4              3       543        2006-12-16      Chevalier
#> 4961               5              5       555        2006-12-25      Stanfield
#> 4962               2              3       123        2005-07-21          Mario
#> 4963               5              5       455        2006-09-20        Karlens
#> 4964               2              3       123        2006-01-09         Noelle
#> 4965               1              2       212        2006-04-11        Karalee
#> 4966               1              2       512        2006-12-04          Darcy
#> 4967               5              5       555        2006-12-29           Josh
#> 4968               1              2       112        2005-11-23        Melania
#> 4969               5              4       454        2006-10-01       Aguistin
#> 4970               2              4       124        2005-12-08       Doralynn
#> 4971               1              2       212        2006-06-18        Sybilla
#> 4972               3              3       433        2006-10-16       Martainn
#> 4973               3              1       431        2006-09-16       Teresina
#> 4974               3              3       233        2006-05-06         Falito
#> 4975               3              5       535        2006-12-13          Ingra
#> 4976               2              2       122        2006-02-09         Skelly
#> 4977               3              4       434        2006-10-04           Sile
#> 4978               1              3       513        2006-11-26           Marv
#> 4979               3              3       133        2005-10-12         Jarrad
#> 4980               1              1       111        2006-01-08          Bengt
#> 4981               5              5       555        2006-11-10         Aharon
#> 4982               5              4       454        2006-10-04          Quinn
#> 4983               4              4       544        2006-11-01        Obadiah
#> 4984               4              5       145        2005-11-13      Elbertina
#> 4985               1              1       411        2006-08-29           Lona
#> 4986               1              2       212        2006-06-28         Garrek
#> 4987               2              3       323        2006-07-27       Shaylynn
#> 4988               4              2       542        2006-11-20         Zollie
#> 4989               2              1       221        2006-07-06          Karen
#> 4990               1              2       512        2006-11-21          Titos
#> 4991               4              3       343        2006-07-11          Dante
#> 4992               2              2       422        2006-09-29         Rickey
#> 4993               1              3       113        2006-03-27           Brit
#> 4994               2              2       422        2006-09-12           Dunc
#> 4995               1              2       112        2005-12-27          Onfre
#> 4996               4              3       443        2006-10-16     Bernadette
#> 4997               4              4       344        2006-08-14        Claudio
#> 4998               1              2       212        2006-05-09           Suki
#> 4999               1              1       311        2006-08-17       Claresta
#> 5000               4              1       541        2006-11-28        Iormina
#> 5001               5              5       255        2006-06-26         Dorise
#> 5002               1              2       312        2006-08-18          Booth
#> 5003               3              1       431        2006-09-09       Jedidiah
#> 5004               5              4       254        2006-06-21         Ashien
#> 5005               4              3       143        2006-01-23        Shandee
#> 5006               2              3       423        2006-09-10        Rebecka
#> 5007               2              3       123        2005-11-13        Atlanta
#> 5008               2              1       121        2006-03-19          Adele
#> 5009               2              2       422        2006-09-18        Petrina
#> 5010               2              1       321        2006-08-04        Damiano
#> 5011               1              1       211        2006-06-18         Velvet
#> 5012               5              5       455        2006-10-01         Rebeca
#> 5013               2              1       421        2006-09-26          Lexis
#> 5014               4              4       144        2005-10-16          Hetti
#> 5015               1              3       413        2006-09-20        Clemmie
#> 5016               1              1       111        2006-02-14         Blayne
#> 5017               3              2       332        2006-08-26          Beale
#> 5018               3              2       132        2005-12-30        Sharron
#> 5019               2              2       222        2006-05-19           Gage
#> 5020               5              5       455        2006-09-21       Winifred
#> 5021               5              5       255        2006-07-02      Clayborne
#> 5022               3              5       235        2006-07-03         Sanson
#> 5023               3              4       534        2006-11-13       Federica
#> 5024               3              3       433        2006-10-10         Jarret
#> 5025               2              4       224        2006-06-28       Emmalynn
#> 5026               1              1       111        2005-11-15         Chrysa
#> 5027               5              5       355        2006-07-31           Avis
#> 5028               4              3       243        2006-05-22      Harrietta
#> 5029               2              1       221        2006-06-05        Krispin
#> 5030               5              4       354        2006-08-05      Gertrudis
#> 5031               4              3       343        2006-07-09           Rees
#> 5032               4              5       245        2006-05-09         Karrah
#> 5033               4              5       545        2006-10-17          Kevin
#> 5034               3              3       533        2006-10-23         Maible
#> 5035               5              5       455        2006-09-04            Tam
#> 5036               4              5       245        2006-04-25         Porter
#> 5037               2              1       221        2006-04-24         Anetta
#> 5038               2              3       323        2006-08-27          Major
#> 5039               4              5       245        2006-07-06          Jacki
#> 5040               3              4       234        2006-06-13        Patrick
#> 5041               1              2       512        2006-11-05        Florida
#> 5042               1              3       313        2006-08-06          Lizzy
#> 5043               2              4       224        2006-06-17          Danya
#> 5044               5              5       555        2006-12-10         Orella
#> 5045               2              4       224        2006-05-03        Delinda
#> 5046               3              2       432        2006-09-18        Bentlee
#> 5047               1              1       211        2006-04-16         Natala
#> 5048               3              4       334        2006-08-17          Rodge
#> 5049               2              2       522        2006-12-22         Munroe
#> 5050               4              4       344        2006-08-21         Leigha
#> 5051               1              2       312        2006-08-25       Barbette
#> 5052               2              3       223        2006-06-14       Kerianne
#> 5053               1              1       111        2005-01-06     Maximilian
#> 5054               2              3       123        2006-02-13       Joycelin
#> 5055               1              1       411        2006-10-12       Rosaleen
#> 5056               2              3       523        2006-11-19        Elliott
#> 5057               4              3       343        2006-07-27          Elita
#> 5058               5              5       355        2006-07-25      Maighdiln
#> 5059               5              5       255        2006-05-22           Erie
#> 5060               2              2       122        2006-03-21       Muhammad
#> 5061               2              2       122        2006-03-24         Alysia
#> 5062               1              1       511        2006-11-07           Arin
#> 5063               4              3       243        2006-07-07           Shay
#> 5064               3              4       534        2006-11-08        Lisetta
#> 5065               3              2       432        2006-09-01          Cally
#> 5066               5              4       254        2006-06-14         Georgi
#> 5067               2              3       223        2006-04-26        Bertram
#> 5068               4              4       444        2006-09-30         Gideon
#> 5069               2              1       121        2005-11-12         Regine
#> 5070               1              4       314        2006-07-30          Giles
#> 5071               1              1       111        2006-03-18          Dolly
#> 5072               1              1       411        2006-09-15         Cornie
#> 5073               3              3       333        2006-08-16          Sofie
#> 5074               1              1       111        2006-03-10         Delmer
#> 5075               5              5       255        2006-06-12          Caryn
#> 5076               2              4       424        2006-09-15      Llewellyn
#> 5077               2              2       422        2006-09-06        Winslow
#> 5078               2              2       122        2006-02-28        Bertine
#> 5079               4              5       445        2006-10-03          Clive
#> 5080               2              1       321        2006-07-25          Mayer
#> 5081               2              3       523        2006-12-05         Cathie
#> 5082               2              2       222        2006-05-27         Shanie
#> 5083               5              5       555        2006-12-22          Hiram
#> 5084               2              3       423        2006-09-22       Bearnard
#> 5085               1              3       513        2006-11-04          Bonni
#> 5086               4              5       445        2006-09-19          Vally
#> 5087               5              5       555        2006-10-29        Myranda
#> 5088               3              3       233        2006-05-22         Orazio
#> 5089               2              4       524        2006-11-24        Krishna
#> 5090               5              4       454        2006-09-01           Tani
#> 5091               2              3       523        2006-10-27            Ive
#> 5092               4              4       344        2006-08-17         Stormy
#> 5093               4              5       445        2006-09-13          Skipp
#> 5094               5              4       554        2006-10-19         Emelda
#> 5095               1              1       111        2006-03-20          Noemi
#> 5096               4              5       545        2006-12-02        Cecilia
#> 5097               2              4       524        2006-11-03           Luca
#> 5098               4              3       543        2006-12-20     Bernardina
#> 5099               2              3       523        2006-10-30       Sheelagh
#> 5100               1              1       311        2006-07-27       Madeline
#> 5101               5              5       255        2006-07-01          Haily
#> 5102               2              2       522        2006-12-04        Brigida
#> 5103               5              5       555        2006-10-26         Stinky
#> 5104               2              3       223        2006-07-02       Katrinka
#> 5105               5              5       455        2006-09-23         Deanne
#> 5106               2              2       122        2006-01-08         Ludwig
#> 5107               1              1       211        2006-05-11         Nickie
#> 5108               5              5       555        2006-12-30        Christy
#> 5109               4              3       543        2006-11-10         Zorana
#> 5110               1              2       212        2006-07-03           Conn
#> 5111               1              2       112        2005-12-11      Ernestine
#> 5112               2              3       323        2006-08-21           Cece
#> 5113               5              5       455        2006-09-22           Sean
#> 5114               2              2       222        2006-04-21         Sharon
#> 5115               2              2       122        2005-10-22            Cal
#> 5116               1              1       311        2006-07-16         Reggie
#> 5117               4              4       544        2006-10-27           Adan
#> 5118               4              4       544        2006-11-07        Ottilie
#> 5119               4              4       244        2006-06-06        Durante
#> 5120               1              2       512        2006-12-11         Derick
#> 5121               5              5       555        2006-11-13         Welbie
#> 5122               4              4       144        2005-10-23         Bernie
#> 5123               2              2       322        2006-07-29          Bruis
#> 5124               3              3       433        2006-10-14      Chevalier
#> 5125               3              3       433        2006-09-22          Kasey
#> 5126               2              4       524        2006-11-16         Pamela
#> 5127               1              2       412        2006-09-06        Rudolfo
#> 5128               4              4       244        2006-04-14         Esther
#> 5129               4              5       245        2006-05-18       Harrison
#> 5130               5              5       155        2006-02-27           Hank
#> 5131               1              1       311        2006-08-11          Blair
#> 5132               2              2       522        2006-12-08          Bryan
#> 5133               1              1       111        2005-12-16          Barty
#> 5134               3              3       133        2005-10-16        Darlene
#> 5135               5              5       555        2006-11-06           Raye
#> 5136               2              2       122        2006-03-17       Isahella
#> 5137               1              1       211        2006-05-27          Moise
#> 5138               1              1       511        2006-10-20         Kasper
#> 5139               4              4       244        2006-07-07          Percy
#> 5140               1              1       311        2006-07-10         Warden
#> 5141               5              5       255        2006-06-17         Justis
#> 5142               1              1       111        2005-11-10          Katya
#> 5143               2              2       322        2006-07-16          Wiatt
#> 5144               4              4       444        2006-09-27        Cordell
#> 5145               3              4       534        2006-11-25            Dee
#> 5146               2              1       121        2006-02-26         Errick
#> 5147               4              4       344        2006-08-03           Bone
#> 5148               1              2       512        2006-10-20        Mikaela
#> 5149               2              3       523        2006-11-02      Maribelle
#> 5150               5              5       155        2006-01-21     Ermengarde
#> 5151               5              5       355        2006-08-02          Meryl
#> 5152               2              4       224        2006-07-03         Morten
#> 5153               5              5       355        2006-08-15           Roze
#> 5154               2              3       523        2006-11-29          Mycah
#> 5155               1              3       313        2006-08-25       Ambrosio
#> 5156               4              5       545        2006-11-20         Dieter
#> 5157               1              1       411        2006-10-12         Merwyn
#> 5158               4              3       543        2006-10-17         Kirsti
#> 5159               5              4       354        2006-08-25         Brynne
#> 5160               3              4       134        2005-12-18        Kimball
#> 5161               4              5       445        2006-10-02         Peirce
#> 5162               2              3       123        2005-09-19          Pedro
#> 5163               1              1       111        2005-06-29          Mitch
#> 5164               4              4       344        2006-08-05          Eldin
#> 5165               4              2       142        2005-11-20         Luther
#> 5166               2              3       523        2006-11-07          Jayme
#> 5167               5              5       455        2006-09-10          Nicky
#> 5168               5              5       155        2006-02-04         Franny
#> 5169               1              1       311        2006-07-09         Phylis
#> 5170               2              3       323        2006-08-12            Lin
#> 5171               1              1       111        2005-12-08         Bennie
#> 5172               1              1       111        2006-01-09      Ann-marie
#> 5173               5              3       553        2006-10-28         Harris
#> 5174               4              5       545        2006-10-27          Tudor
#> 5175               1              2       212        2006-06-16           Burl
#> 5176               2              2       122        2006-02-27         Arline
#> 5177               5              5       455        2006-09-06          Emili
#> 5178               4              4       544        2006-12-11         Emlynn
#> 5179               2              2       122        2006-01-24        Arabele
#> 5180               2              2       122        2005-11-09         Brooke
#> 5181               2              2       322        2006-07-13          Thoma
#> 5182               4              5       245        2006-06-24          Randy
#> 5183               4              4       344        2006-08-12         Cullen
#> 5184               2              2       222        2006-06-07          Bella
#> 5185               3              4       134        2005-10-02        Ignazio
#> 5186               2              2       522        2006-11-11            Oby
#> 5187               4              4       244        2006-04-25           Aube
#> 5188               1              2       112        2006-02-19      Hephzibah
#> 5189               5              5       555        2006-12-22           Cori
#> 5190               2              2       422        2006-10-10          Hetti
#> 5191               3              4       534        2006-10-22          Alyce
#> 5192               1              2       112        2005-09-06           Jana
#> 5193               4              4       444        2006-10-11         Elyssa
#> 5194               4              4       344        2006-08-17          Caria
#> 5195               1              1       511        2006-11-14        Carlene
#> 5196               5              5       555        2006-11-25       Oliviero
#> 5197               4              4       544        2006-11-13         Binnie
#> 5198               3              2       432        2006-09-23        Darline
#> 5199               5              5       455        2006-10-09        Magdaia
#> 5200               1              1       111        2005-06-11        Rodolfo
#> 5201               1              1       111        2005-11-10         Ambros
#> 5202               5              4       254        2006-07-02          Herta
#> 5203               2              2       422        2006-09-26      Reginauld
#> 5204               2              2       422        2006-09-08           Pace
#> 5205               5              5       555        2006-11-30         Chrisy
#> 5206               4              5       345        2006-07-29         Norris
#> 5207               1              1       111        2005-02-21         Kippie
#> 5208               4              4       444        2006-09-20    Christoforo
#> 5209               4              5       445        2006-09-23          Conny
#> 5210               4              3       343        2006-08-06            Tim
#> 5211               1              1       311        2006-08-10       Terri-jo
#> 5212               1              1       411        2006-09-27           Augy
#> 5213               4              5       345        2006-08-05        Bartlet
#> 5214               3              3       433        2006-08-31        Lavinia
#> 5215               2              5       425        2006-09-27     Alessandra
#> 5216               1              1       311        2006-08-24         Carena
#> 5217               4              5       345        2006-07-17            Pru
#> 5218               1              2       412        2006-10-03          Lenci
#> 5219               2              3       523        2006-11-14         Jarvis
#> 5220               2              4       424        2006-09-09          Geoff
#> 5221               1              1       511        2006-11-16       Shirlene
#> 5222               2              3       223        2006-06-25       Dionisio
#> 5223               1              1       111        2006-01-13           Fabe
#> 5224               1              1       411        2006-09-23         Tybalt
#> 5225               2              4       124        2006-01-28           Obed
#> 5226               1              1       311        2006-08-18          Hilda
#> 5227               4              5       445        2006-10-11          Adamo
#> 5228               4              4       444        2006-10-09            Del
#> 5229               2              2       222        2006-04-15          Elise
#> 5230               5              5       255        2006-06-11         Myrvyn
#> 5231               5              5       355        2006-07-12         Willey
#> 5232               1              1       111        2006-04-08          Milly
#> 5233               3              3       233        2006-06-15         Dyanna
#> 5234               1              1       411        2006-10-09       Fanechka
#> 5235               1              2       212        2006-06-25        Garland
#> 5236               1              1       211        2006-07-04         Juline
#> 5237               4              3       143        2005-12-18        Melanie
#> 5238               4              4       544        2006-11-23        Camella
#> 5239               5              5       555        2006-12-29          Diann
#> 5240               4              5       245        2006-05-03        Eolanda
#> 5241               4              4       244        2006-06-17         Allsun
#> 5242               5              5       355        2006-08-18         Silvie
#> 5243               3              4       234        2006-04-20       Murielle
#> 5244               1              1       311        2006-07-19     Evangeline
#> 5245               4              5       345        2006-08-28         Jolene
#> 5246               4              3       243        2006-05-30           Livy
#> 5247               4              2       442        2006-09-13           Glen
#> 5248               5              4       254        2006-05-28           Clea
#> 5249               4              4       544        2006-11-10        Yoshiko
#> 5250               3              3       233        2006-04-14         Candie
#> 5251               5              5       455        2006-08-30          Abbey
#> 5252               2              2       422        2006-10-07        Othelia
#> 5253               4              2       142        2006-02-20         Randie
#> 5254               1              1       311        2006-07-21         Marika
#> 5255               2              4       224        2006-05-01          Myron
#> 5256               5              5       255        2006-06-24        Franzen
#> 5257               4              5       345        2006-08-15         Alyson
#> 5258               5              5       455        2006-09-18          Witty
#> 5259               3              5       235        2006-05-21          Berte
#> 5260               4              4       444        2006-09-14         Sholom
#> 5261               1              1       211        2006-04-30           Enos
#> 5262               3              2       432        2006-09-24      Konstance
#> 5263               5              3       453        2006-09-16          Chuck
#> 5264               2              3       223        2006-07-04         Carlen
#> 5265               2              2       522        2006-12-18      Benedetta
#> 5266               5              4       554        2006-11-05         Lilith
#> 5267               1              2       112        2006-01-14         Guinna
#> 5268               4              4       444        2006-09-19          Shana
#> 5269               1              1       111        2005-10-20           Vina
#> 5270               1              2       412        2006-08-29        Claudia
#> 5271               5              5       155        2005-10-29       Genovera
#> 5272               1              1       211        2006-07-02          Keith
#> 5273               4              3       343        2006-07-23          Wally
#> 5274               5              5       555        2006-11-21          Ignaz
#> 5275               4              5       545        2006-10-22         Brewer
#> 5276               2              2       422        2006-09-11           Rosy
#> 5277               3              5       535        2006-12-04         Stinky
#> 5278               2              4       524        2006-10-23          Mindy
#> 5279               3              4       534        2006-10-20       Silvanus
#> 5280               3              2       432        2006-10-04         Claude
#> 5281               2              3       123        2006-02-19            Jay
#> 5282               4              5       245        2006-06-12        Rancell
#> 5283               3              2       432        2006-10-08           Edie
#> 5284               2              4       424        2006-09-15          Hamel
#> 5285               3              3       233        2006-05-13        Leonora
#> 5286               1              2       112        2006-02-20          Glynn
#> 5287               1              1       411        2006-10-16       Franklyn
#> 5288               5              5       455        2006-09-07     Anna-maria
#> 5289               5              4       454        2006-09-11             Hi
#> 5290               2              3       523        2006-11-11            Jen
#> 5291               2              3       523        2006-12-28         Waneta
#> 5292               5              5       355        2006-07-09          Carce
#> 5293               4              5       545        2006-10-26          Cassi
#> 5294               1              3       313        2006-07-12         Imogen
#> 5295               1              1       311        2006-08-22         Munmro
#> 5296               1              1       211        2006-05-10           Jeff
#> 5297               5              5       255        2006-05-30           Alta
#> 5298               4              5       245        2006-06-06         Samuel
#> 5299               1              1       411        2006-09-17        Basilio
#> 5300               2              2       222        2006-06-02        Margery
#> 5301               3              4       234        2006-04-20          Thorn
#> 5302               5              5       555        2006-11-24          Darya
#> 5303               1              1       411        2006-09-08       Mitchell
#> 5304               5              4       454        2006-09-19      Alisander
#> 5305               1              1       311        2006-08-15         Hamlen
#> 5306               2              3       423        2006-09-12            Ali
#> 5307               5              5       555        2006-11-22         Audrye
#> 5308               1              3       513        2006-11-11          Daffy
#> 5309               2              3       423        2006-10-05          Raoul
#> 5310               3              4       534        2006-10-19         Elinor
#> 5311               1              3       413        2006-09-09       Merridie
#> 5312               1              3       413        2006-10-05         Reagan
#> 5313               2              3       323        2006-07-15          Celia
#> 5314               3              3       333        2006-07-27        Juliann
#> 5315               3              5       235        2006-05-29      Harrietta
#> 5316               4              4       344        2006-08-27       Batsheva
#> 5317               2              1       321        2006-07-28         Arabel
#> 5318               4              3       243        2006-07-04           Isis
#> 5319               3              4       134        2006-03-30         Trenna
#> 5320               5              4       554        2006-11-04          Andie
#> 5321               1              2       512        2006-11-19       Freedman
#> 5322               4              3       143        2006-01-01         Traver
#> 5323               1              2       112        2005-07-03          Gabie
#> 5324               4              3       243        2006-06-26          Stacy
#> 5325               2              2       222        2006-06-18        Rafaela
#> 5326               1              2       212        2006-05-30         Adella
#> 5327               1              2       412        2006-10-10       Josefina
#> 5328               3              4       134        2005-08-22          Hakim
#> 5329               1              1       311        2006-08-13        Garrett
#> 5330               4              3       443        2006-09-16          Anica
#> 5331               3              3       433        2006-09-19          Boote
#> 5332               3              4       434        2006-10-16        Karlens
#> 5333               1              2       212        2006-04-22          Jodie
#> 5334               2              3       523        2006-12-01        Brigham
#> 5335               2              2       122        2006-01-15       Simmonds
#> 5336               4              3       143        2005-12-03         Jerrie
#> 5337               3              3       433        2006-10-14           Kent
#> 5338               4              1       241        2006-05-24       Celestyn
#> 5339               3              3       533        2006-11-19        Abraham
#> 5340               4              5       245        2006-06-13         Helene
#> 5341               2              1       321        2006-08-05        Jaynell
#> 5342               2              2       422        2006-09-04         Carmel
#> 5343               2              1       321        2006-07-18       Bethanne
#> 5344               4              5       545        2006-10-27          Livia
#> 5345               2              3       423        2006-09-15        Wyndham
#> 5346               1              1       111        2005-10-18         Sidney
#> 5347               3              4       434        2006-09-06        Seymour
#> 5348               5              5       455        2006-10-16          Traci
#> 5349               4              4       344        2006-08-11          Letty
#> 5350               2              2       522        2006-10-24         Bernie
#> 5351               4              4       244        2006-06-05         Hewitt
#> 5352               4              3       443        2006-10-01       Marietta
#> 5353               1              2       412        2006-09-01     Anne-marie
#> 5354               1              2       312        2006-07-27         Rennie
#> 5355               3              2       332        2006-08-23          Antin
#> 5356               4              3       143        2006-02-09      Cassandre
#> 5357               2              2       522        2006-12-24         Drucie
#> 5358               5              4       454        2006-09-24        Emerson
#> 5359               4              5       545        2006-11-05     Fredericka
#> 5360               2              1       321        2006-08-15       Violetta
#> 5361               5              4       354        2006-07-19          Bogey
#> 5362               3              3       433        2006-10-05        Stormie
#> 5363               1              1       311        2006-07-30         Ruddie
#> 5364               1              1       111        2005-12-18           Clim
#> 5365               1              1       511        2006-11-27       Northrop
#> 5366               2              3       523        2006-10-26     Willabella
#> 5367               2              2       322        2006-07-14        Willard
#> 5368               5              2       352        2006-08-23          Valma
#> 5369               4              5       245        2006-04-16          Hamil
#> 5370               2              1       321        2006-07-21        Madalyn
#> 5371               5              5       555        2006-11-21         Rupert
#> 5372               2              2       522        2006-12-13            Mae
#> 5373               5              3       153        2006-03-15         Norbie
#> 5374               5              5       455        2006-09-24          Ewart
#> 5375               4              5       545        2006-11-29          Amery
#> 5376               5              5       555        2006-10-29         Barron
#> 5377               2              2       422        2006-10-15          Lorin
#> 5378               5              5       255        2006-05-01         Inglis
#> 5379               4              4       544        2006-12-29         Arlana
#> 5380               2              2       422        2006-10-07         Norbie
#> 5381               1              1       211        2006-07-04         Izabel
#> 5382               2              4       224        2006-06-16            Bax
#> 5383               3              3       433        2006-09-05          Lilla
#> 5384               5              4       254        2006-05-17         Pennie
#> 5385               4              4       444        2006-10-05        Cecilla
#> 5386               1              1       111        2005-10-26        Laurens
#> 5387               2              2       422        2006-09-24         Martyn
#> 5388               2              3       423        2006-10-08          Sadye
#> 5389               4              2       142        2005-11-16          Trent
#> 5390               5              5       355        2006-08-27         Newton
#> 5391               2              4       524        2006-12-27         Neilla
#> 5392               1              2       112        2006-03-25         Brenda
#> 5393               2              3       323        2006-07-26          Raina
#> 5394               5              4       254        2006-06-12       Reinaldo
#> 5395               2              2       222        2006-07-01            Doy
#> 5396               4              2       442        2006-09-03       Harrison
#> 5397               1              2       312        2006-07-10         Kelwin
#> 5398               4              4       544        2006-12-17          Heall
#> 5399               3              5       435        2006-09-05         Agnola
#> 5400               1              1       111        2005-07-17         Roslyn
#> 5401               2              3       223        2006-07-03         Tobiah
#> 5402               4              5       445        2006-09-09        Carolyn
#> 5403               5              5       255        2006-04-17         Nannie
#> 5404               2              1       421        2006-10-06      Patrizius
#> 5405               5              5       355        2006-08-02          Ernst
#> 5406               2              3       523        2006-11-01    Jacquenetta
#> 5407               2              1       321        2006-07-16        Rozanne
#> 5408               4              5       145        2005-11-23         Peggie
#> 5409               5              5       255        2006-04-23         Arlina
#> 5410               5              5       455        2006-09-13         Maddie
#> 5411               1              1       111        2005-07-06         Natala
#> 5412               3              3       533        2006-12-18         Falito
#> 5413               1              2       212        2006-05-21            Bee
#> 5414               3              5       535        2006-12-10    Annecorinne
#> 5415               3              2       432        2006-09-17        Dierdre
#> 5416               4              3       343        2006-07-19           Deck
#> 5417               2              2       222        2006-05-08       Darlleen
#> 5418               4              4       244        2006-06-13      Krystalle
#> 5419               5              5       555        2006-11-14          Deena
#> 5420               1              3       513        2006-10-27        Skipton
#> 5421               4              5       145        2006-01-13          Nadya
#> 5422               1              1       111        2005-08-30        Umberto
#> 5423               5              5       555        2006-11-06       Claudine
#> 5424               4              3       143        2005-11-06          Avery
#> 5425               3              2       232        2006-06-01           Flss
#> 5426               4              4       144        2005-08-10          Leela
#> 5427               4              3       243        2006-05-21          Tarah
#> 5428               1              1       111        2005-06-28         Quinta
#> 5429               4              5       445        2006-09-02           Dean
#> 5430               3              2       332        2006-07-16           Jean
#> 5431               4              4       544        2006-12-09       Ursulina
#> 5432               4              5       445        2006-08-31         Hirsch
#> 5433               3              4       534        2006-12-08            Kim
#> 5434               3              3       433        2006-08-31        Chrissy
#> 5435               4              4       444        2006-08-31       Germaine
#> 5436               4              3       543        2006-12-20        Kalindi
#> 5437               1              3       313        2006-07-10          Ariel
#> 5438               2              2       522        2006-10-18       Horatius
#> 5439               1              2       212        2006-04-17           Wood
#> 5440               1              1       111        2006-03-15        Wilbert
#> 5441               4              5       445        2006-09-17          Mirna
#> 5442               1              1       511        2006-11-20        Isidora
#> 5443               2              3       323        2006-08-11      Stanleigh
#> 5444               4              5       545        2006-12-28          Marty
#> 5445               4              5       145        2005-12-11           Matt
#> 5446               2              1       221        2006-05-15         Gayler
#> 5447               4              4       144        2005-10-16         Silvio
#> 5448               1              3       413        2006-09-22       Torrence
#> 5449               5              3       553        2006-11-27         Ragnar
#> 5450               2              3       423        2006-10-09         Sidney
#> 5451               4              3       543        2006-10-27        Minetta
#> 5452               1              1       311        2006-07-31           Emmy
#> 5453               3              4       534        2006-10-22          Natka
#> 5454               3              2       132        2005-09-05          Inger
#> 5455               2              2       222        2006-06-19          Laney
#> 5456               5              5       455        2006-09-16         Willie
#> 5457               3              3       433        2006-09-08            Con
#> 5458               5              3       453        2006-09-09           Mimi
#> 5459               3              3       133        2005-11-02         Virgie
#> 5460               2              2       522        2006-12-03             Vi
#> 5461               2              1       121        2006-02-25          Abbey
#> 5462               4              4       244        2006-06-20           Reba
#> 5463               4              4       544        2006-12-09      Konstanze
#> 5464               4              2       442        2006-09-30         Brooks
#> 5465               1              1       411        2006-09-04           Fern
#> 5466               5              5       255        2006-07-03          Ulick
#> 5467               1              2       212        2006-07-07       Hendrika
#> 5468               2              1       421        2006-09-05         Matias
#> 5469               4              4       244        2006-05-21         Dickie
#> 5470               1              1       111        2006-03-01          Winny
#> 5471               2              3       123        2006-03-30        Cthrine
#> 5472               5              5       255        2006-06-26        Quintin
#> 5473               1              1       511        2006-10-24            Mel
#> 5474               4              4       344        2006-08-27         Valera
#> 5475               1              1       311        2006-08-22         Tarrah
#> 5476               2              4       324        2006-08-16          Allin
#> 5477               5              4       354        2006-08-26           Vite
#> 5478               2              3       523        2006-10-25       Theodora
#> 5479               2              4       424        2006-10-09           Bili
#> 5480               1              2       112        2005-07-12          Zelig
#> 5481               5              5       255        2006-05-20             Hi
#> 5482               4              5       545        2006-11-14          Regan
#> 5483               2              2       222        2006-06-22           Timi
#> 5484               1              1       311        2006-08-27      Valentine
#> 5485               4              2       342        2006-08-15       Chandler
#> 5486               3              2       232        2006-05-10        Phillie
#> 5487               5              5       455        2006-09-22        Preston
#> 5488               5              2       352        2006-07-29        Gunilla
#> 5489               5              5       455        2006-09-27         Rawley
#> 5490               5              5       355        2006-08-24          Percy
#> 5491               4              4       544        2006-12-02          Fredi
#> 5492               2              2       322        2006-08-10       Terrence
#> 5493               5              3       153        2005-12-20      Thorndike
#> 5494               1              2       412        2006-08-31         Ingrid
#> 5495               4              5       245        2006-05-16         Austin
#> 5496               5              4       354        2006-08-16         Mendel
#> 5497               1              1       111        2006-03-14          Loree
#> 5498               1              1       111        2006-01-19       Carolyne
#> 5499               4              3       343        2006-07-27          Renie
#> 5500               1              1       311        2006-07-21         Cathie
#> 5501               2              1       521        2006-12-03         Billye
#> 5502               4              4       444        2006-09-03          Pammy
#> 5503               2              1       421        2006-09-17         Lizzie
#> 5504               2              3       123        2005-05-21        Darrick
#> 5505               1              1       111        2006-03-09         Nancey
#> 5506               2              3       123        2005-10-25          Reube
#> 5507               1              1       111        2005-09-07      Marie-ann
#> 5508               5              5       355        2006-08-21        Hillary
#> 5509               2              3       423        2006-08-29       Catriona
#> 5510               4              5       345        2006-08-14           Dunc
#> 5511               1              1       211        2006-06-30         Rayner
#> 5512               1              2       412        2006-10-05         Ardath
#> 5513               4              3       543        2006-11-29           Elga
#> 5514               4              5       545        2006-10-30           Bram
#> 5515               4              3       243        2006-06-05          Ramon
#> 5516               5              5       455        2006-09-13       Gilligan
#> 5517               5              5       455        2006-09-12          Pammi
#> 5518               1              1       411        2006-09-20       Margalit
#> 5519               5              5       355        2006-08-28        Marylee
#> 5520               5              5       355        2006-07-24          Shani
#> 5521               5              5       155        2006-04-07       Mechelle
#> 5522               2              2       522        2006-10-19         Garner
#> 5523               1              3       313        2006-07-17        Tirrell
#> 5524               1              1       411        2006-09-03         Gunner
#> 5525               3              4       534        2006-11-08          Irena
#> 5526               2              3       123        2005-12-28           Tome
#> 5527               2              2       222        2006-05-18        Mathian
#> 5528               1              1       111        2005-09-03     Clementine
#> 5529               4              4       344        2006-08-10           Walt
#> 5530               2              1       421        2006-08-31        Melitta
#> 5531               4              4       344        2006-07-17       Georgina
#> 5532               1              2       212        2006-06-27          Micki
#> 5533               5              4       254        2006-06-29       Papagena
#> 5534               2              3       323        2006-08-17        Justino
#> 5535               1              1       111        2005-09-01        Blanche
#> 5536               4              4       344        2006-08-22          Allys
#> 5537               4              4       244        2006-04-23          Corey
#> 5538               2              4       224        2006-04-15       Patience
#> 5539               1              3       413        2006-09-12        Jeramey
#> 5540               4              4       544        2006-12-29         Forest
#> 5541               2              2       122        2005-08-28          Caryn
#> 5542               2              4       124        2005-09-26          Tedda
#> 5543               1              1       111        2006-04-02           Birk
#> 5544               1              1       211        2006-05-21      Gabriello
#> 5545               2              2       122        2005-11-07         Yvonne
#> 5546               5              5       455        2006-08-30          Bonni
#> 5547               1              1       411        2006-09-02        Joellyn
#> 5548               3              2       132        2006-01-14         Sorcha
#> 5549               4              4       544        2006-11-04         Farica
#> 5550               4              4       244        2006-05-21         Kaiser
#> 5551               2              2       222        2006-05-10         Bidget
#> 5552               1              2       412        2006-09-28          Koren
#> 5553               4              5       245        2006-05-11         Lutero
#> 5554               2              1       421        2006-09-08          Janet
#> 5555               1              1       111        2006-03-05         Sergei
#> 5556               4              5       545        2006-11-23          Angus
#> 5557               3              4       534        2006-12-29         Hanson
#> 5558               5              5       255        2006-06-05         Nicoli
#> 5559               1              1       411        2006-09-23          Debbi
#> 5560               1              2       112        2006-03-06          Armin
#> 5561               2              3       123        2006-02-26         Faythe
#> 5562               3              5       135        2006-04-08       Rodrique
#> 5563               4              4       444        2006-10-15          Karly
#> 5564               5              5       455        2006-09-13         Shamus
#> 5565               2              3       223        2006-04-26         Corrie
#> 5566               2              1       421        2006-09-29     Bartholemy
#> 5567               5              5       355        2006-08-18            Ram
#> 5568               4              5       545        2006-12-06         Willie
#> 5569               3              3       133        2005-11-08        Rosella
#> 5570               4              2       342        2006-08-01      Henderson
#> 5571               3              1       531        2006-10-21       Corrinne
#> 5572               3              3       433        2006-10-12         Berton
#> 5573               1              1       111        2005-10-19        Jillian
#> 5574               1              1       511        2006-12-25         Babbie
#> 5575               2              2       422        2006-09-26           Dawn
#> 5576               3              4       534        2006-11-11        Granger
#> 5577               1              2       112        2005-09-28        Krissie
#> 5578               2              2       522        2006-12-26      Maryellen
#> 5579               3              4       134        2006-02-13         Kaiser
#> 5580               1              2       512        2006-10-26        Renault
#> 5581               1              1       111        2006-02-07         Carmen
#> 5582               2              1       121        2005-07-20          Tandy
#> 5583               4              5       445        2006-09-14        Kimball
#> 5584               3              3       133        2006-03-31         Casper
#> 5585               2              3       123        2005-07-19         Odette
#> 5586               1              1       211        2006-05-06         Lynsey
#> 5587               2              1       221        2006-07-06        Vincenz
#> 5588               4              5       445        2006-09-24      Simonette
#> 5589               4              5       345        2006-08-23          Logan
#> 5590               1              1       511        2006-11-20        Roberto
#> 5591               5              5       355        2006-08-21           Cull
#> 5592               3              2       432        2006-09-21        Keriann
#> 5593               2              2       422        2006-10-05           Swen
#> 5594               4              5       345        2006-07-14         Morena
#> 5595               3              2       132        2006-02-07        Chaunce
#> 5596               1              1       411        2006-09-02            Lem
#> 5597               4              5       545        2006-12-25     Alexandros
#> 5598               4              4       544        2006-11-04       Basilius
#> 5599               3              2       532        2006-10-27         Martyn
#> 5600               2              1       521        2006-10-25           Sean
#> 5601               5              4       454        2006-10-02     Philippine
#> 5602               1              1       211        2006-04-30        Ezekiel
#> 5603               5              4       454        2006-09-06        Elberta
#> 5604               2              3       423        2006-09-27         Marven
#> 5605               5              4       454        2006-09-01       Sheelagh
#> 5606               2              3       423        2006-10-01         Allard
#> 5607               4              5       445        2006-09-02          Tasha
#> 5608               5              5       555        2006-11-28        Delores
#> 5609               4              5       545        2006-11-06        Sephira
#> 5610               2              3       323        2006-07-24         Griffy
#> 5611               4              5       145        2005-10-27           Dene
#> 5612               1              1       511        2006-11-05         Tommie
#> 5613               1              1       511        2006-11-02          Monty
#> 5614               1              2       212        2006-06-07           Veda
#> 5615               1              2       312        2006-08-26       Jesselyn
#> 5616               1              2       112        2006-01-02           Etti
#> 5617               4              5       245        2006-04-16         Shayna
#> 5618               2              3       223        2006-06-30         Onfroi
#> 5619               4              2       242        2006-06-27         Carena
#> 5620               5              5       555        2006-10-23        Shelton
#> 5621               5              5       155        2006-01-15         Bobbie
#> 5622               2              2       322        2006-08-23         Esther
#> 5623               5              5       555        2006-11-17        Giavani
#> 5624               3              3       333        2006-07-25         Karita
#> 5625               1              1       111        2005-12-01       Kendrick
#> 5626               2              2       422        2006-09-29        Shannon
#> 5627               2              2       222        2006-05-20          Thoma
#> 5628               2              3       123        2006-02-07         Sascha
#> 5629               2              2       122        2005-09-10         Fields
#> 5630               1              1       511        2006-11-06            Zea
#> 5631               2              2       522        2006-10-26          Lawry
#> 5632               3              3       333        2006-07-20          Jyoti
#> 5633               5              5       255        2006-06-10       Eleanora
#> 5634               1              4       114        2006-01-30          Alvan
#> 5635               3              4       434        2006-10-12          Jandy
#> 5636               2              3       323        2006-08-19       Nataniel
#> 5637               3              4       234        2006-06-22           Rica
#> 5638               5              5       555        2006-11-17     Archibaldo
#> 5639               5              5       355        2006-07-18           Roby
#> 5640               2              2       322        2006-07-24          Elana
#> 5641               4              3       143        2006-01-20         Donica
#> 5642               1              3       213        2006-06-24           Ibby
#> 5643               2              2       222        2006-06-17         Bennie
#> 5644               1              1       311        2006-07-14        Ginelle
#> 5645               4              2       142        2005-10-23         Carree
#> 5646               1              1       411        2006-10-09          Bondy
#> 5647               4              2       542        2006-10-20        Moselle
#> 5648               1              1       511        2006-10-26          Ellen
#> 5649               5              5       255        2006-06-09    Ulrikaumeko
#> 5650               2              2       122        2006-02-19           Jodi
#> 5651               1              3       113        2005-08-09        Gisella
#> 5652               3              4       234        2006-05-15         Leonie
#> 5653               2              3       223        2006-05-24          Liuka
#> 5654               5              5       555        2006-11-24        Freddie
#> 5655               1              1       111        2005-12-09         Marijo
#> 5656               2              2       322        2006-08-20         Arthur
#> 5657               4              4       544        2006-11-09         Tonnie
#> 5658               3              3       533        2006-11-21       Thomasin
#> 5659               1              1       411        2006-10-14         Corbie
#> 5660               4              5       145        2005-11-18         Kailey
#> 5661               1              2       212        2006-06-11         Yelena
#> 5662               2              4       524        2006-12-18         Avivah
#> 5663               1              1       111        2005-05-24       Julienne
#> 5664               4              3       343        2006-08-06            Lea
#> 5665               4              2       342        2006-08-09         Pammie
#> 5666               3              5       235        2006-06-14         Sydney
#> 5667               4              3       543        2006-10-23           Milo
#> 5668               1              1       111        2006-03-15         Samson
#> 5669               1              1       311        2006-07-22          Rasla
#> 5670               3              5       535        2006-10-25       Maryanne
#> 5671               2              4       224        2006-05-30         Shamus
#> 5672               5              3       553        2006-11-01          Eugen
#> 5673               2              2       222        2006-06-20          Rufus
#> 5674               4              2       242        2006-04-21         Galven
#> 5675               2              3       423        2006-09-29        Pebrook
#> 5676               2              3       423        2006-09-28         Michal
#> 5677               5              5       355        2006-08-14         Terese
#> 5678               2              4       524        2006-11-28          Ronny
#> 5679               5              4       254        2006-06-29           Sher
#> 5680               5              5       555        2006-10-28          Junie
#> 5681               5              5       455        2006-08-31       Muhammad
#> 5682               1              1       211        2006-07-05        Filmore
#> 5683               5              5       555        2006-10-18          Blane
#> 5684               4              3       543        2006-10-18      Gwendolin
#> 5685               1              1       111        2005-07-02         Sophia
#> 5686               2              3       123        2005-12-13         Denice
#> 5687               3              1       131        2006-03-02          Rolfe
#> 5688               3              3       533        2006-12-25          Selby
#> 5689               2              1       221        2006-04-12          Bryna
#> 5690               2              2       222        2006-06-24            Con
#> 5691               3              5       335        2006-08-13         Terrel
#> 5692               2              2       122        2006-03-18       Sarajane
#> 5693               1              1       111        2005-06-25             Ky
#> 5694               4              3       443        2006-10-05        Laurens
#> 5695               3              4       134        2006-01-15         Pierce
#> 5696               4              4       244        2006-06-22          Jamie
#> 5697               1              1       411        2006-09-19          Lelia
#> 5698               3              3       233        2006-06-15         Rickie
#> 5699               3              4       134        2005-12-25           Amii
#> 5700               4              4       544        2006-12-04         Nanine
#> 5701               2              3       423        2006-09-19          Doris
#> 5702               5              3       553        2006-11-11        Charlie
#> 5703               4              4       444        2006-09-02           Jeno
#> 5704               2              4       424        2006-10-10         Oberon
#> 5705               4              2       542        2006-10-22           Hope
#> 5706               2              3       223        2006-06-17          Berty
#> 5707               5              5       555        2006-10-17        Shelagh
#> 5708               2              3       223        2006-06-07        Reinold
#> 5709               1              1       211        2006-04-27          Ambur
#> 5710               2              2       122        2006-03-21           Saxe
#> 5711               1              2       512        2006-11-06          Libbi
#> 5712               2              2       122        2006-02-12        Lucilia
#> 5713               3              2       532        2006-12-18     Hildagarde
#> 5714               5              3       353        2006-08-20         Cybill
#> 5715               1              2       312        2006-07-22          Corry
#> 5716               1              1       511        2006-11-30         Maison
#> 5717               3              1       331        2006-08-18           Caye
#> 5718               5              5       255        2006-06-15        Corinne
#> 5719               1              1       411        2006-10-07        Leupold
#> 5720               1              2       412        2006-09-15          Nevin
#> 5721               1              2       212        2006-06-05       Eleanore
#> 5722               4              4       444        2006-09-24        Elinore
#> 5723               5              4       454        2006-10-06        Staford
#> 5724               2              2       122        2005-11-07          Anett
#> 5725               4              2       242        2006-06-07         Byrann
#> 5726               5              5       455        2006-10-03         Robina
#> 5727               2              4       124        2005-10-30           Esra
#> 5728               5              5       555        2006-11-01          Gerta
#> 5729               3              4       534        2006-12-23        Kathlin
#> 5730               1              1       111        2005-09-14          Deane
#> 5731               2              2       322        2006-08-02           Nola
#> 5732               3              3       433        2006-09-17         Paddie
#> 5733               1              1       111        2005-09-06         Waylan
#> 5734               1              1       111        2005-12-29        Nicolea
#> 5735               5              5       355        2006-07-30          Kayne
#> 5736               1              2       212        2006-06-27         Ardyth
#> 5737               2              3       423        2006-10-12          Melli
#> 5738               2              2       222        2006-05-30        Hillery
#> 5739               5              5       555        2006-11-16          Ashil
#> 5740               2              2       122        2006-01-21      Guenevere
#> 5741               2              2       422        2006-10-01         Aldous
#> 5742               5              5       555        2006-12-22         Rosana
#> 5743               5              5       155        2006-01-22        Carolyn
#> 5744               1              1       311        2006-07-26       Filberto
#> 5745               2              3       423        2006-09-14        Clarine
#> 5746               3              1       331        2006-07-22        Stephie
#> 5747               1              1       211        2006-06-03            Gal
#> 5748               2              3       123        2006-03-14         Joseph
#> 5749               2              3       323        2006-07-13        Georgie
#> 5750               1              1       111        2005-09-23        Emogene
#> 5751               2              2       522        2006-11-29          Betty
#> 5752               2              3       423        2006-08-30      Miguelita
#> 5753               4              5       345        2006-07-20            Dew
#> 5754               3              3       133        2005-07-20        Olympia
#> 5755               2              1       321        2006-08-27           Chen
#> 5756               1              2       412        2006-09-25           Hort
#> 5757               3              5       235        2006-07-07         Joseph
#> 5758               2              2       122        2005-08-22          Ignaz
#> 5759               2              4       424        2006-09-23        Hillary
#> 5760               2              2       322        2006-08-12          Ardra
#> 5761               2              2       222        2006-06-16           Susy
#> 5762               2              1       421        2006-09-07        Erminia
#> 5763               1              3       413        2006-09-26         Tomlin
#> 5764               1              1       111        2006-04-08         Alicia
#> 5765               2              3       423        2006-09-25           Eada
#> 5766               4              5       445        2006-08-31         Orsola
#> 5767               4              4       344        2006-08-28         Lainey
#> 5768               2              2       422        2006-10-02          Sonja
#> 5769               1              1       511        2006-11-25           Fran
#> 5770               1              1       211        2006-05-22           Fina
#> 5771               4              5       245        2006-05-10         Jammal
#> 5772               4              5       245        2006-05-09            Ado
#> 5773               2              4       224        2006-04-13         Norrie
#> 5774               1              2       112        2006-04-06         Archie
#> 5775               4              4       444        2006-09-18           Egon
#> 5776               1              1       411        2006-09-08            Dun
#> 5777               4              3       243        2006-06-06         Karoly
#> 5778               2              2       322        2006-08-21          Sammy
#> 5779               2              4       224        2006-05-01          Maiga
#> 5780               3              4       234        2006-04-21          Aimee
#> 5781               5              5       155        2005-10-19         Siffre
#> 5782               1              3       313        2006-08-09         Godart
#> 5783               5              4       154        2006-02-01           Evey
#> 5784               1              1       211        2006-05-13         Truman
#> 5785               5              3       553        2006-11-09        Jermain
#> 5786               1              1       311        2006-07-26       Freedman
#> 5787               1              1       111        2006-01-30         Rustin
#> 5788               2              2       222        2006-06-02         Rourke
#> 5789               1              2       112        2005-09-29          Blane
#> 5790               3              2       432        2006-09-12         Sibbie
#> 5791               4              4       544        2006-11-10        Doretta
#> 5792               2              2       122        2005-07-16          Libby
#> 5793               1              1       211        2006-06-30          Jasun
#> 5794               1              1       211        2006-06-22          Sacha
#> 5795               2              1       121        2005-12-05          Corri
#> 5796               4              4       344        2006-08-27        Harriot
#> 5797               1              2       512        2006-11-17        Brennen
#> 5798               2              2       522        2006-12-10         Abramo
#> 5799               2              3       223        2006-06-29          Helga
#> 5800               5              4       554        2006-11-23       Gauthier
#> 5801               4              5       545        2006-10-27         Sloane
#> 5802               5              3       453        2006-09-03         Hobard
#> 5803               2              1       221        2006-07-04          Wilek
#> 5804               4              3       443        2006-10-06      Friedrich
#> 5805               3              1       131        2005-10-24           Olva
#> 5806               5              5       455        2006-09-30         Gertie
#> 5807               2              2       422        2006-09-10          Karly
#> 5808               2              4       124        2005-10-01           Elga
#> 5809               2              2       222        2006-06-22         Dorian
#> 5810               2              3       523        2006-12-06            Eve
#> 5811               2              4       424        2006-10-01        Jordain
#> 5812               2              3       323        2006-08-02        Sibylla
#> 5813               1              1       411        2006-09-12         Bibbie
#> 5814               3              2       432        2006-09-25          Grace
#> 5815               1              1       411        2006-09-05         Eduard
#> 5816               3              2       232        2006-06-26        Katrine
#> 5817               1              1       111        2005-04-12      Heriberto
#> 5818               1              1       111        2005-06-13           Rafa
#> 5819               1              2       112        2005-10-31          Reade
#> 5820               4              3       243        2006-04-18           Cleo
#> 5821               4              3       443        2006-10-11        Pierson
#> 5822               3              3       333        2006-08-26       Stirling
#> 5823               1              4       114        2005-09-21     Kristopher
#> 5824               4              5       245        2006-07-06          Ambur
#> 5825               1              3       313        2006-08-25       Annabell
#> 5826               1              2       512        2006-12-27          Lucio
#> 5827               4              4       244        2006-06-19          Abram
#> 5828               4              5       345        2006-08-13           Emmy
#> 5829               2              3       523        2006-10-19         Normie
#> 5830               2              3       323        2006-08-11          Aldis
#> 5831               2              3       323        2006-08-04        Austina
#> 5832               1              1       411        2006-09-28       Rosaleen
#> 5833               5              5       455        2006-10-08         Ansley
#> 5834               4              4       344        2006-07-09           Lars
#> 5835               5              5       255        2006-05-19       Faustine
#> 5836               4              5       445        2006-10-08       Arabelle
#> 5837               2              2       122        2005-10-03         Norean
#> 5838               5              4       454        2006-10-01          Ibbie
#> 5839               5              5       355        2006-07-20         Goraud
#> 5840               5              4       154        2006-03-14         Joshua
#> 5841               2              4       424        2006-09-08           Rana
#> 5842               5              5       455        2006-09-08        Abigale
#> 5843               5              5       355        2006-08-10         Connor
#> 5844               5              5       355        2006-07-15       Claretta
#> 5845               3              3       433        2006-09-11          Reeva
#> 5846               2              2       522        2006-10-19       Percival
#> 5847               4              4       244        2006-04-11        Ermanno
#> 5848               1              1       411        2006-10-06          Andre
#> 5849               5              5       355        2006-08-12        Correna
#> 5850               5              5       255        2006-06-02         Tressa
#> 5851               1              1       311        2006-08-06       Vivianna
#> 5852               4              4       544        2006-11-12          Biddy
#> 5853               1              2       112        2006-02-21          Tally
#> 5854               1              3       413        2006-09-12        Whitney
#> 5855               4              5       445        2006-10-07           Mylo
#> 5856               2              3       223        2006-05-08          Jimmy
#> 5857               4              4       444        2006-10-16        Cthrine
#> 5858               1              1       111        2005-08-23        Rodolfo
#> 5859               5              5       355        2006-07-17         Shelia
#> 5860               2              2       222        2006-04-19         Sanson
#> 5861               3              3       233        2006-05-01         Calley
#> 5862               2              2       322        2006-08-10          Ingra
#> 5863               4              3       143        2005-12-22         Selene
#> 5864               3              4       234        2006-06-18         Warren
#> 5865               4              3       343        2006-08-19            Bee
#> 5866               2              2       422        2006-09-04        Erskine
#> 5867               5              5       355        2006-08-07          Mitch
#> 5868               5              4       354        2006-08-09       Merrilee
#> 5869               1              2       312        2006-08-28           Etty
#> 5870               3              4       534        2006-12-20         Sarita
#> 5871               4              5       445        2006-10-12     Elisabetta
#> 5872               4              3       243        2006-06-11         Yasmin
#> 5873               3              3       133        2005-10-04          Eward
#> 5874               2              1       121        2006-04-04          Darci
#> 5875               4              4       244        2006-06-27        Reinald
#> 5876               3              2       232        2006-06-09          Shawn
#> 5877               4              3       143        2005-09-14          Ellie
#> 5878               5              5       555        2006-11-01        Britney
#> 5879               5              5       255        2006-06-23           Tann
#> 5880               3              1       231        2006-06-26         Pamela
#> 5881               5              5       355        2006-07-21      Margarete
#> 5882               1              1       311        2006-07-12          Kimmi
#> 5883               1              1       211        2006-06-12          Robin
#> 5884               4              5       545        2006-11-02        Armando
#> 5885               4              3       343        2006-07-16         Morrie
#> 5886               2              2       122        2005-07-29           Tadd
#> 5887               3              3       433        2006-09-05        Halette
#> 5888               4              4       344        2006-08-28          Morie
#> 5889               4              4       444        2006-09-26        Emelita
#> 5890               4              3       343        2006-08-09          Robin
#> 5891               5              5       255        2006-07-07        Hadrian
#> 5892               3              2       332        2006-07-12        Orlando
#> 5893               2              1       121        2006-03-12         Carlyn
#> 5894               5              5       255        2006-05-23         Shaine
#> 5895               1              3       313        2006-07-14            Pru
#> 5896               5              5       255        2006-04-24         Denney
#> 5897               4              4       544        2006-11-25         Michel
#> 5898               2              3       423        2006-09-02        Malorie
#> 5899               5              5       555        2006-11-15        Chelsey
#> 5900               4              5       445        2006-09-18       Lorianne
#> 5901               2              3       123        2005-09-29       Sharline
#> 5902               1              2       212        2006-04-24        Emeline
#> 5903               4              4       344        2006-08-06          Leigh
#> 5904               5              5       255        2006-04-17         Trevar
#> 5905               5              5       355        2006-08-23        Hillard
#> 5906               4              5       445        2006-09-18         Ulrike
#> 5907               1              1       311        2006-07-16           Evie
#> 5908               4              3       443        2006-09-20           Axel
#> 5909               5              4       554        2006-11-22          Randy
#> 5910               2              3       123        2006-03-26         Elston
#> 5911               1              2       412        2006-09-05         Lethia
#> 5912               2              1       221        2006-06-02     Evangelina
#> 5913               2              4       424        2006-09-18           Vlad
#> 5914               2              3       523        2006-10-17         Milzie
#> 5915               4              5       245        2006-07-05         Dmitri
#> 5916               1              1       111        2005-10-23          Janot
#> 5917               1              2       112        2006-03-20         Amabel
#> 5918               2              3       123        2005-08-02       Kaitlynn
#> 5919               2              2       522        2006-12-26           Susy
#> 5920               2              1       321        2006-07-19           Jeff
#> 5921               3              5       235        2006-06-04         Bobina
#> 5922               1              1       111        2005-09-29        Opalina
#> 5923               4              4       444        2006-09-03          Heall
#> 5924               2              1       321        2006-07-25        Sargent
#> 5925               2              2       122        2006-01-23          Junia
#> 5926               2              3       523        2006-12-02          Elisa
#> 5927               1              1       111        2005-09-27        Mildrid
#> 5928               1              2       212        2006-06-28          Aksel
#> 5929               5              5       155        2006-03-31        Arlinda
#> 5930               4              4       444        2006-10-09           Skip
#> 5931               4              3       343        2006-08-14         Waneta
#> 5932               1              2       412        2006-09-30          Grady
#> 5933               1              3       313        2006-07-29       Dolorita
#> 5934               3              3       333        2006-08-07         Elijah
#> 5935               5              5       355        2006-08-26      Constanta
#> 5936               5              5       355        2006-07-12          Misti
#> 5937               5              4       254        2006-06-12          Brier
#> 5938               5              5       555        2006-11-18          Holly
#> 5939               4              5       445        2006-09-24      Celestina
#> 5940               1              1       111        2005-07-08        Merrily
#> 5941               5              5       255        2006-07-05            Mel
#> 5942               5              5       555        2006-12-04          Wayne
#> 5943               3              3       533        2006-11-04       Darrelle
#> 5944               4              4       344        2006-07-15         Skippy
#> 5945               4              4       444        2006-08-29        Kliment
#> 5946               5              4       454        2006-09-20        Erskine
#> 5947               5              4       454        2006-09-27          Pearl
#> 5948               4              3       143        2005-11-24          Sylas
#> 5949               4              4       344        2006-08-06      Sophronia
#> 5950               1              1       211        2006-05-20        Susette
#> 5951               4              4       244        2006-04-28      Carmelina
#> 5952               1              1       311        2006-07-28           Noby
#> 5953               4              5       245        2006-06-05       Morganne
#> 5954               5              3       453        2006-09-20           Otha
#> 5955               5              5       555        2006-11-20           Fina
#> 5956               2              3       123        2005-10-29     Estrellita
#> 5957               5              5       455        2006-09-07           Brit
#> 5958               4              3       143        2006-03-24         Esther
#> 5959               1              1       211        2006-05-20      Stillmann
#> 5960               1              1       211        2006-07-06         Jaclyn
#> 5961               4              2       442        2006-09-09         Buiron
#> 5962               2              3       223        2006-05-19     Franciskus
#> 5963               5              5       355        2006-08-10          Licha
#> 5964               5              5       255        2006-05-18         Valery
#> 5965               5              5       355        2006-07-29          Auria
#> 5966               1              3       313        2006-08-10           Erek
#> 5967               5              4       554        2006-12-07        Harland
#> 5968               1              1       511        2006-11-17           Livy
#> 5969               2              3       423        2006-09-10          Sheff
#> 5970               2              4       224        2006-04-24       Kathryne
#> 5971               3              3       133        2006-01-31         Selena
#> 5972               4              3       343        2006-08-22         Cherri
#> 5973               4              3       343        2006-08-22        Mariana
#> 5974               4              5       445        2006-09-18          Iorgo
#> 5975               4              4       444        2006-09-17            Tim
#> 5976               3              2       532        2006-12-02          Elroy
#> 5977               2              2       222        2006-05-17         Laurel
#> 5978               2              1       121        2006-01-08       Sashenka
#> 5979               5              5       355        2006-07-10            Joe
#> 5980               1              1       211        2006-05-12         Nollie
#> 5981               1              1       411        2006-09-30         Bettye
#> 5982               1              2       212        2006-06-12           Hewe
#> 5983               4              4       344        2006-07-16           Josh
#> 5984               1              2       412        2006-09-17    Archaimbaud
#> 5985               4              5       145        2005-08-25        Helaine
#> 5986               2              4       524        2006-10-21           Flss
#> 5987               1              1       311        2006-08-19          Edsel
#> 5988               1              1       311        2006-07-25          Tobit
#> 5989               5              4       354        2006-08-04           Burl
#> 5990               3              2       432        2006-10-04          Winny
#> 5991               3              2       432        2006-09-14         Gabbie
#> 5992               4              3       443        2006-09-11          Ahmed
#> 5993               1              1       411        2006-10-08          Helli
#> 5994               5              5       155        2005-10-22          Katie
#> 5995               4              4       244        2006-06-07         Milzie
#> 5996               4              2       342        2006-07-18       Meredith
#> 5997               1              1       311        2006-08-21          Hulda
#> 5998               2              1       521        2006-12-14          Emili
#> 5999               1              1       211        2006-05-07        Diannne
#> 6000               2              2       422        2006-09-09        Janetta
#> 6001               4              3       143        2006-04-07           Edin
#> 6002               5              4       554        2006-11-21      Francoise
#> 6003               1              3       113        2005-12-16          Aland
#> 6004               1              1       111        2006-04-04           Cori
#> 6005               1              1       111        2005-07-16         Natale
#> 6006               4              4       344        2006-07-21       Meredeth
#> 6007               2              3       323        2006-08-13         Kamila
#> 6008               1              2       112        2005-07-12        Laverna
#> 6009               4              3       143        2005-08-05         Giulia
#> 6010               1              1       211        2006-06-19          Elias
#> 6011               3              4       534        2006-10-29       Mariette
#> 6012               5              3       153        2005-11-07         Giulia
#> 6013               4              4       144        2005-09-18        Nikolai
#> 6014               2              2       222        2006-06-06         Gerrie
#> 6015               2              1       521        2006-11-01          Daron
#> 6016               4              4       544        2006-10-23       Alasteir
#> 6017               3              3       433        2006-09-25         Cristi
#> 6018               1              1       111        2005-10-19           Cece
#> 6019               1              3       513        2006-10-25          Tonya
#> 6020               1              1       111        2005-02-04          Twila
#> 6021               2              2       422        2006-08-31          Poppy
#> 6022               5              3       253        2006-05-20         Morgan
#> 6023               3              3       233        2006-07-04         Ailina
#> 6024               2              3       123        2005-08-30     Hildegarde
#> 6025               4              2       342        2006-08-10         Jaimie
#> 6026               1              1       111        2006-04-09          Kaela
#> 6027               3              3       233        2006-06-24       Lizabeth
#> 6028               3              2       432        2006-09-07          Eldon
#> 6029               1              3       113        2006-02-13          Aimil
#> 6030               2              2       422        2006-10-08         Kelila
#> 6031               5              5       455        2006-10-04         Wolfie
#> 6032               3              3       133        2006-01-19       Veronica
#> 6033               1              1       211        2006-06-03         Tobiah
#> 6034               1              2       212        2006-05-15          Percy
#> 6035               5              5       355        2006-08-22       Hernando
#> 6036               1              1       111        2005-12-04        Giselle
#> 6037               2              3       323        2006-08-10         Dalila
#> 6038               5              5       355        2006-08-18        Josepha
#> 6039               4              5       345        2006-08-22         Toddie
#> 6040               4              4       544        2006-12-06       Cchaddie
#> 6041               3              4       434        2006-08-31           Kiah
#> 6042               3              3       333        2006-08-16         Tomlin
#> 6043               4              5       245        2006-06-01       Roderick
#> 6044               5              5       555        2006-12-13         Odille
#> 6045               4              5       145        2006-02-13      Brittaney
#> 6046               2              4       124        2006-03-05          Rodge
#> 6047               1              1       111        2006-03-26         Austin
#> 6048               1              1       311        2006-08-20      Llewellyn
#> 6049               5              5       455        2006-10-04          Doria
#> 6050               4              5       145        2006-01-12           Edee
#> 6051               4              3       143        2006-01-13        Cherida
#> 6052               1              1       511        2006-12-14         Alexis
#> 6053               2              3       523        2006-11-04         Wallie
#> 6054               2              3       123        2005-07-24         Lowell
#> 6055               2              3       323        2006-08-10          Rufus
#> 6056               2              3       323        2006-08-18       Raimondo
#> 6057               4              4       344        2006-07-30        Kellsie
#> 6058               2              3       323        2006-08-08        Gilbert
#> 6059               4              3       143        2006-03-12        Lammond
#> 6060               2              2       122        2005-08-19           Pace
#> 6061               5              4       154        2006-02-06       Ezechiel
#> 6062               2              1       121        2005-10-24          Orren
#> 6063               2              3       323        2006-08-06           Obie
#> 6064               3              4       334        2006-08-04          Winne
#> 6065               3              3       233        2006-06-16           Rand
#> 6066               5              4       254        2006-05-14       Consalve
#> 6067               5              4       154        2006-03-08           Joli
#> 6068               3              4       134        2006-03-12    Alexandrina
#> 6069               5              5       555        2006-11-08           Gill
#> 6070               1              1       211        2006-04-14           Elna
#> 6071               3              2       332        2006-08-19     Margaretha
#> 6072               1              1       111        2005-12-23        Adelind
#> 6073               5              4       254        2006-07-01        Jsandye
#> 6074               1              1       111        2005-11-19   Christabella
#> 6075               1              1       411        2006-09-06      Benedicto
#> 6076               1              2       212        2006-04-17         Georgy
#> 6077               5              5       555        2006-11-14         Eileen
#> 6078               1              1       111        2005-09-01          Dacia
#> 6079               1              1       111        2005-08-24      Zackariah
#> 6080               2              2       122        2006-03-17           Fred
#> 6081               4              4       544        2006-11-04          Prinz
#> 6082               2              2       522        2006-11-13          Arlyn
#> 6083               4              5       345        2006-08-02         Karena
#> 6084               2              3       223        2006-05-23         Mellie
#> 6085               1              1       311        2006-07-15        Therese
#> 6086               4              5       345        2006-08-21        Latrina
#> 6087               1              1       311        2006-08-15        Devinne
#> 6088               3              4       434        2006-10-04        Tabitha
#> 6089               1              1       111        2005-12-02       Brigitte
#> 6090               4              1       241        2006-06-25         Melita
#> 6091               2              2       522        2006-11-03         Manuel
#> 6092               5              5       355        2006-08-24        Octavia
#> 6093               2              3       123        2006-04-02           Jaye
#> 6094               1              1       411        2006-10-06          Jobey
#> 6095               4              5       145        2005-08-28          Elsie
#> 6096               3              4       334        2006-07-27          Lawry
#> 6097               1              3       213        2006-04-24           Flss
#> 6098               2              2       222        2006-05-07         Coreen
#> 6099               1              2       212        2006-05-07           Olag
#> 6100               2              4       324        2006-08-22          Gawen
#> 6101               3              3       133        2006-02-17           Raul
#> 6102               1              1       511        2006-12-02           Kate
#> 6103               2              1       221        2006-06-13          Valli
#> 6104               2              2       222        2006-06-22        Fenelia
#> 6105               1              2       312        2006-07-23         Rollin
#> 6106               5              5       355        2006-07-30          Ahmed
#> 6107               5              5       455        2006-10-14          Barry
#> 6108               5              4       254        2006-07-01          Cassy
#> 6109               1              1       411        2006-09-21          Charo
#> 6110               1              1       111        2005-05-15           Glad
#> 6111               4              4       444        2006-10-13         Jelene
#> 6112               4              4       244        2006-05-11         Myriam
#> 6113               4              5       445        2006-09-16          Faina
#> 6114               4              4       444        2006-09-27          Bryce
#> 6115               1              1       411        2006-10-05           Haze
#> 6116               3              4       434        2006-09-29       Ethelind
#> 6117               2              1       421        2006-10-07          Mercy
#> 6118               5              5       455        2006-09-21             Di
#> 6119               1              2       212        2006-06-25            Wat
#> 6120               4              4       244        2006-06-12        Shelley
#> 6121               2              3       523        2006-11-26       Harwilll
#> 6122               4              3       443        2006-10-03         Renell
#> 6123               1              4       514        2006-12-10        Freeman
#> 6124               1              1       211        2006-07-01       Lorianna
#> 6125               5              5       255        2006-07-03      Charlotta
#> 6126               4              4       544        2006-10-25          Aland
#> 6127               2              3       223        2006-05-06      Rafaelita
#> 6128               2              2       422        2006-09-15         Melody
#> 6129               1              2       312        2006-08-16           Tobe
#> 6130               1              2       112        2006-03-08          Keven
#> 6131               1              1       411        2006-09-27       Christin
#> 6132               1              1       211        2006-05-05           Bree
#> 6133               2              2       322        2006-08-10          Flory
#> 6134               3              4       434        2006-09-14        Kellsie
#> 6135               2              3       223        2006-05-26      Alexandre
#> 6136               5              5       355        2006-08-24       Sherwynd
#> 6137               2              3       123        2006-02-20          Hagen
#> 6138               5              5       555        2006-11-09       Leontine
#> 6139               2              1       521        2006-10-28        Eustace
#> 6140               2              1       121        2006-02-24          Daile
#> 6141               3              2       332        2006-07-27       Batsheva
#> 6142               4              2       442        2006-09-03           Mora
#> 6143               2              1       421        2006-10-13        Augusta
#> 6144               1              2       512        2006-10-30         Nichol
#> 6145               1              1       111        2005-08-27      Zachariah
#> 6146               4              4       144        2006-04-03         Ilario
#> 6147               1              1       111        2005-09-26           Meta
#> 6148               2              3       223        2006-06-24        Farrand
#> 6149               3              2       332        2006-07-12          Olwen
#> 6150               3              2       232        2006-06-09        Stanton
#> 6151               2              4       524        2006-12-11          Berty
#> 6152               3              2       432        2006-09-04            Gar
#> 6153               1              2       312        2006-07-22          Chris
#> 6154               2              2       322        2006-07-26          Hulda
#> 6155               1              1       111        2006-02-05        Berkley
#> 6156               3              3       433        2006-10-11         Melany
#> 6157               5              4       454        2006-09-07          Cassy
#> 6158               5              4       354        2006-08-08         Babara
#> 6159               2              2       222        2006-06-23        Micheal
#> 6160               5              2       552        2006-12-10          Rikki
#> 6161               3              3       133        2005-12-21          Bryna
#> 6162               2              2       422        2006-09-30          Rycca
#> 6163               2              1       221        2006-06-02       Harcourt
#> 6164               5              5       255        2006-05-22       Hadleigh
#> 6165               2              1       321        2006-07-31        Alister
#> 6166               1              1       211        2006-04-30    Jacquenetta
#> 6167               1              1       111        2005-08-26         Arthur
#> 6168               2              1       421        2006-09-15           Gail
#> 6169               4              5       345        2006-07-26          Lotta
#> 6170               1              1       111        2006-02-04       Gwenette
#> 6171               2              3       423        2006-10-16          Alden
#> 6172               4              3       343        2006-08-04       Raffarty
#> 6173               5              5       555        2006-11-07        Armando
#> 6174               3              2       332        2006-07-12        Christy
#> 6175               4              3       543        2006-11-01        Clayson
#> 6176               1              1       311        2006-08-02       Elfrieda
#> 6177               5              5       355        2006-08-18        Mallory
#> 6178               2              1       121        2006-03-04         Sawyer
#> 6179               5              5       555        2006-12-25           Dita
#> 6180               4              4       144        2006-03-06           Xena
#> 6181               4              5       245        2006-05-02          Tandy
#> 6182               5              5       355        2006-08-02          Vanda
#> 6183               5              5       555        2006-12-03         Travis
#> 6184               2              1       321        2006-08-13       Mauricio
#> 6185               2              2       522        2006-11-17        Leticia
#> 6186               5              5       555        2006-10-19       Ezechiel
#> 6187               2              3       123        2005-10-15          Kelci
#> 6188               5              4       554        2006-12-18        Antonin
#> 6189               4              3       343        2006-07-12          Shell
#> 6190               1              1       111        2005-10-06     Maximilian
#> 6191               2              4       124        2005-09-10         Karole
#> 6192               1              1       111        2006-03-17         Cindra
#> 6193               4              3       243        2006-06-21        Patrick
#> 6194               2              2       322        2006-08-01            Pip
#> 6195               2              5       125        2005-09-03          Cindy
#> 6196               1              2       112        2006-01-29           Earl
#> 6197               5              5       355        2006-07-27        Tiffani
#> 6198               4              4       244        2006-06-03         Bertha
#> 6199               1              1       211        2006-05-23          Parry
#> 6200               3              4       534        2006-11-21      Laurianne
#> 6201               4              5       345        2006-08-14         Pieter
#> 6202               5              4       554        2006-10-21        Salaidh
#> 6203               5              5       155        2005-11-09         Duffie
#> 6204               2              2       422        2006-09-02        Aurthur
#> 6205               5              5       555        2006-11-15         Sandor
#> 6206               5              5       555        2006-11-15         Bailey
#> 6207               2              2       422        2006-09-02        Dominga
#> 6208               1              1       111        2005-10-31       Shaylynn
#> 6209               1              1       411        2006-10-06         Lorita
#> 6210               5              5       555        2006-12-15        Teressa
#> 6211               2              1       121        2006-04-05          Lolly
#> 6212               5              5       555        2006-11-06          Tanya
#> 6213               1              1       411        2006-08-30        Corliss
#> 6214               5              5       555        2006-10-19          Rubie
#> 6215               3              2       532        2006-11-23        Auberon
#> 6216               2              3       323        2006-08-14            Gus
#> 6217               1              1       411        2006-09-08         Lilias
#> 6218               4              5       545        2006-11-07           Ilsa
#> 6219               4              5       545        2006-11-01       Jourdain
#> 6220               5              5       555        2006-12-19       Giuditta
#> 6221               1              1       411        2006-09-05           Tess
#> 6222               4              5       145        2006-02-17         Dianne
#> 6223               2              3       423        2006-08-29         Lester
#> 6224               2              2       122        2006-01-15         Bernie
#> 6225               5              5       355        2006-08-11         Joanne
#> 6226               5              5       255        2006-06-03       Nikolaus
#> 6227               1              1       411        2006-10-03          Rodge
#> 6228               5              5       355        2006-07-28         Gaylor
#> 6229               5              4       154        2006-03-04       Isabelle
#> 6230               5              5       555        2006-12-07         Rebeka
#> 6231               4              4       244        2006-06-09          Happy
#> 6232               1              1       411        2006-09-18        Mirabel
#> 6233               4              4       344        2006-08-25         Hanson
#> 6234               4              4       544        2006-11-03         Jethro
#> 6235               5              5       155        2005-10-19         Markos
#> 6236               3              4       534        2006-10-24          Maggi
#> 6237               5              4       354        2006-08-17          Katya
#> 6238               1              1       311        2006-08-14         Lauren
#> 6239               2              1       121        2005-09-20         Charyl
#> 6240               3              2       232        2006-07-02         Turner
#> 6241               5              5       355        2006-08-10     Marguerite
#> 6242               4              5       545        2006-10-19           Dory
#> 6243               3              4       534        2006-11-10           Raye
#> 6244               2              2       222        2006-05-16        Charlie
#> 6245               2              2       222        2006-07-04        Shelden
#> 6246               4              5       545        2006-12-20           Mady
#> 6247               2              3       423        2006-09-23          Niven
#> 6248               2              4       424        2006-09-22           Nick
#> 6249               3              3       533        2006-11-27         Cherin
#> 6250               3              3       233        2006-05-09           Tana
#> 6251               5              5       355        2006-08-28        Malvina
#> 6252               2              3       323        2006-07-13          Tymon
#> 6253               1              1       111        2005-08-11         Austin
#> 6254               1              1       111        2005-12-09         Ingram
#> 6255               5              4       554        2006-11-10          Fraze
#> 6256               1              1       211        2006-05-15          Devin
#> 6257               2              2       522        2006-11-25       Ludovika
#> 6258               4              2       542        2006-11-05         Konrad
#> 6259               4              5       145        2006-04-06          Dorry
#> 6260               3              2       232        2006-06-19         Marven
#> 6261               2              3       423        2006-09-07           Obie
#> 6262               3              4       334        2006-08-26         Hurlee
#> 6263               2              1       321        2006-07-17        Philipa
#> 6264               2              1       121        2005-11-01       Violante
#> 6265               4              4       344        2006-07-27          Heidi
#> 6266               4              4       144        2006-03-22        Maryann
#> 6267               3              4       534        2006-10-21          Shell
#> 6268               1              1       111        2006-03-11         Kendra
#> 6269               4              5       445        2006-10-08         Gordon
#> 6270               3              4       334        2006-08-06          Vinny
#> 6271               5              4       354        2006-08-02            Gay
#> 6272               1              1       411        2006-09-16          Alisa
#> 6273               2              3       123        2006-03-29            Rey
#> 6274               4              3       543        2006-10-31        Barthel
#> 6275               2              2       422        2006-09-16         Willey
#> 6276               5              5       355        2006-08-13         Hailee
#> 6277               4              4       244        2006-07-06            Mal
#> 6278               4              5       345        2006-07-24          Pearl
#> 6279               5              5       355        2006-08-27          Tudor
#> 6280               5              5       555        2006-11-04           Vite
#> 6281               1              2       212        2006-05-26            Ade
#> 6282               4              5       245        2006-07-03          Allis
#> 6283               4              3       243        2006-05-22          Faith
#> 6284               2              1       421        2006-09-04           Tedi
#> 6285               4              5       345        2006-08-04      Antonetta
#> 6286               5              4       254        2006-05-22           Erna
#> 6287               1              2       512        2006-12-14         Devina
#> 6288               2              2       222        2006-06-02           Igor
#> 6289               4              4       444        2006-10-08        Isadora
#> 6290               1              1       511        2006-11-28            Isa
#> 6291               3              4       434        2006-09-25         Hayley
#> 6292               1              2       212        2006-07-07      Bernadine
#> 6293               5              5       555        2006-11-06        Garrett
#> 6294               1              1       311        2006-08-17      Millicent
#> 6295               1              1       511        2006-10-20         Astrix
#> 6296               2              2       222        2006-05-02        Correna
#> 6297               2              2       322        2006-08-17          Tracy
#> 6298               5              5       455        2006-10-16  Sheilakathryn
#> 6299               5              5       255        2006-06-24            Eva
#> 6300               1              1       311        2006-07-22          Melva
#> 6301               4              4       544        2006-11-16       Vincents
#> 6302               5              5       255        2006-05-17          Karim
#> 6303               3              4       234        2006-06-22           Lacy
#> 6304               5              5       255        2006-06-04         Sheryl
#> 6305               1              1       511        2006-10-29          Amble
#> 6306               1              1       111        2005-12-26          Monte
#> 6307               2              2       322        2006-08-09     Antoinette
#> 6308               5              5       255        2006-06-11           Birk
#> 6309               5              5       455        2006-10-12        Ceciley
#> 6310               1              2       112        2006-01-16       Cariotta
#> 6311               1              2       412        2006-09-24         Barrie
#> 6312               5              3       253        2006-06-29            Den
#> 6313               4              4       344        2006-07-15      Bernadene
#> 6314               1              1       111        2005-09-14         Natale
#> 6315               2              3       123        2005-10-03         Rainer
#> 6316               1              1       311        2006-08-08        Sarette
#> 6317               2              1       221        2006-05-29        Dorette
#> 6318               1              1       111        2005-11-17           Essy
#> 6319               1              1       111        2006-04-01       Felicity
#> 6320               4              5       245        2006-07-07          Neile
#> 6321               2              2       222        2006-04-13           Cory
#> 6322               3              4       334        2006-08-23            Ora
#> 6323               4              5       545        2006-12-21         Ofella
#> 6324               5              5       255        2006-06-30           Hewe
#> 6325               3              4       134        2005-10-16    Guillemette
#> 6326               5              5       255        2006-05-01          Livvy
#> 6327               5              5       355        2006-08-09         Saudra
#> 6328               1              2       312        2006-07-30        Lisbeth
#> 6329               3              3       333        2006-08-07          Ariel
#> 6330               2              3       523        2006-11-30           Liza
#> 6331               4              3       343        2006-08-19        Daniele
#> 6332               1              2       412        2006-09-11        Saundra
#> 6333               3              4       334        2006-08-05        Rafaela
#> 6334               5              5       155        2005-10-18          Fredi
#> 6335               5              5       255        2006-06-13           Alex
#> 6336               5              3       453        2006-09-14           Elsi
#> 6337               2              3       223        2006-07-04        Othelia
#> 6338               2              1       421        2006-09-16       Martelle
#> 6339               5              4       554        2006-11-03         Robbie
#> 6340               4              4       444        2006-09-01           Dave
#> 6341               3              4       134        2006-04-04        Dominic
#> 6342               2              2       222        2006-05-14         Goldie
#> 6343               3              2       132        2006-01-21         Gloria
#> 6344               3              2       532        2006-10-29        Broddie
#> 6345               5              5       355        2006-07-19        Annette
#> 6346               2              3       323        2006-08-07       Bethanne
#> 6347               4              4       444        2006-09-13         Porter
#> 6348               4              4       244        2006-06-22        Bertram
#> 6349               1              4       114        2006-03-12          Daryl
#> 6350               2              4       424        2006-09-09       Raffarty
#> 6351               1              2       412        2006-09-27          Vevay
#> 6352               5              5       355        2006-08-22         Yankee
#> 6353               5              5       555        2006-12-23         Cornie
#> 6354               3              4       334        2006-08-21          Ricki
#> 6355               2              3       223        2006-06-16       Bendicty
#> 6356               1              1       111        2005-06-20          Timmy
#> 6357               2              2       222        2006-05-06           Fred
#> 6358               4              3       443        2006-09-02           Trey
#> 6359               1              1       411        2006-09-30        Kendell
#> 6360               1              2       512        2006-10-21          Rudie
#> 6361               3              4       334        2006-08-25         Joanne
#> 6362               5              5       555        2006-10-27      Claudetta
#> 6363               2              2       322        2006-08-08      Cleopatra
#> 6364               4              4       244        2006-04-16       Lauraine
#> 6365               5              5       255        2006-05-02           Tiff
#> 6366               2              2       422        2006-08-30          Polly
#> 6367               4              5       545        2006-11-20    Bartholomeo
#> 6368               3              3       433        2006-09-27         Georas
#> 6369               4              5       245        2006-07-01         Foster
#> 6370               4              4       144        2006-04-01         Marion
#> 6371               2              2       222        2006-05-13        Rebekah
#> 6372               3              4       534        2006-11-08         Mariam
#> 6373               1              1       511        2006-10-29         Emilie
#> 6374               1              3       513        2006-11-03         Renate
#> 6375               1              2       112        2005-09-11         Josiah
#> 6376               5              4       454        2006-09-13       Terrence
#> 6377               1              1       511        2006-12-27       Johannes
#> 6378               2              3       423        2006-09-27          Moyna
#> 6379               2              4       424        2006-09-27         Carter
#> 6380               1              2       112        2005-07-07          Aurel
#> 6381               5              5       355        2006-08-09         Hayyim
#> 6382               3              4       234        2006-05-19           Wynn
#> 6383               1              1       111        2005-11-13          Jessy
#> 6384               3              4       234        2006-06-08        Tiffany
#> 6385               4              3       343        2006-07-11           Kean
#> 6386               2              1       421        2006-10-10         Jammal
#> 6387               4              3       343        2006-07-14           Bond
#> 6388               5              5       555        2006-11-15        Malinde
#> 6389               1              1       111        2005-11-20          Tracy
#> 6390               3              4       334        2006-08-22         Nicola
#> 6391               4              3       243        2006-04-30         Chelsy
#> 6392               2              2       222        2006-04-23          Abbey
#> 6393               1              1       211        2006-05-26          Darby
#> 6394               2              2       522        2006-11-12            Jim
#> 6395               3              4       434        2006-09-27         Sharyl
#> 6396               3              2       332        2006-08-23         Magnum
#> 6397               4              2       342        2006-08-24       Marcello
#> 6398               2              3       423        2006-09-22        Vaughan
#> 6399               4              4       144        2006-03-09         Tanner
#> 6400               5              5       555        2006-12-09       Panchito
#> 6401               2              2       422        2006-09-30         Irvine
#> 6402               5              5       355        2006-08-13         Catlee
#> 6403               1              1       111        2005-11-20       Catriona
#> 6404               2              4       124        2005-06-17          Gardy
#> 6405               4              3       543        2006-11-28            Irv
#> 6406               3              2       432        2006-09-21          Hardy
#> 6407               5              4       354        2006-07-17          Denna
#> 6408               2              2       422        2006-10-12      Aristotle
#> 6409               2              2       322        2006-07-09           Alic
#> 6410               4              3       243        2006-06-04           Babs
#> 6411               5              5       455        2006-09-10          Cathi
#> 6412               4              3       143        2005-11-12           Tedd
#> 6413               2              3       323        2006-08-09         Jaimie
#> 6414               5              5       555        2006-11-02            Roi
#> 6415               2              4       124        2006-03-28           Barn
#> 6416               2              2       522        2006-12-15          Mayer
#> 6417               1              2       112        2005-08-20       Annalise
#> 6418               5              5       155        2006-01-18           Dawn
#> 6419               3              5       535        2006-10-27         Felipe
#> 6420               1              1       511        2006-10-26          Grady
#> 6421               1              1       211        2006-06-30            Roz
#> 6422               5              5       355        2006-07-18          Tiffy
#> 6423               3              2       232        2006-05-12      Madelaine
#> 6424               1              3       313        2006-07-15        Cherida
#> 6425               4              4       444        2006-09-21          Kleon
#> 6426               2              3       323        2006-08-07           Joey
#> 6427               2              2       122        2005-07-16         Dorice
#> 6428               4              5       345        2006-08-20         Wanids
#> 6429               2              3       323        2006-08-11           Marj
#> 6430               1              2       112        2006-02-15         Earvin
#> 6431               2              2       522        2006-11-26            Dix
#> 6432               1              1       311        2006-07-11        Thedric
#> 6433               1              1       311        2006-08-08          Ulick
#> 6434               1              1       511        2006-10-17            Kim
#> 6435               3              2       132        2005-12-17         Harman
#> 6436               1              2       112        2006-03-13          Trish
#> 6437               1              3       413        2006-09-26          Glenn
#> 6438               2              1       221        2006-04-29           Hans
#> 6439               4              5       545        2006-10-23        Rinaldo
#> 6440               1              1       111        2006-04-09        Valerie
#> 6441               4              3       243        2006-06-02         Nalani
#> 6442               1              1       111        2005-10-20        Gifford
#> 6443               5              4       254        2006-05-24            Rip
#> 6444               2              2       422        2006-09-08          Royal
#> 6445               5              5       555        2006-12-05         Waylin
#> 6446               3              4       134        2005-11-01         Hirsch
#> 6447               5              4       354        2006-07-23       Nehemiah
#> 6448               1              1       411        2006-09-25       Melisent
#> 6449               1              1       111        2005-11-22         Gordon
#> 6450               4              3       543        2006-11-20           Lana
#> 6451               4              4       344        2006-07-14        Darnall
#> 6452               1              1       211        2006-04-12         Merwyn
#> 6453               2              3       223        2006-05-29          Marga
#> 6454               4              4       344        2006-07-21         Agneta
#> 6455               5              5       455        2006-10-14          Tobie
#> 6456               5              5       455        2006-09-04       Sapphire
#> 6457               3              3       233        2006-06-21         Bayard
#> 6458               3              4       334        2006-07-20          Keary
#> 6459               4              4       544        2006-11-26          Magda
#> 6460               1              2       112        2005-12-21          Ronda
#> 6461               2              1       221        2006-06-29      Philomena
#> 6462               3              4       134        2005-09-05         Dulsea
#> 6463               3              4       134        2005-11-14         Peyter
#> 6464               1              1       111        2005-12-28       Stefania
#> 6465               3              3       233        2006-06-30           Ruby
#> 6466               2              3       523        2006-11-22        Addison
#> 6467               2              3       423        2006-09-08            Lay
#> 6468               2              1       121        2005-09-23            Lem
#> 6469               2              2       122        2005-10-19           Eden
#> 6470               1              2       312        2006-08-17       Griswold
#> 6471               3              4       134        2006-03-23           Bess
#> 6472               5              4       254        2006-06-08       Jacinthe
#> 6473               4              4       444        2006-09-04        Jeralee
#> 6474               5              5       455        2006-10-15         Kalvin
#> 6475               1              1       511        2006-12-01          Judas
#> 6476               1              2       112        2006-01-10         Pearle
#> 6477               4              4       144        2006-02-06         Allina
#> 6478               4              5       545        2006-12-21        Eustace
#> 6479               1              2       512        2006-12-16          Tobin
#> 6480               4              3       543        2006-12-30           Arni
#> 6481               4              3       543        2006-10-23           Anna
#> 6482               1              1       111        2006-04-05          Sacha
#> 6483               2              2       122        2005-08-01          Terry
#> 6484               2              3       523        2006-12-26       Emmeline
#> 6485               2              2       422        2006-09-15          Rodie
#> 6486               5              5       355        2006-08-11         Averyl
#> 6487               5              5       255        2006-05-11         Siward
#> 6488               4              3       243        2006-06-26          Susan
#> 6489               2              3       323        2006-07-15         Dahlia
#> 6490               2              2       122        2006-04-07       Carleton
#> 6491               4              4       544        2006-10-29          Hedda
#> 6492               4              3       143        2006-03-22         Ferdie
#> 6493               3              3       533        2006-10-21        Teriann
#> 6494               3              1       231        2006-05-31         Cassie
#> 6495               1              2       412        2006-09-22        Sibella
#> 6496               4              4       444        2006-10-02          Tammi
#> 6497               3              2       432        2006-09-06         Teresa
#> 6498               1              2       112        2005-09-19            Bat
#> 6499               5              4       254        2006-06-18          Leola
#> 6500               4              5       545        2006-11-10        Donovan
#> 6501               5              4       454        2006-10-05        Chandal
#> 6502               4              4       144        2005-12-22          Olive
#> 6503               5              5       555        2006-12-23       Brigitte
#> 6504               3              2       532        2006-12-18         Grazia
#> 6505               1              1       411        2006-09-02            Kat
#> 6506               1              1       111        2005-11-16         Bianca
#> 6507               2              3       223        2006-04-28         Arthur
#> 6508               3              1       431        2006-09-19         Felice
#> 6509               4              3       443        2006-10-08         Althea
#> 6510               3              4       134        2006-03-03          Netta
#> 6511               3              4       434        2006-09-23           Arly
#> 6512               2              4       124        2006-03-18          Rheta
#> 6513               5              5       455        2006-09-17         Lemmie
#> 6514               1              1       211        2006-04-26      Gualterio
#> 6515               5              5       455        2006-09-10          Agnes
#> 6516               1              2       212        2006-05-16         Adelle
#> 6517               1              1       111        2005-10-04         Vinnie
#> 6518               2              3       123        2005-09-26         Olympe
#> 6519               2              2       322        2006-08-19           Abbe
#> 6520               4              3       143        2005-10-28        Filippo
#> 6521               5              5       255        2006-06-19       Sherwood
#> 6522               2              2       522        2006-11-16            Boy
#> 6523               3              4       134        2006-04-03           Hali
#> 6524               1              2       412        2006-09-22          Raine
#> 6525               5              5       555        2006-11-07          Minni
#> 6526               2              1       521        2006-11-17        Jillana
#> 6527               1              2       112        2005-11-18     Carmencita
#> 6528               3              3       233        2006-06-20        Leonore
#> 6529               2              2       422        2006-10-15     Evangeline
#> 6530               1              3       513        2006-11-25       Ruggiero
#> 6531               2              2       222        2006-06-29          Paolo
#> 6532               3              5       335        2006-08-26          Ilyse
#> 6533               3              2       532        2006-12-15         Idelle
#> 6534               4              5       445        2006-09-24        Avigdor
#> 6535               4              4       444        2006-10-03           Ruth
#> 6536               5              5       355        2006-08-06       Ebenezer
#> 6537               2              2       522        2006-11-28       Ashleigh
#> 6538               1              1       411        2006-10-02        Juliann
#> 6539               4              4       544        2006-11-09        Madelon
#> 6540               4              5       145        2006-01-14          Gilly
#> 6541               5              5       355        2006-08-18            Fay
#> 6542               2              4       124        2005-11-21        Marleen
#> 6543               5              4       554        2006-11-23         Shaine
#> 6544               4              4       344        2006-08-25         Bradly
#> 6545               4              5       145        2005-11-18           Budd
#> 6546               2              2       422        2006-09-22          Marje
#> 6547               5              5       355        2006-08-27         Karney
#> 6548               4              4       444        2006-09-11         Vivyan
#> 6549               3              3       433        2006-08-31         Mannie
#> 6550               2              4       324        2006-08-25       Nathalie
#> 6551               5              5       555        2006-11-24         Krisha
#> 6552               3              3       333        2006-07-20      Benedikta
#> 6553               1              1       411        2006-09-26         Joanie
#> 6554               2              2       322        2006-07-20        Sabrina
#> 6555               2              3       423        2006-10-02         Joyous
#> 6556               2              2       122        2005-12-31           Essy
#> 6557               1              1       411        2006-09-04         Marcos
#> 6558               2              1       521        2006-10-18          Terri
#> 6559               4              4       444        2006-09-11        Mildrid
#> 6560               3              3       333        2006-07-15        Bastien
#> 6561               2              3       223        2006-06-14        Caitlin
#> 6562               5              4       554        2006-12-03           Alva
#> 6563               2              4       124        2005-09-19        Elberta
#> 6564               2              1       221        2006-06-15        Tiffany
#> 6565               3              2       132        2005-12-12        Modesty
#> 6566               5              5       455        2006-08-29         Bibbie
#> 6567               5              4       454        2006-09-13         Alvera
#> 6568               5              5       555        2006-10-18          Celle
#> 6569               3              3       233        2006-06-22         Philly
#> 6570               4              3       243        2006-05-06         Towney
#> 6571               4              1       441        2006-10-04          Janka
#> 6572               3              4       534        2006-12-29      Morganica
#> 6573               2              4       524        2006-10-31          Elana
#> 6574               3              5       535        2006-12-18       Vivienne
#> 6575               5              3       353        2006-08-06     Cristionna
#> 6576               1              1       411        2006-10-04          Stevy
#> 6577               2              1       321        2006-07-20         Kimbra
#> 6578               1              1       111        2005-12-20          Kandy
#> 6579               2              4       124        2005-11-11         Alexio
#> 6580               1              1       211        2006-05-31            Eva
#> 6581               3              2       232        2006-06-05           Ella
#> 6582               2              3       223        2006-05-07          Brear
#> 6583               5              5       555        2006-12-03          Velma
#> 6584               2              2       522        2006-12-03         Norrie
#> 6585               2              2       222        2006-05-09          Errol
#> 6586               1              3       113        2005-11-01         Aldwin
#> 6587               5              5       555        2006-10-31           Sena
#> 6588               4              3       543        2006-12-21       Zacherie
#> 6589               1              2       512        2006-10-21         Roanne
#> 6590               2              2       322        2006-07-26      Bridgette
#> 6591               2              1       321        2006-08-02      Gwendolen
#> 6592               5              5       555        2006-10-27          Arden
#> 6593               2              2       122        2005-05-22           Bart
#> 6594               4              4       344        2006-08-16        Maurits
#> 6595               1              1       111        2005-12-21         Felita
#> 6596               1              1       311        2006-08-20        Loralyn
#> 6597               5              5       255        2006-07-07        Lazarus
#> 6598               2              1       421        2006-09-01        Dimitri
#> 6599               1              1       511        2006-12-03        Morgana
#> 6600               1              1       111        2005-07-20         Bessie
#> 6601               4              4       444        2006-10-16            Koo
#> 6602               1              2       512        2006-11-22         Pansie
#> 6603               2              2       422        2006-10-03           Ivar
#> 6604               2              2       322        2006-07-21          Nerti
#> 6605               1              2       412        2006-09-06          Berni
#> 6606               5              5       455        2006-09-05     Anna-diane
#> 6607               2              2       522        2006-12-12           Cori
#> 6608               1              1       311        2006-07-12       Samantha
#> 6609               1              1       111        2005-08-12        Patrice
#> 6610               1              1       411        2006-10-09         Colene
#> 6611               1              2       212        2006-05-06          Tammy
#> 6612               4              5       545        2006-11-26         Michel
#> 6613               2              5       525        2006-11-26          Carny
#> 6614               5              5       355        2006-08-04           Lane
#> 6615               1              1       411        2006-09-23         Ulrica
#> 6616               2              3       123        2006-04-08          Albie
#> 6617               1              1       211        2006-06-03           Robb
#> 6618               4              3       443        2006-10-02         Thatch
#> 6619               2              3       223        2006-06-09          Dodie
#> 6620               2              3       523        2006-11-30           Dean
#> 6621               5              5       555        2006-10-21        Gearard
#> 6622               1              1       111        2006-02-16          Burke
#> 6623               2              3       423        2006-10-02        Cornela
#> 6624               2              3       323        2006-08-28            Way
#> 6625               5              5       455        2006-09-25         Renato
#> 6626               3              4       534        2006-11-08         Millie
#> 6627               4              4       244        2006-05-22           Tait
#> 6628               2              3       223        2006-06-15        Martita
#> 6629               5              5       555        2006-11-02       Jaquelyn
#> 6630               5              5       355        2006-08-19          Gavan
#> 6631               2              3       523        2006-11-23         Verena
#> 6632               1              1       111        2005-07-30           Bram
#> 6633               1              1       211        2006-05-11         Taylor
#> 6634               2              2       222        2006-06-01       Sapphire
#> 6635               4              3       543        2006-11-17         Teddie
#> 6636               5              5       255        2006-04-12            Ame
#> 6637               2              2       222        2006-04-23       Gabriell
#> 6638               5              4       254        2006-05-28       Courtney
#> 6639               2              2       522        2006-12-14           Ivar
#> 6640               2              3       323        2006-07-21          Aldon
#> 6641               3              3       433        2006-09-15           Dana
#> 6642               2              2       122        2005-07-28            Con
#> 6643               1              1       111        2006-01-19          Caron
#> 6644               2              1       321        2006-07-23            Erv
#> 6645               5              5       355        2006-07-22           Rolf
#> 6646               1              1       411        2006-08-31         Darryl
#> 6647               4              4       244        2006-06-24         Marven
#> 6648               1              2       212        2006-06-15       Brittney
#> 6649               1              1       111        2005-05-22         Muriel
#> 6650               1              2       312        2006-07-10         Amelie
#> 6651               1              2       112        2005-11-26        Rozelle
#> 6652               2              4       324        2006-07-29          Flint
#> 6653               4              5       545        2006-12-09          Hymie
#> 6654               2              2       422        2006-10-01           Glad
#> 6655               4              4       244        2006-05-08         Herold
#> 6656               4              3       143        2006-03-28         Darell
#> 6657               1              1       111        2006-03-30         Garret
#> 6658               1              1       111        2006-01-20        Rozanna
#> 6659               5              5       555        2006-10-21           Kory
#> 6660               2              1       321        2006-08-21          Grace
#> 6661               1              1       411        2006-09-19         Korney
#> 6662               2              3       423        2006-09-21          Izaak
#> 6663               1              1       511        2006-12-09         Lilyan
#> 6664               2              1       421        2006-09-17         Adrian
#> 6665               2              3       223        2006-05-14       Guillema
#> 6666               2              1       421        2006-09-29         Jarrid
#> 6667               2              2       322        2006-08-11           Shem
#> 6668               2              4       424        2006-09-07         Milena
#> 6669               3              5       435        2006-10-09         Phoebe
#> 6670               5              5       455        2006-10-16          Celia
#> 6671               2              2       122        2005-10-26       Maryanne
#> 6672               3              4       434        2006-09-24         Zorina
#> 6673               5              5       355        2006-07-28           Deck
#> 6674               2              2       322        2006-07-22          Becca
#> 6675               5              5       355        2006-07-27          Alvie
#> 6676               5              5       455        2006-08-30            Eve
#> 6677               2              4       424        2006-09-27            Gay
#> 6678               2              2       122        2005-09-04         Thomas
#> 6679               2              1       521        2006-11-18           Susy
#> 6680               2              2       522        2006-10-22           Page
#> 6681               2              1       321        2006-07-25          Judie
#> 6682               4              5       245        2006-07-05         Buddie
#> 6683               5              5       355        2006-07-26      Francisca
#> 6684               5              5       555        2006-12-11          Karyn
#> 6685               1              1       111        2006-02-26     Cirstoforo
#> 6686               5              5       555        2006-11-05       Meredith
#> 6687               2              2       322        2006-07-17         Blanca
#> 6688               2              2       122        2005-12-22         Kettie
#> 6689               5              5       155        2006-04-10       Marietta
#> 6690               2              3       523        2006-11-15         Devora
#> 6691               4              2       242        2006-05-14           Lida
#> 6692               2              3       123        2005-09-19         Sumner
#> 6693               1              1       111        2005-12-03         Wanids
#> 6694               2              1       321        2006-08-01          Ertha
#> 6695               1              1       211        2006-04-23          Starr
#> 6696               2              3       423        2006-10-13         Jorrie
#> 6697               1              1       111        2005-11-29           Olag
#> 6698               4              4       444        2006-09-04         Bennie
#> 6699               4              3       343        2006-07-18        Matilda
#> 6700               5              5       455        2006-09-02        Krystal
#> 6701               4              3       343        2006-07-20       Christie
#> 6702               2              2       422        2006-09-23         Hersch
#> 6703               4              5       345        2006-07-24            Lil
#> 6704               2              3       423        2006-09-27          Mordy
#> 6705               1              1       111        2005-06-06         Cobbie
#> 6706               5              5       255        2006-06-11       Maryjane
#> 6707               1              1       111        2005-09-12            Cad
#> 6708               5              4       554        2006-10-31          Dwain
#> 6709               1              2       312        2006-08-10       Barbabra
#> 6710               1              1       311        2006-08-03             Hy
#> 6711               2              3       123        2005-09-28          Moore
#> 6712               3              2       332        2006-08-19       Lorrayne
#> 6713               1              1       511        2006-11-05          Byram
#> 6714               5              5       455        2006-10-16          Lyndy
#> 6715               4              5       545        2006-10-21          Terri
#> 6716               3              2       132        2005-09-20         Raddie
#> 6717               2              1       421        2006-09-22           Egor
#> 6718               3              4       534        2006-11-22          Welby
#> 6719               3              2       132        2006-02-10       Gabriele
#> 6720               2              2       522        2006-11-24         Jazmin
#> 6721               2              3       223        2006-04-18         Jannel
#> 6722               3              2       532        2006-12-12         Loreen
#> 6723               2              3       323        2006-08-12          Levon
#> 6724               2              2       522        2006-11-17         Temple
#> 6725               4              2       242        2006-05-23          Marya
#> 6726               4              4       344        2006-08-24        Eadmund
#> 6727               1              1       511        2006-12-29           Arly
#> 6728               2              3       423        2006-09-26          Shina
#> 6729               5              5       555        2006-10-22      Kara-lynn
#> 6730               2              2       322        2006-08-13       Ignatius
#> 6731               2              2       522        2006-12-10       Benjamin
#> 6732               5              5       455        2006-09-10        Barbara
#> 6733               2              3       223        2006-04-16            Lea
#> 6734               3              3       533        2006-11-03          Johan
#> 6735               1              1       211        2006-05-22           Arch
#> 6736               2              3       523        2006-11-08    Ulrikaumeko
#> 6737               2              4       324        2006-08-28          Elane
#> 6738               4              3       543        2006-10-20      Angelique
#> 6739               2              2       422        2006-09-03          Byran
#> 6740               5              5       355        2006-07-10         Lexine
#> 6741               5              4       554        2006-11-01       Granthem
#> 6742               4              3       543        2006-11-30           Nils
#> 6743               2              2       522        2006-10-18         Clarke
#> 6744               2              3       223        2006-06-05           Dody
#> 6745               1              1       111        2005-08-24            Tom
#> 6746               2              1       121        2006-03-09           Trev
#> 6747               2              4       124        2005-09-08         Starla
#> 6748               5              5       255        2006-04-18         Barbra
#> 6749               3              2       132        2005-12-14         Donalt
#> 6750               5              5       555        2006-11-22         Adorne
#> 6751               1              1       311        2006-07-20           Amii
#> 6752               4              4       244        2006-05-30         Javier
#> 6753               5              5       455        2006-09-05       Guilbert
#> 6754               3              3       533        2006-10-18          Royce
#> 6755               4              5       245        2006-06-16         Devina
#> 6756               2              3       323        2006-08-06          Brant
#> 6757               3              4       334        2006-07-14         Kippar
#> 6758               1              2       212        2006-04-20         Lezley
#> 6759               1              1       511        2006-12-02           Isac
#> 6760               1              1       111        2005-10-28           Alex
#> 6761               3              4       234        2006-04-20           Olga
#> 6762               3              4       434        2006-10-02        Merrile
#> 6763               2              2       122        2005-09-23      Angelique
#> 6764               5              5       555        2006-11-05        Quentin
#> 6765               5              4       454        2006-10-14       Teresita
#> 6766               3              2       132        2006-02-10        Bertine
#> 6767               4              3       443        2006-10-02          Marje
#> 6768               1              1       411        2006-10-10          Sandy
#> 6769               5              5       255        2006-06-30          Reggi
#> 6770               5              5       155        2006-01-17           Scot
#> 6771               3              4       534        2006-11-20        Malynda
#> 6772               1              3       513        2006-12-28         Rosene
#> 6773               2              3       123        2005-09-20           Brit
#> 6774               3              3       433        2006-08-30           Seth
#> 6775               1              2       112        2005-12-03         Nicola
#> 6776               5              4       154        2006-02-01      Thorndike
#> 6777               2              1       121        2006-01-24         Laural
#> 6778               2              2       222        2006-06-18          Chery
#> 6779               3              3       333        2006-08-21       Francyne
#> 6780               5              5       455        2006-09-11         Blinni
#> 6781               4              4       144        2006-01-21          Allys
#> 6782               3              3       333        2006-08-12           Jill
#> 6783               3              4       134        2005-11-27           Kate
#> 6784               4              5       445        2006-10-05            Mei
#> 6785               5              3       553        2006-11-08        Viviana
#> 6786               5              5       255        2006-06-28         Chaddy
#> 6787               4              3       343        2006-07-16          Cayla
#> 6788               1              2       412        2006-08-30        Correna
#> 6789               2              2       522        2006-12-09        Caritta
#> 6790               4              4       444        2006-10-01       Bethanne
#> 6791               5              4       354        2006-07-11          Kleon
#> 6792               4              5       545        2006-11-18       Gretchen
#> 6793               3              3       233        2006-06-04      Stephanus
#> 6794               4              2       242        2006-04-25       Roshelle
#> 6795               2              2       322        2006-08-22         Tracey
#> 6796               4              5       345        2006-08-08        Donaugh
#> 6797               3              3       133        2006-04-03         Leshia
#> 6798               1              1       111        2006-03-11         Belvia
#> 6799               1              1       511        2006-10-25          Cissy
#> 6800               5              5       455        2006-09-17          Nefen
#> 6801               2              2       322        2006-08-24          Dayle
#> 6802               4              4       444        2006-10-07        Randall
#> 6803               5              5       155        2006-02-01          Karim
#> 6804               1              1       211        2006-05-22      Sallyanne
#> 6805               4              4       244        2006-06-20         Leeann
#> 6806               4              4       444        2006-09-22        Danette
#> 6807               1              1       111        2006-01-20     Holly-anne
#> 6808               5              5       455        2006-09-05         Raeann
#> 6809               1              2       412        2006-09-03          Wylie
#> 6810               2              3       223        2006-05-01        Annalee
#> 6811               2              3       323        2006-07-22     Rutherford
#> 6812               2              2       322        2006-08-22       Lizabeth
#> 6813               4              4       344        2006-08-15         Maible
#> 6814               1              1       511        2006-11-21         Sandye
#> 6815               1              2       412        2006-09-07         Livvyy
#> 6816               5              5       255        2006-06-25          Kathy
#> 6817               5              5       555        2006-12-02        Delmore
#> 6818               2              3       423        2006-10-08        Melanie
#> 6819               2              4       224        2006-07-02          Aurea
#> 6820               3              5       535        2006-10-23        Edouard
#> 6821               5              5       555        2006-12-22        Abagael
#> 6822               4              5       245        2006-04-22       Cristina
#> 6823               5              5       455        2006-09-10          Zelda
#> 6824               5              5       355        2006-07-27           Arty
#> 6825               3              1       231        2006-05-27        Madelin
#> 6826               2              3       123        2005-09-19           Trey
#> 6827               2              2       122        2005-10-23        Zebedee
#> 6828               3              3       133        2006-03-06       Penelope
#> 6829               5              5       555        2006-10-27        Mariele
#> 6830               3              5       535        2006-10-27      Elisabeth
#> 6831               3              4       234        2006-05-29           Joya
#> 6832               1              1       411        2006-10-15           Otto
#> 6833               4              5       445        2006-08-29          Katee
#> 6834               5              5       255        2006-07-04         Colman
#> 6835               4              5       545        2006-12-16         Ivette
#> 6836               5              4       454        2006-08-31          Adham
#> 6837               1              1       511        2006-12-02          Tracy
#> 6838               4              5       545        2006-10-19        Chickie
#> 6839               1              2       312        2006-08-12        Kamilah
#> 6840               2              2       522        2006-11-15         Ashien
#> 6841               1              1       511        2006-11-30          Paula
#> 6842               1              1       111        2005-06-08           Tara
#> 6843               1              1       511        2006-10-22        Lorenzo
#> 6844               4              3       243        2006-07-02       Cindelyn
#> 6845               4              1       241        2006-06-26        Dominik
#> 6846               1              1       111        2006-04-05         Thomas
#> 6847               2              3       523        2006-11-16      Rosemaria
#> 6848               1              2       112        2005-07-02       Rafaelia
#> 6849               2              2       422        2006-09-06          Meris
#> 6850               3              3       233        2006-05-17        Farrand
#> 6851               5              4       454        2006-09-23         Vernon
#> 6852               5              5       255        2006-06-23         Jeffry
#> 6853               4              3       243        2006-04-29           Brit
#> 6854               4              4       144        2006-03-25         Aurora
#> 6855               1              2       212        2006-06-01       Chloette
#> 6856               5              5       555        2006-12-01             Ly
#> 6857               3              1       331        2006-08-22        Dorothy
#> 6858               5              5       355        2006-08-05         Khalil
#> 6859               3              4       434        2006-09-12          Perry
#> 6860               2              3       123        2006-03-31           Carr
#> 6861               2              3       523        2006-10-30        Terrill
#> 6862               5              5       455        2006-09-14      Gabriella
#> 6863               1              1       411        2006-09-25        Chandal
#> 6864               5              5       555        2006-11-04             Ab
#> 6865               1              1       311        2006-07-29          Dasya
#> 6866               2              3       323        2006-08-10          Eleni
#> 6867               2              2       322        2006-07-18         Connor
#> 6868               5              5       555        2006-11-08          Hetty
#> 6869               4              5       445        2006-08-29          Neely
#> 6870               2              4       324        2006-08-26         Pepito
#> 6871               1              1       211        2006-06-01         Kerrie
#> 6872               5              5       455        2006-08-31            Ruy
#> 6873               4              4       544        2006-12-20          Hatty
#> 6874               1              1       111        2006-01-11        Cristal
#> 6875               4              4       544        2006-11-08         Avivah
#> 6876               1              1       211        2006-04-18          Kleon
#> 6877               1              1       511        2006-12-27       Brigitta
#> 6878               5              5       555        2006-12-26           Mead
#> 6879               1              2       312        2006-07-09    Annecorinne
#> 6880               5              4       554        2006-10-27         Rozina
#> 6881               1              1       311        2006-07-09        Janetta
#> 6882               5              5       555        2006-12-19        Reinald
#> 6883               5              5       455        2006-10-11        Joseito
#> 6884               5              5       355        2006-07-29       Sidonnie
#> 6885               5              4       354        2006-07-21          Gordy
#> 6886               2              3       223        2006-07-01          Eldin
#> 6887               4              3       543        2006-12-26          Kevan
#> 6888               1              2       412        2006-10-12        Horatia
#> 6889               4              4       544        2006-11-15          Holly
#> 6890               4              4       344        2006-08-24           Kaja
#> 6891               1              1       411        2006-09-08        Cristal
#> 6892               1              2       212        2006-04-11           Debi
#> 6893               1              1       111        2005-07-20          Marci
#> 6894               1              3       213        2006-06-22         Tabbie
#> 6895               3              3       233        2006-05-28        Geralda
#> 6896               4              3       143        2005-09-29          Inigo
#> 6897               2              3       423        2006-09-20        Germana
#> 6898               4              4       344        2006-07-31     Hildegaard
#> 6899               1              2       512        2006-12-07          Berny
#> 6900               1              1       311        2006-07-24         Julius
#> 6901               4              5       545        2006-12-27         Tibold
#> 6902               5              5       255        2006-06-28         Valida
#> 6903               3              4       334        2006-07-21         Jordan
#> 6904               4              3       243        2006-06-17          Eliza
#> 6905               3              4       534        2006-10-31        Claudio
#> 6906               5              5       555        2006-11-29        Rolando
#> 6907               2              3       523        2006-12-03          Reeva
#> 6908               4              5       545        2006-11-07         Julita
#> 6909               1              1       111        2005-10-21        Melissa
#> 6910               4              5       345        2006-07-17       Isahella
#> 6911               1              1       111        2005-07-16         Devina
#> 6912               4              2       342        2006-07-26         Carter
#> 6913               4              3       443        2006-09-10       Thornton
#> 6914               2              2       122        2005-11-02            Ray
#> 6915               5              5       555        2006-12-26          Piggy
#> 6916               5              4       254        2006-06-01        Justino
#> 6917               5              5       455        2006-09-01        Filippa
#> 6918               1              2       512        2006-11-20           Abba
#> 6919               2              2       522        2006-10-18          Elise
#> 6920               4              3       243        2006-06-10          Remus
#> 6921               1              2       112        2006-04-02        Minette
#> 6922               2              2       222        2006-07-07       Carmella
#> 6923               2              1       521        2006-10-23           Elva
#> 6924               2              2       322        2006-08-18         Livvie
#> 6925               2              4       524        2006-12-01        Preston
#> 6926               3              2       132        2005-12-06       Christie
#> 6927               1              1       211        2006-06-04          Thorn
#> 6928               4              5       545        2006-12-24          Lizzy
#> 6929               1              1       111        2005-11-08           Arie
#> 6930               5              5       555        2006-12-09         Jannel
#> 6931               2              3       323        2006-08-10         Dannie
#> 6932               3              4       534        2006-11-10         Caesar
#> 6933               4              4       244        2006-06-26      Clementia
#> 6934               1              2       212        2006-06-28         Nancey
#> 6935               1              1       111        2005-10-16        Laureen
#> 6936               4              2       342        2006-08-01         Caresa
#> 6937               2              4       324        2006-07-15           Brok
#> 6938               4              3       243        2006-05-25      Giulietta
#> 6939               3              3       133        2006-01-10        Wheeler
#> 6940               5              5       455        2006-09-05      Bartolemo
#> 6941               2              2       322        2006-08-14          Garth
#> 6942               2              3       223        2006-07-08          Niall
#> 6943               2              2       422        2006-09-18         Sallee
#> 6944               3              5       235        2006-06-20          Aliza
#> 6945               3              4       234        2006-06-01        Chelsie
#> 6946               2              2       122        2006-02-26          Pansy
#> 6947               4              5       445        2006-09-26          Dilan
#> 6948               1              1       111        2006-03-27            Dal
#> 6949               5              5       555        2006-11-09      Cristabel
#> 6950               3              3       233        2006-04-19         Simone
#> 6951               4              3       243        2006-06-04         Tracie
#> 6952               5              5       455        2006-09-30           Kean
#> 6953               4              4       444        2006-08-31        Gabrila
#> 6954               1              1       411        2006-10-03            Lib
#> 6955               1              1       111        2006-04-02         Gabbie
#> 6956               3              4       234        2006-07-01        Krispin
#> 6957               3              4       434        2006-09-04         Finley
#> 6958               4              5       545        2006-11-19        Allyson
#> 6959               5              5       455        2006-10-13         Agosto
#> 6960               3              5       235        2006-07-01       Milicent
#> 6961               1              1       111        2005-06-01         Damian
#> 6962               2              3       223        2006-06-27       Pamelina
#> 6963               4              3       243        2006-05-09        Barnard
#> 6964               4              2       542        2006-12-18         Davine
#> 6965               1              2       312        2006-07-26        Gertrud
#> 6966               1              1       311        2006-08-04       Charmion
#> 6967               5              5       555        2006-10-19            Wat
#> 6968               3              5       135        2006-01-04        Giffard
#> 6969               1              1       111        2005-09-01        Bronson
#> 6970               3              4       434        2006-09-22        Marylou
#> 6971               4              2       242        2006-07-08         Paloma
#> 6972               2              1       121        2006-03-14         Hanson
#> 6973               4              5       345        2006-08-13       Virginia
#> 6974               4              4       444        2006-10-01          Margy
#> 6975               1              1       311        2006-07-10      Georgette
#> 6976               1              1       411        2006-09-03         Brnaba
#> 6977               2              1       121        2006-03-28            Isa
#> 6978               1              1       111        2006-03-07            Ike
#> 6979               1              4       114        2005-09-07       Emanuele
#> 6980               1              1       211        2006-07-08           Ciel
#> 6981               3              3       133        2006-03-03      Wendeline
#> 6982               1              1       111        2005-03-21         Verina
#> 6983               3              3       533        2006-11-25        Sigvard
#> 6984               3              2       332        2006-08-15         Denver
#> 6985               4              5       345        2006-08-19          Levin
#> 6986               3              4       234        2006-05-24           Saxe
#> 6987               4              4       444        2006-10-08          Emile
#> 6988               1              1       411        2006-09-16     Stephannie
#> 6989               1              2       512        2006-10-31       Hansiain
#> 6990               1              2       312        2006-07-27          Natka
#> 6991               3              3       533        2006-11-02      Charlotte
#> 6992               4              4       344        2006-08-26           Hugh
#> 6993               5              4       354        2006-08-13         Ilyssa
#> 6994               1              1       411        2006-10-04         Rebeca
#> 6995               3              4       134        2006-02-05           Arie
#> 6996               5              4       454        2006-10-08        Grannie
#> 6997               2              3       323        2006-07-25          Locke
#> 6998               5              3       453        2006-09-07            Guy
#> 6999               2              3       323        2006-07-22            Viv
#> 7000               2              2       422        2006-09-01         Portia
#> 7001               1              1       411        2006-08-31       Hansiain
#> 7002               1              1       111        2005-10-18         Bernie
#> 7003               1              1       411        2006-09-26         Thelma
#> 7004               2              2       322        2006-08-01          Hamel
#> 7005               3              2       232        2006-04-27          Gawen
#> 7006               2              3       223        2006-06-02            Bax
#> 7007               4              3       343        2006-08-11     Jacquelynn
#> 7008               5              5       255        2006-06-28        Melamie
#> 7009               4              5       245        2006-06-05         Kipper
#> 7010               4              3       443        2006-09-15          Jerri
#> 7011               5              4       454        2006-09-19           Issy
#> 7012               4              4       544        2006-10-26       Merrilee
#> 7013               2              2       322        2006-07-18          Emery
#> 7014               2              1       221        2006-05-25          Bevin
#> 7015               3              5       135        2006-04-03         Michal
#> 7016               2              2       322        2006-08-02     Jaquenetta
#> 7017               3              4       534        2006-11-22         Arlyne
#> 7018               1              2       212        2006-06-08           Mada
#> 7019               1              3       413        2006-09-25         Benita
#> 7020               2              2       122        2006-02-28          Roddy
#> 7021               1              1       411        2006-08-30         Taylor
#> 7022               1              1       111        2005-09-25       Nathanil
#> 7023               3              4       234        2006-06-08        Caressa
#> 7024               4              4       244        2006-07-04        Karlene
#> 7025               1              2       112        2005-12-15        Suzanna
#> 7026               5              5       355        2006-07-19        Siouxie
#> 7027               5              3       553        2006-11-28           Orin
#> 7028               4              3       543        2006-12-29       Loutitia
#> 7029               1              1       211        2006-06-06         Edythe
#> 7030               1              1       111        2005-10-18          Daria
#> 7031               1              1       511        2006-12-22        Kikelia
#> 7032               1              1       111        2005-07-23          Svend
#> 7033               5              4       454        2006-10-14          Nissa
#> 7034               2              3       123        2006-04-10          Ginni
#> 7035               4              3       443        2006-09-20         Shayna
#> 7036               1              1       511        2006-12-29        Ingamar
#> 7037               2              1       321        2006-08-03          Cissy
#> 7038               2              3       423        2006-09-03         Renata
#> 7039               4              4       544        2006-11-14        Rolland
#> 7040               5              5       555        2006-12-09      Claudette
#> 7041               1              1       411        2006-09-24        Coleman
#> 7042               2              3       523        2006-10-18          Lisle
#> 7043               5              5       355        2006-07-17         Manolo
#> 7044               5              4       554        2006-11-11        Nanette
#> 7045               1              1       411        2006-10-08          Erina
#> 7046               3              5       535        2006-12-12           Puff
#> 7047               2              3       223        2006-06-01         Binnie
#> 7048               2              2       522        2006-12-16         Wilone
#> 7049               5              5       555        2006-11-24         Farica
#> 7050               2              1       421        2006-09-24           Brad
#> 7051               2              2       222        2006-07-08          Ariel
#> 7052               4              3       343        2006-07-27          Wilie
#> 7053               2              2       122        2005-10-05        Ellette
#> 7054               1              1       111        2006-01-29         Tanney
#> 7055               4              4       244        2006-04-15       Kristien
#> 7056               2              2       322        2006-07-24          Timmy
#> 7057               2              3       223        2006-06-16      Franciska
#> 7058               4              4       144        2005-12-06          Teena
#> 7059               2              3       123        2005-10-05         Kenton
#> 7060               5              5       255        2006-06-09         Trudey
#> 7061               1              1       211        2006-04-26           Aile
#> 7062               1              1       211        2006-05-11       Ursuline
#> 7063               3              2       432        2006-09-23        Darleen
#> 7064               2              2       522        2006-10-24         Charyl
#> 7065               5              5       455        2006-09-11        Corbett
#> 7066               1              1       411        2006-09-27          Filia
#> 7067               4              3       543        2006-11-23          Norby
#> 7068               1              2       112        2006-01-27         Gisela
#> 7069               5              4       554        2006-11-08      Hortensia
#> 7070               2              2       122        2005-11-08        Padriac
#> 7071               3              4       534        2006-10-17       Valencia
#> 7072               2              1       521        2006-11-18      Rosabelle
#> 7073               1              2       212        2006-05-17        Darnell
#> 7074               1              1       311        2006-07-17        Clemmie
#> 7075               4              4       244        2006-05-02           Kate
#> 7076               4              3       443        2006-09-09       Herculie
#> 7077               3              3       533        2006-10-19     Margaretta
#> 7078               5              5       555        2006-10-25          Hedda
#> 7079               2              3       523        2006-12-28      Guendolen
#> 7080               1              1       111        2005-12-25        Giorgio
#> 7081               4              4       444        2006-09-17        Huntley
#> 7082               2              1       221        2006-06-30        Shannah
#> 7083               5              4       254        2006-05-04         Sergio
#> 7084               2              1       121        2006-04-06          Mavis
#> 7085               5              5       455        2006-10-01          Anson
#> 7086               3              2       132        2005-10-05         Sissie
#> 7087               3              4       234        2006-07-05          Kalil
#> 7088               2              2       422        2006-09-17        Saunder
#> 7089               2              2       422        2006-09-10        Rosalie
#> 7090               5              5       155        2006-01-18      Kimberlyn
#> 7091               5              5       355        2006-07-31          Emlyn
#> 7092               3              5       435        2006-10-10         Virgie
#> 7093               1              2       112        2006-03-04        Crissie
#> 7094               5              3       553        2006-12-25         Antoni
#> 7095               3              2       432        2006-09-12          Danni
#> 7096               5              5       155        2005-10-07            Zoe
#> 7097               4              3       543        2006-12-06       Pamelina
#> 7098               3              3       333        2006-08-06          Claus
#> 7099               3              4       434        2006-09-17           Jaye
#> 7100               1              1       111        2005-05-10         Derick
#> 7101               2              2       522        2006-12-25          Jarib
#> 7102               2              1       321        2006-08-26      Hortensia
#> 7103               3              2       232        2006-06-26          Lucia
#> 7104               5              5       555        2006-11-14         Osbert
#> 7105               2              2       422        2006-09-05         Farley
#> 7106               3              2       532        2006-12-28          Joela
#> 7107               4              3       443        2006-09-13          Tommy
#> 7108               5              5       555        2006-12-13          Paule
#> 7109               5              4       454        2006-09-09         Babara
#> 7110               4              4       544        2006-10-28          Lewie
#> 7111               5              5       455        2006-09-23         Newton
#> 7112               2              2       322        2006-08-04        Rodolph
#> 7113               1              1       511        2006-12-23         Kennie
#> 7114               1              1       111        2005-09-13       Charleen
#> 7115               4              3       343        2006-07-25        Laurent
#> 7116               1              2       512        2006-10-30        Maurene
#> 7117               1              1       411        2006-10-07          Lesli
#> 7118               2              3       223        2006-05-09         Tabbie
#> 7119               1              1       111        2005-11-15          Alane
#> 7120               5              5       355        2006-08-09            Ina
#> 7121               5              5       555        2006-11-01      Mireielle
#> 7122               1              2       112        2006-03-22        Susanna
#> 7123               5              5       355        2006-07-24       Jermaine
#> 7124               2              2       422        2006-10-14        Domingo
#> 7125               4              4       444        2006-09-07         Delmar
#> 7126               1              1       511        2006-11-29         Phylis
#> 7127               2              2       422        2006-09-22         Justin
#> 7128               2              3       423        2006-10-06       Angelika
#> 7129               5              5       455        2006-08-30         Eartha
#> 7130               2              1       221        2006-06-07        Woodrow
#> 7131               4              3       243        2006-07-08         Harvey
#> 7132               5              4       554        2006-11-16       Anabella
#> 7133               2              3       223        2006-05-30          Trula
#> 7134               1              1       411        2006-10-01           Gill
#> 7135               1              1       211        2006-07-07            Ira
#> 7136               2              2       522        2006-11-21          Madel
#> 7137               2              3       423        2006-09-01       Benjamen
#> 7138               2              3       223        2006-04-20           Cody
#> 7139               2              2       322        2006-08-01         Tammie
#> 7140               3              4       434        2006-09-16        Winonah
#> 7141               1              1       311        2006-07-11           Shea
#> 7142               1              1       111        2006-04-05           Anet
#> 7143               5              5       455        2006-09-19       Valencia
#> 7144               1              1       511        2006-12-13         Bordie
#> 7145               5              5       255        2006-06-26         Kenton
#> 7146               4              4       544        2006-11-05        Therese
#> 7147               2              3       523        2006-11-02          Debra
#> 7148               4              5       445        2006-10-01           Arda
#> 7149               1              2       512        2006-11-05      Annamaria
#> 7150               1              1       411        2006-09-06          Paddy
#> 7151               1              1       111        2006-03-20      Wendeline
#> 7152               3              4       134        2006-03-26         Ivette
#> 7153               4              3       143        2005-11-16          Efrem
#> 7154               2              3       323        2006-07-29            Lea
#> 7155               5              5       455        2006-09-29        Sheffie
#> 7156               4              4       444        2006-09-22          Kanya
#> 7157               5              5       555        2006-12-28          Libbi
#> 7158               5              5       455        2006-09-23          Perla
#> 7159               2              2       122        2006-03-01         Persis
#> 7160               5              5       355        2006-08-14        Sherwin
#> 7161               1              1       311        2006-08-07         Jessee
#> 7162               3              3       233        2006-07-06           Maxi
#> 7163               2              2       522        2006-11-03        Trenton
#> 7164               4              2       442        2006-09-22         Roddie
#> 7165               2              3       323        2006-08-25       Marianna
#> 7166               5              4       454        2006-09-02        Darline
#> 7167               2              2       322        2006-08-14            Deb
#> 7168               3              2       532        2006-10-30          Wylie
#> 7169               1              1       411        2006-09-17        Glendon
#> 7170               2              2       422        2006-09-19          Mikey
#> 7171               3              2       532        2006-11-05           Noah
#> 7172               2              2       522        2006-11-04             El
#> 7173               3              3       233        2006-04-13       Roshelle
#> 7174               5              4       254        2006-06-06          Mozes
#> 7175               2              2       522        2006-10-22         Harris
#> 7176               5              3       553        2006-11-24         Fonzie
#> 7177               4              4       544        2006-12-12         Catlin
#> 7178               4              5       345        2006-07-19          Corry
#> 7179               1              3       113        2005-08-08         Roxine
#> 7180               5              4       554        2006-11-04       Giustina
#> 7181               2              2       522        2006-11-07         Earvin
#> 7182               5              5       255        2006-06-03        Domenic
#> 7183               1              1       111        2005-05-24         Catlin
#> 7184               2              3       523        2006-12-05         Kelsey
#> 7185               3              2       532        2006-11-09        Clement
#> 7186               2              2       522        2006-12-17         Editha
#> 7187               1              1       511        2006-10-21          Becca
#> 7188               4              4       544        2006-12-14        Loretta
#> 7189               2              4       324        2006-07-29          Trace
#> 7190               1              3       113        2006-01-14       Wilmette
#> 7191               4              4       344        2006-08-07            Hew
#> 7192               4              4       444        2006-10-11      Mufinella
#> 7193               4              2       342        2006-08-27       Chrissie
#> 7194               5              5       555        2006-12-20        Jeffrey
#> 7195               2              3       323        2006-08-05      Jacquetta
#> 7196               1              1       311        2006-07-29        Reynard
#> 7197               1              1       411        2006-10-10       Raimondo
#> 7198               2              3       223        2006-07-03         Dwayne
#> 7199               4              5       545        2006-10-24        Ethelin
#> 7200               2              2       522        2006-12-27         Lenard
#> 7201               5              5       355        2006-08-07          Tammi
#> 7202               1              2       112        2006-02-02        Matthew
#> 7203               5              5       555        2006-11-10       Cornelia
#> 7204               4              2       342        2006-07-23       Ambrosio
#> 7205               2              2       322        2006-08-16         Curtis
#> 7206               2              2       222        2006-06-05        Nikolai
#> 7207               4              4       344        2006-07-18          Herta
#> 7208               4              4       144        2006-02-05         Mahala
#> 7209               3              3       333        2006-08-16            Tan
#> 7210               5              4       254        2006-06-26       Celestyn
#> 7211               1              1       211        2006-06-03         Charla
#> 7212               2              2       122        2005-07-23       Meredeth
#> 7213               1              4       314        2006-07-19           Puff
#> 7214               3              2       232        2006-06-26         Rosene
#> 7215               1              1       211        2006-04-30        Carmita
#> 7216               4              3       543        2006-12-02           Akim
#> 7217               5              5       455        2006-09-08         Nancee
#> 7218               4              3       243        2006-06-22          Lynea
#> 7219               5              5       555        2006-11-06           Robb
#> 7220               1              2       312        2006-08-28        Iormina
#> 7221               4              3       543        2006-11-18         Floria
#> 7222               1              3       413        2006-09-18       Arabelle
#> 7223               5              5       455        2006-09-10           Jock
#> 7224               3              5       335        2006-08-26         Vivien
#> 7225               4              5       245        2006-06-27         Mariya
#> 7226               1              1       111        2006-01-24         Gretta
#> 7227               4              5       145        2006-02-25        Hayward
#> 7228               2              1       121        2005-11-07         Torrie
#> 7229               2              2       222        2006-06-20          Johna
#> 7230               1              2       512        2006-11-10          Greer
#> 7231               2              2       122        2005-10-23          Bride
#> 7232               2              3       123        2005-09-22          Monty
#> 7233               2              3       123        2006-03-05            Cam
#> 7234               1              2       112        2006-04-10        Ransell
#> 7235               1              1       111        2005-06-15         Tanney
#> 7236               1              1       111        2005-07-06        Marjory
#> 7237               5              4       454        2006-10-02      Christean
#> 7238               4              5       445        2006-09-16           Kata
#> 7239               2              2       222        2006-05-27           Gris
#> 7240               4              3       143        2006-01-10            Gay
#> 7241               4              3       243        2006-07-08         Claire
#> 7242               4              4       544        2006-12-09        Wendall
#> 7243               2              3       523        2006-12-01        Sherill
#> 7244               5              5       355        2006-08-09     Georgeanne
#> 7245               4              4       244        2006-07-03          Paxon
#> 7246               2              3       423        2006-09-03        Leodora
#> 7247               4              4       344        2006-07-19            Dom
#> 7248               2              1       521        2006-12-02            Bob
#> 7249               5              5       255        2006-07-01         Ancell
#> 7250               5              5       155        2006-02-10     Bartolomeo
#> 7251               5              5       155        2005-12-21      Francoise
#> 7252               4              4       344        2006-08-07       Philippe
#> 7253               4              5       345        2006-07-21           Izzy
#> 7254               4              3       143        2005-10-04        Talbert
#> 7255               4              5       545        2006-12-06           Jena
#> 7256               2              3       323        2006-07-27        Ardelia
#> 7257               3              3       533        2006-12-29        Kathlin
#> 7258               2              2       422        2006-09-17           Eryn
#> 7259               5              4       354        2006-07-13         Norene
#> 7260               5              4       554        2006-10-30        Shermie
#> 7261               2              2       222        2006-06-02           Bert
#> 7262               2              2       222        2006-05-27         Leonid
#> 7263               2              2       122        2006-01-04         Waldon
#> 7264               4              5       445        2006-10-03         Alvira
#> 7265               5              5       555        2006-12-21        Ethelyn
#> 7266               2              2       522        2006-10-21          Kaile
#> 7267               3              3       133        2005-12-20        Callida
#> 7268               2              4       124        2005-10-10        Electra
#> 7269               1              1       211        2006-07-03          Haley
#> 7270               5              4       254        2006-06-22      Veronique
#> 7271               3              4       234        2006-06-13          Biron
#> 7272               2              4       124        2005-11-13      Gerladina
#> 7273               2              1       421        2006-10-13        Kimbell
#> 7274               5              5       555        2006-11-11           Duky
#> 7275               2              2       122        2005-10-09         Angela
#> 7276               2              1       221        2006-06-21         Lauren
#> 7277               1              1       111        2005-09-15        Creight
#> 7278               5              5       555        2006-12-04          Blair
#> 7279               1              2       212        2006-04-12         Layton
#> 7280               1              2       512        2006-12-29            Had
#> 7281               3              2       232        2006-07-01          Jamey
#> 7282               1              1       511        2006-11-12     Cassaundra
#> 7283               4              2       442        2006-09-04       Cariotta
#> 7284               2              1       121        2006-03-21          Jorey
#> 7285               4              5       545        2006-12-05          Drugi
#> 7286               2              2       222        2006-07-01         Eunice
#> 7287               4              5       245        2006-05-06         Brooks
#> 7288               4              4       344        2006-07-15         Warden
#> 7289               1              1       211        2006-06-29        Janelle
#> 7290               2              1       221        2006-06-06          Denna
#> 7291               1              3       513        2006-10-18           Ibby
#> 7292               4              3       443        2006-09-03         Hallsy
#> 7293               2              1       421        2006-09-25          Leigh
#> 7294               2              2       322        2006-07-31        Ethelyn
#> 7295               2              2       522        2006-10-20       Fernande
#> 7296               5              5       355        2006-07-29          Benni
#> 7297               4              4       244        2006-06-11         Stuart
#> 7298               1              1       111        2005-08-25           Hana
#> 7299               4              3       343        2006-08-08         Agneta
#> 7300               5              5       555        2006-10-24          Megan
#> 7301               4              4       444        2006-09-20         Madlin
#> 7302               1              2       512        2006-12-11       Virginie
#> 7303               3              3       533        2006-12-02           Evvy
#> 7304               1              1       511        2006-10-19         Cicely
#> 7305               5              5       355        2006-08-19           Noak
#> 7306               2              4       324        2006-07-15       Camellia
#> 7307               2              1       521        2006-10-24          Berni
#> 7308               1              2       212        2006-05-04          Hogan
#> 7309               4              4       144        2006-01-18     Clementine
#> 7310               3              3       133        2006-03-26         Hollis
#> 7311               3              1       331        2006-07-09       Ingeborg
#> 7312               5              5       255        2006-06-10        Gustavo
#> 7313               5              5       555        2006-10-21        Darlene
#> 7314               2              2       222        2006-05-18           Roxy
#> 7315               2              2       122        2005-10-28            Gay
#> 7316               2              2       322        2006-07-29         Robena
#> 7317               4              5       545        2006-11-16           Gael
#> 7318               1              1       411        2006-09-07          Myrta
#> 7319               2              2       522        2006-10-29          Tommy
#> 7320               2              2       322        2006-07-30         Selina
#> 7321               4              5       545        2006-11-16           Darn
#> 7322               5              5       555        2006-11-06      Grenville
#> 7323               4              3       243        2006-05-13          Vinni
#> 7324               1              1       211        2006-06-10        Creight
#> 7325               4              2       542        2006-12-15            Wes
#> 7326               4              5       145        2006-01-16        Silvano
#> 7327               5              5       455        2006-10-07       Augustin
#> 7328               2              1       121        2006-01-17        Pandora
#> 7329               1              2       412        2006-09-29            Gav
#> 7330               1              3       113        2005-10-19       Lauralee
#> 7331               4              3       343        2006-07-20       Cordelie
#> 7332               1              1       411        2006-10-08       Maybelle
#> 7333               2              4       524        2006-11-07         Kimble
#> 7334               3              4       134        2005-08-16        Ardelia
#> 7335               2              3       223        2006-05-19         Skylar
#> 7336               5              5       555        2006-12-12           Meta
#> 7337               2              1       521        2006-11-06          Evita
#> 7338               5              4       154        2005-10-31         Antony
#> 7339               1              1       311        2006-07-30           Chip
#> 7340               5              5       555        2006-12-19          Addie
#> 7341               1              2       412        2006-09-14          Vinny
#> 7342               5              5       255        2006-05-08       Shepperd
#> 7343               5              5       455        2006-09-16         Hannie
#> 7344               2              3       123        2005-11-27         Lauryn
#> 7345               1              1       211        2006-06-09         Waneta
#> 7346               3              4       134        2006-03-21        Germain
#> 7347               4              5       245        2006-06-17         Siusan
#> 7348               2              2       122        2006-01-19         Emilie
#> 7349               2              4       124        2005-09-13         Joelly
#> 7350               3              3       133        2005-08-22         Doreen
#> 7351               1              1       511        2006-12-03           Clem
#> 7352               4              4       344        2006-08-08         Devina
#> 7353               1              3       513        2006-11-08         Holmes
#> 7354               2              4       324        2006-07-28        Silvana
#> 7355               4              5       245        2006-04-22         Norris
#> 7356               1              1       111        2005-11-02          Elana
#> 7357               2              3       323        2006-07-24          Oates
#> 7358               3              4       434        2006-09-03         Collie
#> 7359               1              1       211        2006-05-03         Allsun
#> 7360               2              3       423        2006-09-25        Abelard
#> 7361               1              2       412        2006-09-02           Drew
#> 7362               2              1       521        2006-10-22          Dukie
#> 7363               5              4       354        2006-08-21         Danica
#> 7364               4              4       244        2006-04-25           Karl
#> 7365               4              3       243        2006-07-01       Nannette
#> 7366               4              4       444        2006-09-27         Maxine
#> 7367               2              3       523        2006-11-23        Caprice
#> 7368               5              5       555        2006-11-04        Helenka
#> 7369               2              1       321        2006-07-22        Baillie
#> 7370               4              5       345        2006-08-16          Romeo
#> 7371               1              1       211        2006-04-29          Worth
#> 7372               5              5       455        2006-09-19            Kay
#> 7373               4              3       443        2006-09-06           Gary
#> 7374               4              4       144        2006-03-15           Nata
#> 7375               2              4       524        2006-12-24          Luisa
#> 7376               1              2       112        2005-10-19       Jocelyne
#> 7377               1              1       211        2006-06-04        Desiree
#> 7378               5              5       555        2006-11-07       Lancelot
#> 7379               3              3       433        2006-10-03      Bernadine
#> 7380               2              2       422        2006-10-07         Michal
#> 7381               2              4       324        2006-08-23       Sheppard
#> 7382               5              5       255        2006-06-04        Adriane
#> 7383               5              5       255        2006-06-23       Karilynn
#> 7384               1              1       111        2005-12-17        Jasmine
#> 7385               5              5       455        2006-09-26        Glendon
#> 7386               1              2       412        2006-09-28        Hendrik
#> 7387               2              2       322        2006-08-21          Fraze
#> 7388               4              2       542        2006-12-12      Friedrick
#> 7389               4              4       544        2006-11-22           Neil
#> 7390               1              1       311        2006-08-26           Loni
#> 7391               5              4       354        2006-07-21          Midge
#> 7392               1              1       111        2006-01-07         Sutton
#> 7393               1              2       312        2006-08-11       Cherrita
#> 7394               2              2       522        2006-12-12         Barron
#> 7395               5              5       455        2006-09-15        Allison
#> 7396               5              4       454        2006-10-01          Towny
#> 7397               3              5       135        2005-11-12        Annette
#> 7398               1              1       211        2006-04-17           Dill
#> 7399               3              4       334        2006-07-10          Lotta
#> 7400               5              4       254        2006-07-05            Ali
#> 7401               1              3       313        2006-07-10          Aaron
#> 7402               5              5       455        2006-09-12         Linoel
#> 7403               5              5       555        2006-10-25            Ole
#> 7404               3              4       434        2006-09-13          Cleon
#> 7405               1              1       111        2006-03-09         Maudie
#> 7406               2              2       322        2006-07-16         Aurlie
#> 7407               5              5       355        2006-07-25           Abba
#> 7408               1              2       112        2005-10-26          Bamby
#> 7409               2              2       222        2006-06-21         Astrid
#> 7410               1              2       312        2006-07-28      Ekaterina
#> 7411               5              5       255        2006-06-26         Marika
#> 7412               5              5       455        2006-09-24       Maurizio
#> 7413               2              2       122        2005-10-28        Cherish
#> 7414               4              5       345        2006-08-04          Cesar
#> 7415               2              2       422        2006-09-13          Sonny
#> 7416               1              1       311        2006-07-27         Tessie
#> 7417               2              3       123        2005-10-17         Glynda
#> 7418               1              2       212        2006-05-03          Talia
#> 7419               3              3       533        2006-11-16         Aylmer
#> 7420               1              1       311        2006-07-09        Tierney
#> 7421               2              1       521        2006-11-23          Moina
#> 7422               4              4       244        2006-05-24           Dion
#> 7423               4              4       144        2006-03-03         Rourke
#> 7424               1              1       211        2006-06-15           Rory
#> 7425               1              3       113        2005-07-20         Layton
#> 7426               2              2       422        2006-09-30         Derrek
#> 7427               3              3       533        2006-10-17          Giles
#> 7428               1              2       312        2006-08-09          Gerri
#> 7429               2              2       522        2006-11-27         Willow
#> 7430               1              2       212        2006-06-24       Germaine
#> 7431               5              5       455        2006-10-12        Electra
#> 7432               1              1       111        2005-09-01          Tamra
#> 7433               4              4       144        2005-09-18       Raffarty
#> 7434               1              1       511        2006-11-10         Bryant
#> 7435               2              2       322        2006-07-28          Jamey
#> 7436               5              5       455        2006-10-01         Meghan
#> 7437               2              3       423        2006-10-06          Berky
#> 7438               3              4       134        2006-03-28           Ally
#> 7439               3              4       134        2006-03-10         Flossy
#> 7440               3              1       531        2006-11-20          Devin
#> 7441               4              4       444        2006-09-23         Damien
#> 7442               4              3       343        2006-07-24         Jorgan
#> 7443               1              3       213        2006-06-16          Gaven
#> 7444               2              3       223        2006-07-03          Emmie
#> 7445               5              5       455        2006-09-25       Farleigh
#> 7446               1              1       411        2006-09-17           Zena
#> 7447               2              1       121        2005-12-04         Bartel
#> 7448               1              1       111        2006-01-25          Elvis
#> 7449               5              5       555        2006-12-06          Tamas
#> 7450               1              1       511        2006-11-27          Jared
#> 7451               2              2       222        2006-05-30           Avis
#> 7452               5              3       453        2006-09-06       Milicent
#> 7453               3              2       132        2005-10-06         Gwenny
#> 7454               2              2       322        2006-08-08         Ashely
#> 7455               4              4       544        2006-12-27         Katina
#> 7456               2              2       122        2005-11-27        Gonzalo
#> 7457               1              2       512        2006-10-24           Lora
#> 7458               2              1       321        2006-07-18       Gilberte
#> 7459               4              5       145        2005-12-25          Amata
#> 7460               1              2       512        2006-10-25          Maxie
#> 7461               2              2       122        2006-03-19         Robbyn
#> 7462               2              2       222        2006-04-23         Carree
#> 7463               2              4       124        2005-10-23         Cassie
#> 7464               2              1       121        2005-12-26        Martica
#> 7465               3              3       433        2006-09-23         Ivette
#> 7466               1              2       312        2006-07-13          Hatty
#> 7467               2              1       121        2005-09-01         Allyce
#> 7468               2              2       322        2006-08-18          Simon
#> 7469               4              5       345        2006-08-18        Corilla
#> 7470               4              4       144        2006-02-25          Shena
#> 7471               2              3       523        2006-12-07        Lindsey
#> 7472               4              4       544        2006-12-17        Suzette
#> 7473               3              3       133        2006-03-03         Oneida
#> 7474               4              5       445        2006-08-30        Dorette
#> 7475               4              2       342        2006-08-20            Kin
#> 7476               5              5       455        2006-09-11          Carly
#> 7477               4              4       444        2006-09-08         Hayley
#> 7478               3              3       433        2006-09-29       Gherardo
#> 7479               1              1       111        2005-11-25         Weider
#> 7480               1              1       411        2006-10-09         Nanine
#> 7481               2              4       224        2006-05-08          Moria
#> 7482               1              1       411        2006-09-14        Antonin
#> 7483               2              3       223        2006-05-01         Patton
#> 7484               3              5       435        2006-10-02           Noll
#> 7485               2              1       321        2006-08-08         Thelma
#> 7486               2              1       121        2006-01-18           Lars
#> 7487               5              3       553        2006-10-26         Imelda
#> 7488               5              5       255        2006-06-22         Tildie
#> 7489               2              1       321        2006-08-04      Marsiella
#> 7490               5              5       455        2006-09-26          Guido
#> 7491               5              4       454        2006-09-26       Giustina
#> 7492               1              1       411        2006-08-29          Tarra
#> 7493               5              4       254        2006-05-01       Patricio
#> 7494               1              1       211        2006-06-29          Colin
#> 7495               3              3       233        2006-05-25       Hugibert
#> 7496               2              2       122        2005-10-06        Auberta
#> 7497               2              2       222        2006-06-18         Teodor
#> 7498               3              3       433        2006-10-16      Constanta
#> 7499               2              2       122        2006-02-12         Denise
#> 7500               2              1       121        2005-07-28         Dorine
#> 7501               2              3       223        2006-06-14         Mareah
#> 7502               5              5       555        2006-10-29           Vida
#> 7503               4              4       444        2006-09-07         Franky
#> 7504               3              3       533        2006-11-11        Hoebart
#> 7505               4              3       543        2006-12-30        Diarmid
#> 7506               1              1       411        2006-10-07       Violette
#> 7507               2              3       323        2006-07-30         Elissa
#> 7508               1              2       212        2006-05-02           Gary
#> 7509               1              3       113        2005-12-29          Lucas
#> 7510               3              3       533        2006-12-24         Blythe
#> 7511               4              4       544        2006-12-24           Jeri
#> 7512               1              1       411        2006-09-12          Nolly
#> 7513               1              1       111        2006-01-13          Leann
#> 7514               3              4       534        2006-11-13            Tim
#> 7515               1              1       111        2006-01-06       Gretchen
#> 7516               1              1       111        2006-03-18     Claudianus
#> 7517               4              2       542        2006-11-12         Tedman
#> 7518               5              2       552        2006-11-13        Kaleena
#> 7519               5              5       355        2006-07-28          Alfie
#> 7520               3              3       533        2006-11-26        Rancell
#> 7521               4              4       444        2006-10-07         Ferrel
#> 7522               1              1       211        2006-05-19     Clarabelle
#> 7523               4              5       545        2006-11-22         Farand
#> 7524               1              2       112        2005-08-27       Fidelity
#> 7525               5              4       454        2006-09-07         Moishe
#> 7526               2              1       421        2006-09-06         Franni
#> 7527               5              4       154        2005-11-30      Sebastien
#> 7528               5              5       155        2006-02-02         Beckie
#> 7529               2              1       421        2006-09-04          Eugen
#> 7530               5              5       355        2006-07-15        Frances
#> 7531               1              1       111        2005-10-20        Rinaldo
#> 7532               4              2       342        2006-08-19          Allys
#> 7533               2              2       222        2006-04-29           Lida
#> 7534               2              3       223        2006-05-23          Kalie
#> 7535               5              4       454        2006-09-27        Mallory
#> 7536               2              2       422        2006-10-06          Celka
#> 7537               1              2       112        2006-03-31          Luise
#> 7538               3              4       434        2006-10-09         Natale
#> 7539               2              1       521        2006-12-02        Lizette
#> 7540               5              4       454        2006-09-18        Kordula
#> 7541               3              4       234        2006-05-12         Bennie
#> 7542               1              2       412        2006-09-24       Quintina
#> 7543               1              1       411        2006-09-24        Gusella
#> 7544               2              3       523        2006-11-15      Thomasine
#> 7545               3              3       333        2006-08-03         Farrah
#> 7546               4              4       344        2006-08-24           Ryan
#> 7547               5              5       455        2006-09-12        Sheelah
#> 7548               4              4       244        2006-05-11      Andriette
#> 7549               3              3       233        2006-06-16           Ryan
#> 7550               4              3       443        2006-10-14        Germain
#> 7551               4              3       243        2006-04-29       Anallese
#> 7552               3              2       232        2006-06-11         Bartel
#> 7553               2              3       423        2006-09-28           Barb
#> 7554               2              2       422        2006-09-23         Alissa
#> 7555               2              2       422        2006-09-06           Ivie
#> 7556               2              1       221        2006-06-25          Vikky
#> 7557               2              4       324        2006-07-27          Hodge
#> 7558               2              1       121        2006-03-06       Courtney
#> 7559               2              2       522        2006-10-31           Mela
#> 7560               2              3       223        2006-05-27        Gunilla
#> 7561               2              1       121        2005-09-24        Isadora
#> 7562               1              1       511        2006-10-30       Charleen
#> 7563               4              5       345        2006-07-24          Kalil
#> 7564               3              2       432        2006-10-12         Shauna
#> 7565               4              2       542        2006-10-29         Edmund
#> 7566               2              3       323        2006-08-16        Blondie
#> 7567               5              2       552        2006-12-16         Paxton
#> 7568               1              1       311        2006-07-23         Willow
#> 7569               1              1       411        2006-09-07           Shae
#> 7570               5              4       354        2006-08-23        Aeriell
#> 7571               2              1       521        2006-10-23       Benjamin
#> 7572               4              4       444        2006-10-01          Conan
#> 7573               5              5       455        2006-09-27    Christopher
#> 7574               2              2       322        2006-08-05        Myrlene
#> 7575               2              5       125        2006-01-16          Darcy
#> 7576               1              1       211        2006-04-12          Dorry
#> 7577               1              2       312        2006-07-17         Lyndel
#> 7578               2              4       424        2006-09-22        Winfred
#> 7579               1              2       312        2006-07-29          Marta
#> 7580               3              4       134        2005-12-17        Darrick
#> 7581               2              3       423        2006-10-11          Dicky
#> 7582               1              1       111        2005-09-21       Clemente
#> 7583               5              4       254        2006-05-18       Vittoria
#> 7584               2              4       224        2006-06-14          Abbie
#> 7585               4              2       242        2006-05-26           Wynn
#> 7586               4              4       544        2006-10-21       Kirsteni
#> 7587               1              1       511        2006-10-21          Griff
#> 7588               4              4       544        2006-12-23          Allis
#> 7589               2              2       522        2006-11-22           Prue
#> 7590               4              5       145        2005-12-25       Michelle
#> 7591               1              1       511        2006-10-21          Jessy
#> 7592               1              1       111        2005-08-03         Ashbey
#> 7593               5              5       455        2006-09-18        Harmony
#> 7594               4              5       545        2006-11-02          Bjorn
#> 7595               4              3       443        2006-10-09         Jasmin
#> 7596               5              4       554        2006-12-18        Cheslie
#> 7597               2              3       423        2006-10-02        Vassili
#> 7598               2              1       321        2006-08-14          Delly
#> 7599               2              2       222        2006-04-24         Sigrid
#> 7600               5              3       553        2006-12-30        Sibilla
#> 7601               2              1       121        2005-06-23         Kenyon
#> 7602               2              4       324        2006-07-21           Care
#> 7603               4              3       343        2006-07-25          Ruthi
#> 7604               2              2       522        2006-11-16          Gerri
#> 7605               5              5       255        2006-05-31      Reginauld
#> 7606               2              2       322        2006-07-22          Kelci
#> 7607               4              4       544        2006-11-03          Gerta
#> 7608               5              5       155        2005-11-24          Hodge
#> 7609               5              5       455        2006-09-23        Olympie
#> 7610               5              5       455        2006-08-31          Windy
#> 7611               1              1       211        2006-05-31         Collen
#> 7612               3              2       532        2006-12-02           Berk
#> 7613               1              3       113        2006-04-03        Emelina
#> 7614               5              5       255        2006-07-06          Rycca
#> 7615               4              4       244        2006-05-16        Karylin
#> 7616               5              4       354        2006-08-04            Pru
#> 7617               2              4       324        2006-07-21         Wesley
#> 7618               5              5       355        2006-08-15           Else
#> 7619               4              5       345        2006-08-01            Kim
#> 7620               5              5       455        2006-10-14         Audrey
#> 7621               5              2       152        2006-03-21         Elyssa
#> 7622               5              3       253        2006-07-04        Darlene
#> 7623               4              3       543        2006-11-18          Keven
#> 7624               1              1       111        2006-02-11        Gabriel
#> 7625               5              5       355        2006-07-15         Dallis
#> 7626               5              5       455        2006-10-09          Heddi
#> 7627               3              3       433        2006-09-26         Zahara
#> 7628               2              3       123        2006-01-19           Ethe
#> 7629               2              2       222        2006-06-12          Dyann
#> 7630               2              2       122        2006-03-26         Arnuad
#> 7631               3              3       233        2006-05-23         Barbey
#> 7632               5              5       455        2006-10-02         Edythe
#> 7633               2              4       224        2006-05-02         Shalom
#> 7634               5              5       555        2006-11-21         Steffi
#> 7635               1              1       311        2006-07-11          Lanny
#> 7636               2              2       222        2006-05-21         Nadiya
#> 7637               4              4       244        2006-05-25      Wendeline
#> 7638               3              3       233        2006-05-16           Rory
#> 7639               1              1       511        2006-11-24         Wendye
#> 7640               1              1       111        2005-06-12          Lorne
#> 7641               2              2       122        2006-02-07        Everett
#> 7642               1              2       112        2006-03-20           Roxi
#> 7643               2              4       424        2006-09-03            Ian
#> 7644               1              1       411        2006-09-22         Seline
#> 7645               2              3       323        2006-08-27         Cullan
#> 7646               4              4       344        2006-08-14         Waylin
#> 7647               5              5       355        2006-08-08        Mathias
#> 7648               1              2       312        2006-08-10       Mercedes
#> 7649               1              1       111        2005-09-11          Pearl
#> 7650               4              4       444        2006-09-30          Reube
#> 7651               2              3       523        2006-10-18         Emelda
#> 7652               1              1       111        2005-10-02    Constantino
#> 7653               2              4       324        2006-08-14       Muhammad
#> 7654               4              3       343        2006-08-05       Thorsten
#> 7655               2              3       223        2006-06-05        Arabela
#> 7656               1              3       113        2005-11-01         Rourke
#> 7657               1              2       512        2006-11-29        Marjory
#> 7658               5              5       455        2006-10-01        Vitoria
#> 7659               2              2       122        2006-02-14         Moritz
#> 7660               2              2       122        2005-11-15        Millard
#> 7661               4              3       243        2006-05-19           Liva
#> 7662               2              2       522        2006-10-23            Mel
#> 7663               1              1       111        2005-08-06     Estrellita
#> 7664               4              5       445        2006-10-16           Finn
#> 7665               2              2       122        2006-03-06           Egon
#> 7666               2              3       323        2006-08-21        Darlene
#> 7667               4              2       342        2006-08-06         Warden
#> 7668               1              1       311        2006-08-24      Marie-ann
#> 7669               1              1       411        2006-09-01       Hilliard
#> 7670               4              3       443        2006-10-10           Burg
#> 7671               5              5       355        2006-07-25        Modesty
#> 7672               1              2       112        2005-10-12        Pebrook
#> 7673               2              2       322        2006-07-10       Marrilee
#> 7674               2              3       523        2006-11-22         Agneta
#> 7675               5              5       455        2006-08-31          Abbot
#> 7676               1              2       212        2006-06-08           Bent
#> 7677               4              4       244        2006-05-23         Kippie
#> 7678               2              3       423        2006-09-22             My
#> 7679               5              5       555        2006-11-23         Bertie
#> 7680               2              2       422        2006-09-22          Tabby
#> 7681               3              3       433        2006-09-19           Glad
#> 7682               5              5       455        2006-09-06          North
#> 7683               5              4       254        2006-07-07          Pippy
#> 7684               5              4       554        2006-10-21           Jedd
#> 7685               5              4       354        2006-08-02       Johannes
#> 7686               5              5       455        2006-10-16         Milzie
#> 7687               5              5       255        2006-05-14         Roldan
#> 7688               1              1       511        2006-10-21           Etti
#> 7689               5              3       553        2006-11-09         Darryl
#> 7690               2              3       423        2006-09-15        Ninette
#> 7691               4              4       544        2006-12-15       Raphaela
#> 7692               1              1       411        2006-08-29        Loraine
#> 7693               2              3       123        2005-09-27       Sigfried
#> 7694               5              5       255        2006-07-02          Lacie
#> 7695               4              5       545        2006-10-17         Dyanne
#> 7696               4              4       144        2005-09-21          Brook
#> 7697               2              4       224        2006-04-26        Brockie
#> 7698               2              3       223        2006-04-18      Cathyleen
#> 7699               5              5       255        2006-06-06        Cynthea
#> 7700               1              1       111        2006-01-13           Dari
#> 7701               1              2       112        2005-12-24           Rabi
#> 7702               3              2       532        2006-11-03        Glennie
#> 7703               1              1       111        2005-07-25         Betsey
#> 7704               5              4       454        2006-09-24         Hebert
#> 7705               4              3       443        2006-09-11         Sarina
#> 7706               1              1       111        2005-10-15          Liane
#> 7707               2              3       323        2006-07-13        Cathrin
#> 7708               5              5       455        2006-09-16          Karin
#> 7709               5              5       355        2006-08-18          Prent
#> 7710               3              3       333        2006-07-24         Thorin
#> 7711               2              3       323        2006-08-13           Scot
#> 7712               2              2       222        2006-06-16        Stafani
#> 7713               3              4       134        2005-08-30           Garv
#> 7714               2              3       223        2006-05-31         Loella
#> 7715               4              5       345        2006-08-27        Yasmeen
#> 7716               2              3       223        2006-06-07         Kassia
#> 7717               4              4       344        2006-08-08          Tynan
#> 7718               3              4       434        2006-10-10         Eugene
#> 7719               4              5       545        2006-11-27        Lennard
#> 7720               5              5       555        2006-12-19         Mandie
#> 7721               2              2       222        2006-07-05      Fleurette
#> 7722               2              4       324        2006-07-12          Kally
#> 7723               1              1       511        2006-11-14         Jerald
#> 7724               4              5       245        2006-04-26           Caty
#> 7725               4              3       343        2006-08-12           Kary
#> 7726               4              2       442        2006-09-23      Kimberley
#> 7727               4              4       344        2006-08-09        Tierney
#> 7728               1              2       112        2005-11-16         Inglis
#> 7729               1              2       412        2006-09-03          Hulda
#> 7730               5              4       254        2006-05-25          Dylan
#> 7731               5              4       554        2006-11-03           Neda
#> 7732               4              5       545        2006-10-24      Llywellyn
#> 7733               2              4       124        2005-12-01           Moss
#> 7734               5              5       455        2006-09-29         Larina
#> 7735               1              1       111        2005-06-13         Tessie
#> 7736               5              5       555        2006-11-08          Vilma
#> 7737               2              2       122        2005-08-07         Arabel
#> 7738               4              2       442        2006-10-10           Faye
#> 7739               1              1       111        2006-03-21           Garv
#> 7740               5              5       455        2006-10-03          Reese
#> 7741               1              1       211        2006-05-09           Noam
#> 7742               2              2       522        2006-11-07       Pasquale
#> 7743               2              2       522        2006-10-26            Lew
#> 7744               1              1       411        2006-09-09           Fawn
#> 7745               1              2       112        2006-02-09      Hyacinthe
#> 7746               2              1       321        2006-08-04        Opaline
#> 7747               5              4       454        2006-10-04          Ninon
#> 7748               4              4       244        2006-05-14       Panchito
#> 7749               5              5       355        2006-07-29          Lotte
#> 7750               3              4       534        2006-10-29           Bren
#> 7751               5              4       354        2006-07-14           Fawn
#> 7752               5              4       454        2006-08-30         Shawna
#> 7753               5              5       455        2006-09-05           Gena
#> 7754               1              1       211        2006-05-02         Alison
#> 7755               1              1       411        2006-09-17         Maximo
#> 7756               1              1       311        2006-08-20         Sancho
#> 7757               2              3       523        2006-11-14         Walker
#> 7758               4              3       143        2006-03-13        Germana
#> 7759               2              2       522        2006-11-24        Vidovik
#> 7760               1              2       312        2006-08-22           Ania
#> 7761               3              2       132        2005-10-17         Hedvig
#> 7762               1              1       511        2006-10-21         Hamnet
#> 7763               4              5       445        2006-10-04           Erma
#> 7764               3              1       131        2006-02-07         Adrien
#> 7765               1              1       111        2005-11-21         Keelia
#> 7766               1              2       112        2005-09-04        Marissa
#> 7767               3              3       333        2006-08-11         Marena
#> 7768               5              5       455        2006-10-12        Marleah
#> 7769               4              3       443        2006-09-28          Eliza
#> 7770               3              5       135        2005-09-22       Carmelle
#> 7771               2              2       322        2006-07-21        Ximenez
#> 7772               1              1       211        2006-04-24       Douglass
#> 7773               2              4       524        2006-10-23        Barnabe
#> 7774               1              1       111        2006-03-23          Arlan
#> 7775               3              3       233        2006-06-21          Sammy
#> 7776               2              2       122        2006-03-14          Karia
#> 7777               4              3       443        2006-09-17           Chet
#> 7778               1              3       513        2006-10-29         Gretel
#> 7779               4              4       244        2006-06-16           Levi
#> 7780               2              4       424        2006-10-08          Eamon
#> 7781               1              3       513        2006-11-22       Vladamir
#> 7782               1              1       311        2006-08-23         Garvey
#> 7783               1              1       111        2005-08-21          Jenny
#> 7784               5              5       555        2006-11-05         Evelyn
#> 7785               1              1       511        2006-10-18         Shayne
#> 7786               1              2       212        2006-05-17         Isobel
#> 7787               1              1       111        2005-08-19        Ameline
#> 7788               3              5       335        2006-07-15          Reece
#> 7789               1              4       214        2006-06-23         Rianon
#> 7790               3              5       135        2005-09-19         Ingmar
#> 7791               4              5       445        2006-09-29         Simone
#> 7792               2              3       323        2006-07-10         Hermon
#> 7793               1              1       211        2006-04-30        Russell
#> 7794               2              3       223        2006-05-03          Theda
#> 7795               4              4       444        2006-09-12          Farly
#> 7796               1              1       211        2006-04-11            Uri
#> 7797               5              4       554        2006-10-31        Felecia
#> 7798               1              1       511        2006-12-05         Harlan
#> 7799               1              1       211        2006-06-16        Bartram
#> 7800               1              2       512        2006-12-16        Jaquith
#> 7801               4              4       244        2006-06-12          Fanya
#> 7802               3              3       433        2006-09-26      Carmelina
#> 7803               1              1       211        2006-07-01          Windy
#> 7804               3              3       533        2006-12-06        Marcelo
#> 7805               2              2       522        2006-12-07            Ole
#> 7806               1              1       111        2005-07-27        Juanita
#> 7807               1              3       413        2006-09-09            Luz
#> 7808               2              2       122        2006-03-11        Forrest
#> 7809               5              4       254        2006-06-29         Cherin
#> 7810               3              1       331        2006-07-20          Maddi
#> 7811               5              5       455        2006-10-14      Madelaine
#> 7812               2              1       121        2005-12-08       Leonardo
#> 7813               3              5       335        2006-08-15        Hillary
#> 7814               1              1       111        2005-08-11          Pablo
#> 7815               1              1       111        2006-03-29       Randolph
#> 7816               5              4       254        2006-06-19         Vivyan
#> 7817               4              4       444        2006-09-12         Mariel
#> 7818               3              3       133        2005-10-09       Thebault
#> 7819               1              2       112        2005-11-06         Tallia
#> 7820               1              1       411        2006-09-17        Candida
#> 7821               4              5       145        2006-02-13      Kristofer
#> 7822               5              4       354        2006-08-04        Trstram
#> 7823               3              3       233        2006-05-17          Loise
#> 7824               4              4       344        2006-08-01         Maxine
#> 7825               4              4       244        2006-06-29        Avigdor
#> 7826               4              3       343        2006-07-21            Ida
#> 7827               2              4       124        2005-12-06        Brendis
#> 7828               1              1       111        2006-03-21          Tommi
#> 7829               4              4       544        2006-12-29      Mackenzie
#> 7830               5              4       554        2006-11-17          Mamie
#> 7831               2              3       123        2006-02-14          Waite
#> 7832               5              5       355        2006-08-23        Stanton
#> 7833               2              3       323        2006-07-31           Doti
#> 7834               1              1       211        2006-05-02           Ross
#> 7835               1              3       213        2006-07-08        Ignazio
#> 7836               5              5       355        2006-07-25         Joshua
#> 7837               4              4       244        2006-05-20         Lolita
#> 7838               2              2       322        2006-07-24        Haleigh
#> 7839               4              4       344        2006-08-25          Boony
#> 7840               1              1       211        2006-06-22           Gnni
#> 7841               4              3       143        2005-10-06         Portie
#> 7842               2              2       322        2006-08-04           Lyon
#> 7843               1              3       313        2006-08-16       Cinnamon
#> 7844               2              3       223        2006-05-09          Chico
#> 7845               1              2       312        2006-08-26     Frederique
#> 7846               2              2       522        2006-10-19       Riccardo
#> 7847               4              3       343        2006-07-27         Neilla
#> 7848               2              2       222        2006-06-12       Hercules
#> 7849               4              4       444        2006-09-12        Berkley
#> 7850               3              4       234        2006-05-29       Courtney
#> 7851               3              3       533        2006-11-28         Wilden
#> 7852               5              5       455        2006-09-29           Dani
#> 7853               1              1       111        2005-10-18        Lorelle
#> 7854               4              4       544        2006-10-29           Marc
#> 7855               4              5       345        2006-08-17           Thom
#> 7856               2              3       523        2006-12-12      Cleopatra
#> 7857               2              2       222        2006-04-28           Hewe
#> 7858               5              4       554        2006-11-09          Helyn
#> 7859               5              5       555        2006-10-19        Joseito
#> 7860               5              5       555        2006-12-01         Domini
#> 7861               4              3       543        2006-12-11     Clementine
#> 7862               4              3       443        2006-09-23          Winny
#> 7863               1              1       311        2006-08-23          Ketty
#> 7864               2              1       521        2006-11-03          Dotti
#> 7865               3              2       532        2006-12-04         Cherin
#> 7866               1              3       513        2006-12-03         Marika
#> 7867               1              2       312        2006-08-02         Corrie
#> 7868               2              2       222        2006-07-05         Hillel
#> 7869               2              3       123        2005-12-19        Lynnell
#> 7870               3              4       234        2006-06-25           Jase
#> 7871               3              4       434        2006-08-29            Jon
#> 7872               2              2       122        2005-09-08         Roscoe
#> 7873               4              5       445        2006-09-23          Howey
#> 7874               3              4       434        2006-10-15         Broddy
#> 7875               1              1       211        2006-05-18          Bryna
#> 7876               4              4       244        2006-06-11         Margot
#> 7877               1              1       111        2005-06-29           Maxy
#> 7878               2              2       322        2006-08-05      Gabrielle
#> 7879               2              1       221        2006-05-01         Ailina
#> 7880               4              5       345        2006-07-09         Sherry
#> 7881               2              4       224        2006-05-31         Barbra
#> 7882               3              2       432        2006-09-04         Basile
#> 7883               2              2       322        2006-08-21          Belia
#> 7884               2              3       223        2006-06-20         Gerick
#> 7885               5              5       455        2006-09-29           Inez
#> 7886               4              4       344        2006-07-27        Zachary
#> 7887               4              3       343        2006-07-23        Kordula
#> 7888               5              4       154        2005-10-23          Gussi
#> 7889               2              3       323        2006-07-26       Herminia
#> 7890               1              1       111        2005-12-04       Leontine
#> 7891               1              2       212        2006-05-28       Ruthanne
#> 7892               5              5       355        2006-07-24      Gwendolen
#> 7893               2              2       322        2006-08-17         Elwira
#> 7894               2              3       523        2006-10-23         Darbie
#> 7895               4              4       344        2006-07-10       Vivianne
#> 7896               2              2       422        2006-08-31           Odey
#> 7897               1              3       213        2006-06-26      Annaliese
#> 7898               4              4       444        2006-09-26        Griffin
#> 7899               3              3       433        2006-10-04          Briny
#> 7900               2              4       124        2005-12-17          Errol
#> 7901               5              4       554        2006-10-17          Linzy
#> 7902               3              3       433        2006-09-20            Gan
#> 7903               1              1       111        2005-05-27       Ludovico
#> 7904               2              2       222        2006-05-25        Sibylle
#> 7905               1              3       313        2006-08-19           Cody
#> 7906               2              2       122        2005-12-22         Davida
#> 7907               4              4       344        2006-08-02           Trix
#> 7908               5              5       355        2006-08-24          Pavia
#> 7909               4              3       243        2006-06-26          Missy
#> 7910               1              2       512        2006-10-27          Gaile
#> 7911               3              3       233        2006-04-11  Sheilakathryn
#> 7912               4              5       145        2005-10-28         Myrtle
#> 7913               5              4       554        2006-11-08         Blisse
#> 7914               1              1       311        2006-08-27          Buffy
#> 7915               5              4       354        2006-08-21           Pris
#> 7916               2              3       423        2006-09-08           Tait
#> 7917               2              2       322        2006-08-25          Mason
#> 7918               1              1       211        2006-07-06           Olav
#> 7919               3              4       334        2006-08-08           Lura
#> 7920               4              3       543        2006-11-17        Lisbeth
#> 7921               4              3       343        2006-07-12         Lorine
#> 7922               1              1       111        2005-11-23            Pat
#> 7923               5              5       355        2006-07-14         Skippy
#> 7924               3              3       233        2006-06-23      Francoise
#> 7925               5              5       255        2006-04-25       Fernando
#> 7926               2              2       222        2006-05-03        Bethena
#> 7927               4              5       145        2006-01-26          Abbye
#> 7928               1              1       111        2005-08-23           Gene
#> 7929               4              4       244        2006-04-18         Jenica
#> 7930               4              4       344        2006-08-16         Ursula
#> 7931               2              2       522        2006-11-30         Britte
#> 7932               5              4       254        2006-06-21       Tremayne
#> 7933               2              2       322        2006-08-17        Murdock
#> 7934               2              3       323        2006-07-24          Liane
#> 7935               2              1       121        2005-08-16          Antin
#> 7936               5              5       555        2006-11-28         Pieter
#> 7937               1              3       113        2005-08-17          Joela
#> 7938               4              5       345        2006-08-25        Deeanne
#> 7939               2              3       223        2006-06-27         Elayne
#> 7940               5              4       154        2006-04-09       Marquita
#> 7941               2              2       422        2006-09-26         Floris
#> 7942               4              5       345        2006-08-25         Zorana
#> 7943               5              4       454        2006-09-11          Dicky
#> 7944               4              4       144        2006-04-04          Elvin
#> 7945               1              3       513        2006-11-19         Isiahi
#> 7946               1              2       112        2005-12-04          Alick
#> 7947               1              2       112        2005-05-17         Ulrich
#> 7948               4              4       344        2006-07-19           Rica
#> 7949               2              3       423        2006-09-15            Eli
#> 7950               2              2       422        2006-09-14         Rudolf
#> 7951               2              3       223        2006-06-06         Zsazsa
#> 7952               2              2       122        2006-03-28          Alley
#> 7953               4              4       444        2006-09-15          Uriel
#> 7954               5              5       555        2006-12-15          Leena
#> 7955               5              2       252        2006-05-02         Dexter
#> 7956               4              4       544        2006-12-20          Karel
#> 7957               2              2       422        2006-10-10        Arnoldo
#> 7958               1              1       111        2006-04-04       Ninnette
#> 7959               5              5       555        2006-11-13         Fulvia
#> 7960               2              2       322        2006-08-26          Felix
#> 7961               2              3       323        2006-07-09       Maryrose
#> 7962               2              2       522        2006-11-15          Edita
#> 7963               2              3       423        2006-09-30         Linell
#> 7964               3              3       133        2005-12-22          Darda
#> 7965               2              3       423        2006-09-25         Ransom
#> 7966               4              5       245        2006-06-30           Ivan
#> 7967               1              1       211        2006-05-02        Saundra
#> 7968               5              5       455        2006-09-12      Engelbert
#> 7969               3              4       334        2006-07-30        Willard
#> 7970               2              4       424        2006-09-02          Regen
#> 7971               4              3       543        2006-11-28          Gusta
#> 7972               1              1       211        2006-04-18         Alejoa
#> 7973               1              1       511        2006-11-16          Roley
#> 7974               2              4       524        2006-12-18          Anica
#> 7975               5              5       255        2006-05-24          Nikos
#> 7976               5              4       254        2006-06-14          Linet
#> 7977               5              4       554        2006-12-23        Scarlet
#> 7978               2              4       224        2006-07-08         Kippie
#> 7979               1              1       311        2006-08-25          Faber
#> 7980               5              5       555        2006-10-30        Ameline
#> 7981               1              3       213        2006-07-07          Boyce
#> 7982               1              2       212        2006-05-27         Trevar
#> 7983               2              5       125        2005-09-10        Jameson
#> 7984               5              5       555        2006-11-06         Tomlin
#> 7985               3              4       434        2006-09-06         Vasili
#> 7986               4              4       344        2006-08-14        Sephira
#> 7987               2              2       422        2006-09-14         Miltie
#> 7988               3              5       535        2006-10-17        Cyrille
#> 7989               5              4       554        2006-10-22       Clarette
#> 7990               3              2       232        2006-07-08         Cletis
#> 7991               2              3       423        2006-10-04         Husain
#> 7992               1              3       313        2006-08-19         Osborn
#> 7993               2              3       523        2006-12-03        Ambrosi
#> 7994               2              2       122        2005-07-15         Burton
#> 7995               3              3       433        2006-09-27        Elspeth
#> 7996               5              3       253        2006-06-05          Lilli
#> 7997               2              1       521        2006-10-22         Aluino
#> 7998               2              2       422        2006-10-06       Carolynn
#> 7999               2              2       422        2006-09-26          Pauly
#> 8000               4              3       543        2006-12-06          Denny
#> 8001               5              5       255        2006-04-23          Leena
#> 8002               3              1       531        2006-12-07      Engelbert
#> 8003               3              5       535        2006-11-20           Bran
#> 8004               5              5       555        2006-10-22        Corella
#> 8005               5              5       455        2006-09-04           Hali
#> 8006               2              3       423        2006-10-09    Christopher
#> 8007               2              2       322        2006-07-19        Germana
#> 8008               2              2       222        2006-06-11       Rodrique
#> 8009               5              5       255        2006-05-01           Nero
#> 8010               3              3       433        2006-10-13          Paula
#> 8011               3              2       332        2006-08-18        Damiano
#> 8012               1              1       311        2006-07-09        Benetta
#> 8013               5              5       455        2006-09-10          Korey
#> 8014               2              2       222        2006-04-30        Chelsey
#> 8015               4              4       344        2006-07-09        Phillip
#> 8016               2              2       422        2006-10-07         Barnie
#> 8017               2              3       423        2006-09-15        Frannie
#> 8018               5              4       554        2006-12-13           Sean
#> 8019               2              3       223        2006-05-20           Brig
#> 8020               1              1       211        2006-05-30          Lolly
#> 8021               2              2       322        2006-08-06        Madison
#> 8022               5              5       555        2006-10-19     Jaquenetta
#> 8023               5              4       554        2006-11-17         Chaddy
#> 8024               2              2       122        2005-09-01         Burton
#> 8025               5              5       255        2006-05-30           Nada
#> 8026               4              4       444        2006-09-26        Alexine
#> 8027               4              4       344        2006-08-26          Gerda
#> 8028               1              3       513        2006-11-06          Lacee
#> 8029               5              5       355        2006-07-21        Cacilia
#> 8030               2              1       221        2006-04-17          Irita
#> 8031               4              4       544        2006-11-05        Reynold
#> 8032               3              2       532        2006-12-15          Raine
#> 8033               2              3       523        2006-11-20       Thurston
#> 8034               1              1       111        2005-06-28        Almeria
#> 8035               1              1       311        2006-07-23           Page
#> 8036               2              4       324        2006-08-01        Claudie
#> 8037               3              3       533        2006-11-19         Braden
#> 8038               2              2       222        2006-05-21         Emalia
#> 8039               1              2       112        2005-08-08        Elonore
#> 8040               2              3       523        2006-11-19          Emlen
#> 8041               5              4       354        2006-08-02       Darlleen
#> 8042               5              3       153        2006-03-29         Shandy
#> 8043               3              4       234        2006-05-19          Artur
#> 8044               4              5       445        2006-09-15       Jannelle
#> 8045               5              5       555        2006-12-25          Clary
#> 8046               3              5       435        2006-09-11          Erick
#> 8047               1              1       111        2005-07-09           Chad
#> 8048               4              4       344        2006-08-28            Say
#> 8049               2              1       321        2006-07-10         Marcel
#> 8050               5              5       455        2006-09-10         Sarita
#> 8051               2              1       221        2006-05-06        Elsbeth
#> 8052               2              3       123        2006-03-09          Lorin
#> 8053               3              3       133        2005-10-13         Laurie
#> 8054               4              3       343        2006-07-28        Addison
#> 8055               2              3       523        2006-11-26         Fifine
#> 8056               1              2       212        2006-07-05          Frank
#> 8057               1              2       512        2006-11-04       Robinett
#> 8058               2              4       524        2006-11-09         Ilyssa
#> 8059               1              1       411        2006-08-31      Hephzibah
#> 8060               4              3       443        2006-10-01       Claudine
#> 8061               5              4       454        2006-10-04           Adam
#> 8062               3              4       534        2006-12-16          Noble
#> 8063               1              1       111        2006-03-03         Darbie
#> 8064               1              2       412        2006-09-04         Evania
#> 8065               1              1       111        2005-08-19        Arlinda
#> 8066               2              2       322        2006-08-03        Gifford
#> 8067               2              2       122        2006-01-10         Garold
#> 8068               1              2       112        2005-07-29        Aurthur
#> 8069               2              3       423        2006-09-26           Ange
#> 8070               5              5       455        2006-09-11        Averill
#> 8071               5              5       555        2006-11-13            Nap
#> 8072               2              4       224        2006-05-23           Elka
#> 8073               4              5       345        2006-08-07       Courtney
#> 8074               1              1       111        2006-01-28       Christye
#> 8075               1              1       211        2006-05-26        Arlette
#> 8076               3              5       135        2005-09-10         Janice
#> 8077               2              3       423        2006-09-18       Marjorie
#> 8078               4              3       343        2006-08-17         Callie
#> 8079               4              4       344        2006-07-29            Cad
#> 8080               5              5       455        2006-09-12           Duke
#> 8081               4              3       343        2006-08-25         Sileas
#> 8082               5              5       455        2006-10-08         Kerrin
#> 8083               5              3       453        2006-09-29         Brenna
#> 8084               1              1       211        2006-04-21          Reine
#> 8085               3              3       233        2006-04-16          Ethyl
#> 8086               1              2       512        2006-10-30          Raine
#> 8087               4              3       343        2006-07-25          Marie
#> 8088               2              1       421        2006-09-26        Graehme
#> 8089               4              4       244        2006-06-20           Nady
#> 8090               5              5       455        2006-10-15         Jordan
#> 8091               5              4       454        2006-09-19        Maynard
#> 8092               2              3       223        2006-07-08          Corby
#> 8093               2              3       223        2006-05-23        Steffen
#> 8094               5              5       255        2006-06-30        Silvain
#> 8095               4              4       344        2006-08-19     Estrellita
#> 8096               4              4       544        2006-11-01           Will
#> 8097               5              5       155        2006-03-03       Madalena
#> 8098               1              2       412        2006-09-23            Zia
#> 8099               5              5       355        2006-08-18        Cherida
#> 8100               5              4       154        2005-11-22        Paolina
#> 8101               4              4       444        2006-10-02          Eliot
#> 8102               5              3       353        2006-07-21       Margaret
#> 8103               2              2       322        2006-08-10           Luca
#> 8104               5              5       355        2006-08-07        Ladonna
#> 8105               4              2       442        2006-09-01        Marlena
#> 8106               1              1       411        2006-09-28         Reidar
#> 8107               1              1       511        2006-10-22          Sophi
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#>  [ reached 'max' / getOption("max.print") -- omitted 31666 rows ]





32.3.1 Visualizing RFM

A battery of standard diagnostics interrogates the scored data. The heatmap in Figure 32.10 displays average monetary value across the recency–frequency grid, revealing whether high-value customers cluster in the recent-and-frequent corner as the premise predicts.


rfm_heatmap(rfm_result)
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Figure 32.10: Average monetary value across the recency-by-frequency grid. Concentration in the high-recency, high-frequency corner confirms the RFM premise that recent frequent buyers are the most valuable.








Three further marginal views complement the heatmap: Figure 32.11 shows the distribution of customers across recency scores within frequency bins, Figure 32.12 gives the marginal histograms of the three measures, and Figure 32.13 reports the distribution of customers by order count.


rfm_bar_chart(rfm_result)
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Figure 32.11: Distribution of customers across recency scores within frequency bins.









rfm_histograms(rfm_result)
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Figure 32.12: Marginal histograms of the recency, frequency, and monetary measures.









rfm_order_dist(rfm_result)
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Figure 32.13: Distribution of customers by number of orders.








The bivariate scatter plots in Figure 32.14, recency against monetary, frequency against monetary, and recency against frequency, expose the pairwise dependence structure that the composite score collapses.


# the rfm package's rfm_rm_plot/rfm_fm_plot/rfm_rf_plot helpers error on this version,
# so we draw the three pairwise scatters directly from the scored RFM table
library(ggplot2)
rfm_df <- rfm_result$rfm
p_rm <- ggplot(rfm_df, aes(amount, recency_days)) + geom_point(alpha = .4) +
    labs(x = "Monetary", y = "Recency (days)", title = "Recency vs Monetary") + theme_bw()
p_fm <- ggplot(rfm_df, aes(amount, transaction_count)) + geom_point(alpha = .4) +
    labs(x = "Monetary", y = "Frequency", title = "Frequency vs Monetary") + theme_bw()
p_rf <- ggplot(rfm_df, aes(transaction_count, recency_days)) + geom_point(alpha = .4) +
    labs(x = "Frequency", y = "Recency (days)", title = "Recency vs Frequency") + theme_bw()
gridExtra::grid.arrange(p_rm, p_fm, p_rf, ncol = 3)
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Figure 32.14: Bivariate scatter plots of the three RFM dimensions, exposing the pairwise dependence the composite score collapses.










32.3.2 Adding Clumpiness: RFMC

The three RFM moments summarize how much and how recently a customer transacts but are blind to how the events are spaced in time. Two customers with identical frequency over a window can differ sharply in whether their purchases were evenly spread or arrived in a tight burst. Clumpiness (the “C” in RFMC) measures this spacing, defined by Yao Zhang, Bradlow, and Small (2015) as the degree of nonconformity to equal spacing of events.


Clumpiness is the serial dependence or non-constant propensity—specifically, temporary elevations of propensity, i.e., periods during which one event is more likely to occur than the average level (Yao Zhang, Bradlow, and Small 2013).



The construct migrated into marketing from two prior literatures. In finance, clumpiness can flag high growth potential coupled with elevated risk, so it informs firm-acquisition decisions; the phenomenon itself originates in the sports “hot hand” effect, in which success appears to breed further success. A well-behaved clumpiness measure satisfies three properties (Yao Zhang, Bradlow, and Small 2015): it attains its minimum when events are equally spaced and its maximum when they cluster tightly together; it varies continuously in the event times; and it converges appropriately as the number of events grows. Appending a clumpiness score to the RFM triple sharpens churn prediction, because a customer whose previously bursty buying has gone quiet is a stronger churn signal than recency alone conveys.




32.4 Customer Segmentation

Segmentation partitions the customer base into groups that are internally homogeneous and managerially distinct, so that each group can receive a tailored treatment. RFM scores furnish a natural partition; lifecycle and cohort views add the time dimension that a static score omits.


32.4.1 RFM-Based Segments

The most direct segmentation reads named segments off the RFM score by specifying, for each segment, the admissible ranges of the recency, frequency, and monetary sub-scores. A “Premium” customer scores high on all three; an “At Risk” customer combines low recency with high historical frequency and value; a “Lost” customer scores low everywhere. The rfm_segment() function maps every customer to the first segment whose score box contains them.


segment_names <-
    c(
        "Premium",
        "Loyal Customers",
        "Potential Loyalist",
        "New Customers",
        "Promising",
        "Need Attention",
        "About To Churn",
        "At Risk",
        "High Value Churners/Resurrection",
        "Low Value Churners"
    )

recency_lower <- c(4, 2, 3, 4, 3, 2, 2, 1, 1, 1)
recency_upper <- c(5, 5, 5, 5, 4, 3, 3, 2, 1, 2)
frequency_lower <- c(4, 3, 1, 1, 1, 2, 1, 2, 4, 1)
frequency_upper <- c(5, 5, 3, 1, 1, 3, 2, 5, 5, 2)
monetary_lower <- c(4, 3, 1, 1, 1, 2, 1, 2, 4, 1)
monetary_upper <- c(5, 5, 3, 1, 1, 3, 2, 5, 5, 2)

rfm_segments <-
    rfm_segment(
        rfm_result,
        segment_names,
        recency_lower,
        recency_upper,
        frequency_lower,
        frequency_upper,
        monetary_lower,
        monetary_upper
    )

head(rfm_segments, n = 5)


rfm_segments %>%
    count(rfm_segments$segment) %>%
    arrange(desc(n)) %>%
    rename(Count = n)

# median recency
rfm_plot_median_recency(rfm_segments)

# median frequency
rfm_plot_median_frequency(rfm_segments)

# Median Monetary Value
rfm_plot_median_monetary(rfm_segments)






32.4.2 LifeCycle Grids

A score-box segmentation is static. The lifecycle grid, following Sergey, restores dynamics by cross-tabulating recency bands against frequency bands and populating each cell with the customers it contains, so that movement through the grid over time traces a customer’s lifecycle. We simulate an order log with products, clients, gender, and order dates, then collapse it to one row per client carrying frequency and recency.


# loading libraries
library(dplyr)
library(reshape2)
library(ggplot2)

# creating data sample
set.seed(10)
data <- data.frame(
    orderId = sample(c(1:1000), 5000, replace = TRUE),
    product = sample(
        c('NULL', 'a', 'b', 'c'),
        5000,
        replace = TRUE,
        prob = c(0.15, 0.65, 0.3, 0.15)
    )
)
order <- data.frame(orderId = c(1:1000),
                    clientId = sample(c(1:300), 1000, replace = TRUE))
gender <- data.frame(clientId = c(1:300),
                     gender = sample(
                         c('male', 'female'),
                         300,
                         replace = TRUE,
                         prob = c(0.40, 0.60)
                     ))
date <- data.frame(orderId = c(1:1000),
                   orderdate = sample((1:100), 1000, replace = TRUE))
orders <- merge(data, order, by = 'orderId')
orders <- merge(orders, gender, by = 'clientId')
orders <- merge(orders, date, by = 'orderId')
orders <- orders[orders$product != 'NULL',]
orders$orderdate <- as.Date(orders$orderdate, origin = "2012-01-01")
rm(data, date, order, gender)





# reporting date
today <- as.Date('2012-04-11', format = '%Y-%m-%d')

# processing data
orders <-
    dcast(
        orders,
        orderId + clientId + gender + orderdate ~ product,
        value.var = 'product',
        fun.aggregate = length
    )

orders <- orders %>%
    group_by(clientId) %>%
    mutate(frequency = n(),
           recency = as.numeric(today - orderdate)) %>%
    filter(orderdate == max(orderdate)) %>%
    filter(orderId == max(orderId)) %>%
    ungroup()

# exploratory analysis
ggplot(orders, aes(x = frequency)) +
    theme_bw() +
    scale_x_continuous(breaks = c(1:10)) +
    geom_bar(alpha = 0.6, width = 1) +
    ggtitle("Distribution by frequency")

ggplot(orders, aes(x = recency)) +
    theme_bw() +
    geom_bar(alpha = 0.6, width = 1) +
    ggtitle("Distribution by recency")
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Figure 32.15: Marginal distributions of purchase frequency and recency in the simulated order log.
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Figure 32.16: Marginal distributions of purchase frequency and recency in the simulated order log.








The two panels above plot the marginal distributions of purchase frequency and recency in the simulated log. The continuous frequency and recency are then bucketed into ordered bands, and the band factors are ordered so the grid reads from most-recent-and-frequent to least, with a last-cart feature capturing which products the customer last bought.


orders.segm <- orders %>%
    mutate(segm.freq = ifelse(between(frequency, 1, 1), '1',
                              ifelse(
                                  between(frequency, 2, 2), '2',
                                  ifelse(between(frequency, 3, 3), '3',
                                         ifelse(
                                             between(frequency, 4, 4), '4',
                                             ifelse(between(frequency, 5, 5), '5', '>5')
                                         ))
                              ))) %>%
    mutate(segm.rec = ifelse(
        between(recency, 0, 6),
        '0-6 days',
        ifelse(
            between(recency, 7, 13),
            '7-13 days',
            ifelse(
                between(recency, 14, 19),
                '14-19 days',
                ifelse(
                    between(recency, 20, 45),
                    '20-45 days',
                    ifelse(between(recency, 46, 80), '46-80 days', '>80 days')
                )
            )
        )
    )) %>%
    # creating last cart feature
    mutate(cart = paste(
        ifelse(a != 0, 'a', ''),
        ifelse(b != 0, 'b', ''),
        ifelse(c != 0, 'c', ''),
        sep = ''
    )) %>%
    arrange(clientId)

# defining order of boundaries
orders.segm$segm.freq <-
    factor(orders.segm$segm.freq, levels = c('>5', '5', '4', '3', '2', '1'))
orders.segm$segm.rec <-
    factor(
        orders.segm$segm.rec,
        levels = c(
            '>80 days',
            '46-80 days',
            '20-45 days',
            '14-19 days',
            '7-13 days',
            '0-6 days'
        )
    )




Faceting customer counts by the two band factors produces the grid itself, shown in Figure 32.17: each panel is one recency–frequency cell, and its height encodes how many customers presently occupy it.


lcg <- orders.segm %>%
    group_by(segm.rec, segm.freq) %>%
    summarise(quantity = n()) %>%
    mutate(client = 'client') %>%
    ungroup()
lcg.matrix <-
    dcast(lcg,
          segm.freq ~ segm.rec,
          value.var = 'quantity',
          fun.aggregate = sum)

ggplot(lcg, aes(x = client, y = quantity, fill = quantity)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(stat = 'identity', alpha = 0.6) +
    geom_text(aes(y = max(quantity) / 2, label = quantity), size = 4) +
    facet_grid(segm.freq ~ segm.rec) +
    ggtitle("LifeCycle Grids")
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Figure 32.17: Lifecycle grid: customer counts faceted by recency band (columns) and frequency band (rows).








Coarsening the grid into recent/not-recent and frequent/infrequent quadrants, and splitting by gender and last cart, turns the grid into a strategic map of where value concentrates and which sub-populations occupy each region, as the enriched grids below display.


lcg.adv <- lcg %>%
    mutate(
        rec.type = ifelse(
            segm.rec %in% c("> 80 days", "46 - 80 days", "20 - 45 days"),
            "not recent",
            "recent"
        ),
        freq.type = ifelse(segm.freq %in% c(" >
          5", "5", "4"), "frequent", "infrequent"),
        customer.type = interaction(rec.type, freq.type)
    )

ggplot(lcg.adv, aes(x = client, y = quantity, fill = customer.type)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    facet_grid(segm.freq ~ segm.rec) +
    geom_bar(stat = 'identity', alpha = 0.6) +
    geom_text(aes(y = max(quantity) / 2, label = quantity), size = 4) +
    ggtitle("LifeCycle Grids")

# with background
ggplot(lcg.adv, aes(x = client, y = quantity, fill = customer.type)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_rect(
        aes(fill = customer.type),
        xmin = -Inf,
        xmax = Inf,
        ymin = -Inf,
        ymax = Inf,
        alpha = 0.1
    ) +
    facet_grid(segm.freq ~ segm.rec) +
    geom_bar(stat = 'identity', alpha = 0.7) +
    geom_text(aes(y = max(quantity) / 2, label = quantity), size = 4) +
    ggtitle("LifeCycle Grids")

lcg.sub <- orders.segm %>%
    group_by(gender, cart, segm.rec, segm.freq) %>%
    summarise(quantity = n()) %>%
    mutate(client = 'client') %>%
    ungroup()

ggplot(lcg.sub, aes(x = client, y = quantity, fill = gender)) +
    theme_bw() +
    scale_fill_brewer(palette = 'Set1') +
    theme(panel.grid = element_blank()) +
    geom_bar(stat = 'identity',
             position = 'fill' ,
             alpha = 0.6) +
    facet_grid(segm.freq ~ segm.rec) +
    ggtitle("LifeCycle Grids by gender (proportion)")

ggplot(lcg.sub, aes(x = gender, y = quantity, fill = cart)) +
    theme_bw() +
    scale_fill_brewer(palette = 'Set1') +
    theme(panel.grid = element_blank()) +
    geom_bar(stat = 'identity',
             position = 'fill' ,
             alpha = 0.6) +
    facet_grid(segm.freq ~ segm.rec) +
    ggtitle("LifeCycle Grids by gender and last cart (proportion)")
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Figure 32.18: Lifecycle grids enriched with quadrant coloring (recent/frequent), and split by gender and last-cart composition, turning the grid into a strategic map of the customer base.
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Figure 32.19: Lifecycle grids enriched with quadrant coloring (recent/frequent), and split by gender and last-cart composition, turning the grid into a strategic map of the customer base.
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Figure 32.20: Lifecycle grids enriched with quadrant coloring (recent/frequent), and split by gender and last-cart composition, turning the grid into a strategic map of the customer base.
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Figure 32.21: Lifecycle grids enriched with quadrant coloring (recent/frequent), and split by gender and last-cart composition, turning the grid into a strategic map of the customer base.









32.4.2.1 CLV and CAC on the Grid

Customer counts alone do not reveal whether a segment is profitable. Overlaying customer lifetime value (CLV)—the gross margin a customer has generated—and customer acquisition cost (CAC)—what was spent to acquire them—on the grid shows which cells return their acquisition investment. A cell where average CLV exceeds average CAC is profitable; a cell where it does not is a candidate for reduced acquisition spend. We attach simulated per-client CAC and product gross margins, recompute the grid, and plot CLV against CAC both in aggregate and per client in the grids below.


# loading libraries
library(dplyr)
library(reshape2)
library(ggplot2)

# creating data sample
set.seed(10)
data <- data.frame(
    orderId = sample(c(1:1000), 5000, replace = TRUE),
    product = sample(
        c('NULL', 'a', 'b', 'c'),
        5000,
        replace = TRUE,
        prob = c(0.15, 0.65, 0.3, 0.15)
    )
)
order <- data.frame(orderId = c(1:1000),
                    clientId = sample(c(1:300), 1000, replace = TRUE))
gender <- data.frame(clientId = c(1:300),
                     gender = sample(
                         c('male', 'female'),
                         300,
                         replace = TRUE,
                         prob = c(0.40, 0.60)
                     ))
date <- data.frame(orderId = c(1:1000),
                   orderdate = sample((1:100), 1000, replace = TRUE))
orders <- merge(data, order, by = 'orderId')
orders <- merge(orders, gender, by = 'clientId')
orders <- merge(orders, date, by = 'orderId')
orders <- orders[orders$product != 'NULL', ]
orders$orderdate <- as.Date(orders$orderdate, origin = "2012-01-01")

# creating data frames with CAC and Gross margin
cac <-
    data.frame(clientId = unique(orders$clientId),
               cac = sample(c(10:15), 288, replace = TRUE))
gr.margin <-
    data.frame(product = c('a', 'b', 'c'),
               grossmarg = c(1, 2, 3))

rm(data, date, order, gender)

# reporting date
today <- as.Date('2012-04-11', format = '%Y-%m-%d')

# calculating customer lifetime value
orders <- merge(orders, gr.margin, by = 'product')

clv <- orders %>%
    group_by(clientId) %>%
    summarise(clv = sum(grossmarg)) %>%
    ungroup()

# processing data
orders <-
    dcast(
        orders,
        orderId + clientId + gender + orderdate ~ product,
        value.var = 'product',
        fun.aggregate = length
    )

orders <- orders %>%
    group_by(clientId) %>%
    mutate(frequency = n(),
           recency = as.numeric(today - orderdate)) %>%
    filter(orderdate == max(orderdate)) %>%
    filter(orderId == max(orderId)) %>%
    ungroup()

orders.segm <- orders %>%
    mutate(segm.freq = ifelse(between(frequency, 1, 1), '1',
                              ifelse(
                                  between(frequency, 2, 2), '2',
                                  ifelse(between(frequency, 3, 3), '3',
                                         ifelse(
                                             between(frequency, 4, 4), '4',
                                             ifelse(between(frequency, 5, 5), '5', '>5')
                                         ))
                              ))) %>%
    mutate(segm.rec = ifelse(
        between(recency, 0, 6),
        '0-6 days',
        ifelse(
            between(recency, 7, 13),
            '7-13 days',
            ifelse(
                between(recency, 14, 19),
                '14-19 days',
                ifelse(
                    between(recency, 20, 45),
                    '20-45 days',
                    ifelse(between(recency, 46, 80), '46-80 days', '>80 days')
                )
            )
        )
    )) %>%
    # creating last cart feature
    mutate(cart = paste(
        ifelse(a != 0, 'a', ''),
        ifelse(b != 0, 'b', ''),
        ifelse(c != 0, 'c', ''),
        sep = ''
    )) %>%
    arrange(clientId)

# defining order of boundaries
orders.segm$segm.freq <-
    factor(orders.segm$segm.freq, levels = c('>5', '5', '4', '3', '2', '1'))
orders.segm$segm.rec <-
    factor(
        orders.segm$segm.rec,
        levels = c(
            '>80 days',
            '46-80 days',
            '20-45 days',
            '14-19 days',
            '7-13 days',
            '0-6 days'
        )
    )

orders.segm <- merge(orders.segm, cac, by = 'clientId')
orders.segm <- merge(orders.segm, clv, by = 'clientId')

lcg.clv <- orders.segm %>%
    group_by(segm.rec, segm.freq) %>%
    summarise(quantity = n(),
              # calculating cumulative CAC and CLV
              cac = sum(cac),
              clv = sum(clv)) %>%
    ungroup() %>%
    # calculating CAC and CLV per client
    mutate(cac1 = round(cac / quantity, 2),
           clv1 = round(clv / quantity, 2))

lcg.clv <-
    reshape2::melt(lcg.clv, id.vars = c('segm.rec', 'segm.freq', 'quantity'))

ggplot(lcg.clv[lcg.clv$variable %in% c('clv', 'cac'), ], aes(x = variable, y =
                                                                 value, fill = variable)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(stat = 'identity', alpha = 0.6, aes(width = quantity / max(quantity))) +
    geom_text(aes(y = value, label = value), size = 4) +
    facet_grid(segm.freq ~ segm.rec) +
    ggtitle("LifeCycle Grids - CLV vs CAC (total)")
ggplot(lcg.clv[lcg.clv$variable %in% c('clv1', 'cac1'), ], aes(x = variable, y =
                                                                   value, fill = variable)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(stat = 'identity', alpha = 0.6, aes(width = quantity / max(quantity))) +
    geom_text(aes(y = value, label = value), size = 4) +
    facet_grid(segm.freq ~ segm.rec) +
    ggtitle("LifeCycle Grids - CLV vs CAC (average)")
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Figure 32.22: Lifecycle grids overlaying customer lifetime value against acquisition cost, in total and per client. Cells where CLV exceeds CAC return their acquisition investment.
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Figure 32.23: Lifecycle grids overlaying customer lifetime value against acquisition cost, in total and per client. Cells where CLV exceeds CAC return their acquisition investment.










32.4.2.2 Cohort Analysis

A cohort groups customers by a shared origin—most often their acquisition month—so that groups acquired under different conditions can be compared on equal footing as they age. Cohort analysis combines customers through common characteristics into homogeneous groups and tracks each group’s value trajectory over its lifetime. The setup below simulates a larger order log and assembles, per client, frequency, recency, the average gap between purchases, the first-purchase cohort label, realized CLV to date, an acquisition campaign with its CAC, and a predicted potential CLV.


# loading libraries
library(dplyr)
library(reshape2)
library(ggplot2)
library(networkD3)

# helper: render a from/to/weight link table as an embeddable D3 Sankey diagram.
# networkD3 produces a self-contained htmlwidget; googleVis's gvisSankey only opens a
# browser window and cannot embed in the rendered book, so we replace it here.
make_sankey <- function(links, from = "from", to = "to", weight = "n", font = 11) {
  # htmlwidget: HTML output only. PDF/EPUB cannot rasterize the percentage-width
  # widget via webshot2, so skip rendering it for non-HTML formats.
  if (!knitr::pandoc_to("html")) return(invisible(NULL))
  nodes <- data.frame(name = unique(c(links[[from]], links[[to]])), stringsAsFactors = FALSE)
  links$.src <- match(links[[from]], nodes$name) - 1L
  links$.tgt <- match(links[[to]],   nodes$name) - 1L
  networkD3::sankeyNetwork(Links = links, Nodes = nodes, Source = ".src",
                           Target = ".tgt", Value = weight, NodeID = "name",
                           fontSize = font, nodeWidth = 20)
}

set.seed(10)
# creating orders data sample
data <- data.frame(
    orderId = sample(c(1:5000), 25000, replace = TRUE),
    product = sample(
        c('NULL', 'a', 'b', 'c'),
        25000,
        replace = TRUE,
        prob = c(0.15, 0.65, 0.3, 0.15)
    )
)
order <- data.frame(orderId = c(1:5000),
                    clientId = sample(c(1:1500), 5000, replace = TRUE))
date <- data.frame(orderId = c(1:5000),
                   orderdate = sample((1:500), 5000, replace = TRUE))
orders <- merge(data, order, by = 'orderId')
orders <- merge(orders, date, by = 'orderId')
orders <- orders[orders$product != 'NULL',]
orders$orderdate <- as.Date(orders$orderdate, origin = "2012-01-01")
rm(data, date, order)
# creating data frames with CAC, Gross margin, Campaigns and Potential CLV
gr.margin <-
    data.frame(product = c('a', 'b', 'c'),
               grossmarg = c(1, 2, 3))
campaign <- data.frame(clientId = c(1:1500),
                       campaign = paste('campaign', sample(c(1:7), 1500, replace = TRUE), sep =
                                            ' '))
cac <-
    data.frame(campaign = unique(campaign$campaign),
               cac = sample(c(10:15), 7, replace = TRUE))
campaign <- merge(campaign, cac, by = 'campaign')
potential <- data.frame(clientId = c(1:1500),
                        clv.p = sample(c(0:50), 1500, replace = TRUE))
rm(cac)

# reporting date
today <- as.Date('2013-05-16', format = '%Y-%m-%d')




The four auxiliary tables play distinct roles: campaign carries each customer’s acquisition campaign and its acquisition cost; margin gives the gross margin per product; potential holds the predicted CLV per client; and orders records the transactions. The next block computes the per-client features and cohort labels.


# calculating CLV, frequency, recency, average time lapses between purchases and defining cohorts

orders <- merge(orders, gr.margin, by = 'product')

customers <- orders %>%
    # combining products and summarising gross margin
    group_by(orderId, clientId, orderdate) %>%
    summarise(grossmarg = sum(grossmarg)) %>%
    ungroup() %>%
    # calculating frequency, recency, average time lapses between purchases and defining cohorts
    group_by(clientId) %>%
    mutate(
        frequency = n(),
        recency = as.numeric(today - max(orderdate)),
        av.gap = round(as.numeric(max(orderdate) - min(orderdate)) / frequency, 0),
        cohort = format(min(orderdate), format = '%Y-%m')
    ) %>%
    ungroup() %>%
    # calculating CLV to date
    group_by(clientId, cohort, frequency, recency, av.gap) %>%
    summarise(clv = sum(grossmarg)) %>%
    arrange(clientId) %>%
    ungroup()
# calculating potential CLV and CAC
customers <- merge(customers, campaign, by = 'clientId')
customers <- merge(customers, potential, by = 'clientId')
# leading the potential value to more or less real value
customers$clv.p <-
    round(customers$clv.p / sqrt(customers$recency) * customers$frequency,
          2)

rm(potential, gr.margin, today)
# adding segments
customers <- customers %>%
    mutate(segm.freq = ifelse(between(frequency, 1, 1), '1',
                              ifelse(
                                  between(frequency, 2, 2), '2',
                                  ifelse(between(frequency, 3, 3), '3',
                                         ifelse(
                                             between(frequency, 4, 4), '4',
                                             ifelse(between(frequency, 5, 5), '5', '>5')
                                         ))
                              ))) %>%
    mutate(segm.rec = ifelse(
        between(recency, 0, 30),
        '0-30 days',
        ifelse(
            between(recency, 31, 60),
            '31-60 days',
            ifelse(
                between(recency, 61, 90),
                '61-90 days',
                ifelse(
                    between(recency, 91, 120),
                    '91-120 days',
                    ifelse(between(recency, 121, 180), '121-180 days', '>180 days')
                )
            )
        )
    ))

# defining order of boundaries
customers$segm.freq <-
    factor(customers$segm.freq, levels = c('>5', '5', '4', '3', '2', '1'))
customers$segm.rec <-
    factor(
        customers$segm.rec,
        levels = c(
            '>180 days',
            '121-180 days',
            '91-120 days',
            '61-90 days',
            '31-60 days',
            '0-30 days'
        )
    )





32.4.2.2.1 First-Purchase-Date Cohorts

Grouping by first-purchase month and laying the result on the lifecycle grid lets the analyst compare cohorts on profitability (average CLV minus CAC), on combined realized plus potential value, and on purchasing pace. The customer-flow analysis tracks how a single cohort redistributes across recency–frequency states at successive reporting dates and renders the migration as a Sankey diagram.


lcg.coh <- customers %>%
    group_by(cohort, segm.rec, segm.freq) %>%
    # calculating cumulative values
    summarise(
        quantity = n(),
        cac = sum(cac),
        clv = sum(clv),
        clv.p = sum(clv.p),
        av.gap = sum(av.gap)
    ) %>%
    ungroup() %>%
    # calculating average values
    mutate(
        av.cac = round(cac / quantity, 2),
        av.clv = round(clv / quantity, 2),
        av.clv.p = round(clv.p / quantity, 2),
        av.clv.tot = av.clv + av.clv.p,
        av.gap = round(av.gap / quantity, 2),
        diff = av.clv - av.cac
    )

# 1. Structure of averages and comparison cohorts

ggplot(lcg.coh, aes(x = cohort, fill = cohort)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(aes(y = diff), stat = 'identity', alpha = 0.5) +
    geom_text(aes(y = diff, label = round(diff, 0)), size = 4) +
    facet_grid(segm.freq ~ segm.rec) +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = .5,
        vjust = .5,
        face = "plain"
    )) +
    ggtitle("Cohorts in LifeCycle Grids - difference between av.CLV to date and av.CAC")

ggplot(lcg.coh, aes(x = cohort, fill = cohort)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(aes(y = av.clv.tot), stat = 'identity', alpha = 0.2) +
    geom_text(aes(
        y = av.clv.tot + 10,
        label = round(av.clv.tot, 0),
        color = cohort
    ), size = 4) +
    geom_bar(aes(y = av.clv), stat = 'identity', alpha = 0.7) +
    geom_errorbar(aes(y = av.cac, ymax = av.cac, ymin = av.cac),
                  color = 'red',
                  size = 1.2) +
    geom_text(
        aes(y = av.cac, label = round(av.cac, 0)),
        size = 4,
        color = 'darkred',
        vjust = -.5
    ) +
    facet_grid(segm.freq ~ segm.rec) +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = .5,
        vjust = .5,
        face = "plain"
    )) +
    ggtitle("Cohorts in LifeCycle Grids - total av.CLV and av.CAC")

# 2. Analyzing customer flows
# customers flows analysis (FPD cohorts)

# defining cohort and reporting dates
coh <- '2012-09'
report.dates <- c('2012-10-01', '2013-01-01', '2013-04-01')
report.dates <- as.Date(report.dates, format = '%Y-%m-%d')

# defining segments for each cohort's customer for reporting dates
df.sankey <- data.frame()

for (i in 1:length(report.dates)) {
    orders.cache <- orders %>%
        filter(orderdate < report.dates[i])

    customers.cache <- orders.cache %>%
        select(-product,-grossmarg) %>%
        unique() %>%
        group_by(clientId) %>%
        mutate(
            frequency = n(),
            recency = as.numeric(report.dates[i] - max(orderdate)),
            cohort = format(min(orderdate), format = '%Y-%m')
        ) %>%
        ungroup() %>%
        select(clientId, frequency, recency, cohort) %>%
        unique() %>%
        filter(cohort == coh) %>%
        mutate(segm.freq = ifelse(
            between(frequency, 1, 1),
            '1 purch',
            ifelse(
                between(frequency, 2, 2),
                '2 purch',
                ifelse(
                    between(frequency, 3, 3),
                    '3 purch',
                    ifelse(
                        between(frequency, 4, 4),
                        '4 purch',
                        ifelse(between(frequency, 5, 5), '5 purch', '>5 purch')
                    )
                )
            )
        )) %>%
        mutate(segm.rec = ifelse(
            between(recency, 0, 30),
            '0-30 days',
            ifelse(
                between(recency, 31, 60),
                '31-60 days',
                ifelse(
                    between(recency, 61, 90),
                    '61-90 days',
                    ifelse(
                        between(recency, 91, 120),
                        '91-120 days',
                        ifelse(between(recency, 121, 180), '121-180 days', '>180 days')
                    )
                )
            )
        )) %>%
        mutate(
            cohort.segm = paste(cohort, segm.rec, segm.freq, sep = ' : '),
            report.date = report.dates[i]
        ) %>%
        select(clientId, cohort.segm, report.date)

    df.sankey <- rbind(df.sankey, customers.cache)
}

# processing data for Sankey diagram format
df.sankey <-
    dcast(df.sankey,
          clientId ~ report.date,
          value.var = 'cohort.segm',
          fun.aggregate = NULL)
write.csv(df.sankey, 'customers_path.csv', row.names = FALSE)
df.sankey <- df.sankey %>% select(-clientId)

df.sankey.plot <- data.frame()
for (i in 2:ncol(df.sankey)) {
    df.sankey.cache <- df.sankey %>%
        group_by(df.sankey[, i - 1], df.sankey[, i]) %>%
        summarise(n = n()) %>%
        ungroup()

    colnames(df.sankey.cache)[1:2] <- c('from', 'to')

    df.sankey.cache$from <-
        paste(df.sankey.cache$from, ' (', report.dates[i - 1], ')', sep = '')
    df.sankey.cache$to <-
        paste(df.sankey.cache$to, ' (', report.dates[i], ')', sep = '')

    df.sankey.plot <- rbind(df.sankey.plot, df.sankey.cache)
}

# plotting
make_sankey(df.sankey.plot)

# purchasing pace

ggplot(lcg.coh, aes(x = cohort, fill = cohort)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(aes(y = av.gap), stat = 'identity', alpha = 0.6) +
    geom_text(aes(y = av.gap, label = round(av.gap, 0)), size = 4) +
    facet_grid(segm.freq ~ segm.rec) +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = .5,
        vjust = .5,
        face = "plain"
    )) +
    ggtitle("Cohorts in LifeCycle Grids - average time lapses between purchases")






32.4.2.2.2 Campaign Cohorts

Reindexing the same machinery by acquisition campaign rather than first-purchase month answers a different question: which campaigns recruited customers whose realized value justifies their acquisition cost, and at what purchasing pace. The plots below report, by campaign, the CLV-minus-CAC gap, total realized-plus-potential value against CAC, and the average gap between purchases.


# campaign cohorts
lcg.camp <- customers %>%
    group_by(campaign, segm.rec, segm.freq) %>%
    # calculating cumulative values
    summarise(
        quantity = n(),
        cac = sum(cac),
        clv = sum(clv),
        clv.p = sum(clv.p),
        av.gap = sum(av.gap)
    ) %>%
    ungroup() %>%
    # calculating average values
    mutate(
        av.cac = round(cac / quantity, 2),
        av.clv = round(clv / quantity, 2),
        av.clv.p = round(clv.p / quantity, 2),
        av.clv.tot = av.clv + av.clv.p,
        av.gap = round(av.gap / quantity, 2),
        diff = av.clv - av.cac
    )

ggplot(lcg.camp, aes(x = campaign, fill = campaign)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(aes(y = diff), stat = 'identity', alpha = 0.5) +
    geom_text(aes(y = diff, label = round(diff, 0)), size = 4) +
    facet_grid(segm.freq ~ segm.rec) +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = .5,
        vjust = .5,
        face = "plain"
    )) +
    ggtitle("Campaigns in LifeCycle Grids - difference between av.CLV to date and av.CAC")

ggplot(lcg.camp, aes(x = campaign, fill = campaign)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(aes(y = av.clv.tot), stat = 'identity', alpha = 0.2) +
    geom_text(aes(
        y = av.clv.tot + 10,
        label = round(av.clv.tot, 0),
        color = campaign
    ), size = 4) +
    geom_bar(aes(y = av.clv), stat = 'identity', alpha = 0.7) +
    geom_errorbar(aes(y = av.cac, ymax = av.cac, ymin = av.cac),
                  color = 'red',
                  size = 1.2) +
    geom_text(
        aes(y = av.cac, label = round(av.cac, 0)),
        size = 4,
        color = 'darkred',
        vjust = -.5
    ) +
    facet_grid(segm.freq ~ segm.rec) +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = .5,
        vjust = .5,
        face = "plain"
    )) +
    ggtitle("Campaigns in LifeCycle Grids - total av.CLV and av.CAC")

ggplot(lcg.camp, aes(x = campaign, fill = campaign)) +
    theme_bw() +
    theme(panel.grid = element_blank()) +
    geom_bar(aes(y = av.gap), stat = 'identity', alpha = 0.6) +
    geom_text(aes(y = av.gap, label = round(av.gap, 0)), size = 4) +
    facet_grid(segm.freq ~ segm.rec) +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = .5,
        vjust = .5,
        face = "plain"
    )) +
    ggtitle("Campaigns in LifeCycle Grids - average time lapses between purchases")
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Figure 32.24: Campaign cohorts on the lifecycle grid: profitability gap, total value against acquisition cost, and purchasing pace by acquisition campaign.
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Figure 32.25: Campaign cohorts on the lifecycle grid: profitability gap, total value against acquisition cost, and purchasing pace by acquisition campaign.
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Figure 32.26: Campaign cohorts on the lifecycle grid: profitability gap, total value against acquisition cost, and purchasing pace by acquisition campaign.










32.4.2.2.3 Retention Rate

The retention rate is the share of a cohort still active after a given lifetime interval. For cohort cc with Nc,0N_{c,0} members at acquisition and Nc,τN_{c,\tau} active at lifetime τ\tau, the retention rate is Nc,τ/Nc,0N_{c,\tau}/N_{c,0}, and the period-over-period rate is Nc,τ/Nc,τ−1N_{c,\tau}/N_{c,\tau-1}. Plotting retention as a cycle plot, with seasonality (a simulated Black Friday bump) baked into the data, separates genuine cohort-quality differences from calendar effects, as the cycle plots below show.


# loading libraries
library(dplyr)
library(reshape2)
library(ggplot2)
library(scales)
library(gridExtra)
# creating data sample
set.seed(10)
cohorts <-
    data.frame(
        cohort = paste('cohort', formatC(
            c(1:36),
            width = 2,
            format = 'd',
            flag = '0'
        ), sep = '_'),
        Y_00 = sample(c(1300:1500), 36, replace = TRUE),
        Y_01 = c(sample(c(800:1000), 36, replace = TRUE)),
        Y_02 = c(sample(c(600:800), 24, replace = TRUE), rep(NA, 12)),
        Y_03 = c(sample(c(400:500), 12, replace = TRUE), rep(NA, 24))
    )
# simulating seasonality (Black Friday)
cohorts[c(11, 23, 35), 2] <-
    as.integer(cohorts[c(11, 23, 35), 2] * 1.25)
cohorts[c(11, 23, 35), 3] <-
    as.integer(cohorts[c(11, 23, 35), 3] * 1.10)
cohorts[c(11, 23, 35), 4] <-
    as.integer(cohorts[c(11, 23, 35), 4] * 1.07)

# calculating retention rate and preparing data for plotting
df_plot <-
    reshape2::melt(
        cohorts,
        id.vars = 'cohort',
        value.name = 'number',
        variable.name = "year_of_LT"
    )

df_plot <- df_plot %>%
    group_by(cohort) %>%
    arrange(year_of_LT) %>%
    mutate(number_prev_year = lag(number),
           number_Y_00 = number[which(year_of_LT == 'Y_00')]) %>%
    ungroup() %>%
    mutate(
        ret_rate_prev_year = number / number_prev_year,
        ret_rate = number / number_Y_00,
        year_cohort = paste(year_of_LT, cohort, sep = '-')
    )

##### The first way for plotting cycle plot via scaling
# calculating the coefficient for scaling 2nd axis
k <-
    max(df_plot$number_prev_year[df_plot$year_of_LT == 'Y_01'] * 1.15) / min(df_plot$ret_rate[df_plot$year_of_LT == 'Y_01'])

# retention rate cycle plot
ggplot(
    na.omit(df_plot),
    aes(
        x = year_cohort,
        y = ret_rate,
        group = year_of_LT,
        color = year_of_LT
    )
) +
    theme_bw() +
    geom_point(size = 4) +
    geom_text(
        aes(label = percent(round(ret_rate, 2))),
        size = 4,
        hjust = 0.4,
        vjust = -0.6,
        fontface = "plain"
    ) +
    # smooth method can be changed (e.g. for "lm")
    geom_smooth(
        size = 2.5,
        method = 'loess',
        color = 'darkred',
        aes(fill = year_of_LT)
    ) +
    geom_bar(aes(y = number_prev_year / k, fill = year_of_LT),
             alpha = 0.2,
             stat = 'identity') +
    geom_bar(aes(y = number / k, fill = year_of_LT),
             alpha = 0.6,
             stat = 'identity') +
    geom_text(
        aes(y = 0, label = cohort),
        color = 'white',
        angle = 90,
        size = 4,
        hjust = -0.05,
        vjust = 0.4
    ) +
    geom_text(
        aes(y = number_prev_year / k, label = number_prev_year),
        angle = 90,
        size = 4,
        hjust = -0.1,
        vjust = 0.4
    ) +
    geom_text(
        aes(y = number / k, label = number),
        angle = 90,
        size = 4,
        hjust = -0.1,
        vjust = 0.4
    ) +
    theme(
        legend.position = 'none',
        plot.title = element_text(size = 20, face = "bold", vjust = 2),
        axis.title.x = element_text(size = 18, face = "bold"),
        axis.title.y = element_text(size = 18, face = "bold"),
        axis.text = element_text(size = 16),
        axis.text.x = element_blank(),
        axis.ticks.x = element_blank(),
        axis.ticks.y = element_blank(),
        panel.border = element_blank(),
        panel.grid.major = element_blank(),
        panel.grid.minor = element_blank()
    ) +
    labs(x = 'Year of Lifetime by Cohorts', y = 'Number of Customers / Retention Rate') +
    ggtitle("Customer Retention Rate - Cycle plot")

##### The second way for plotting cycle plot via multi-plotting
# plot #1 - Retention rate
p1 <-
    ggplot(
        na.omit(df_plot),
        aes(
            x = year_cohort,
            y = ret_rate,
            group = year_of_LT,
            color = year_of_LT
        )
    ) +
    theme_bw() +
    geom_point(size = 4) +
    geom_text(
        aes(label = percent(round(ret_rate, 2))),
        size = 4,
        hjust = 0.4,
        vjust = -0.6,
        fontface = "plain"
    ) +
    geom_smooth(
        size = 2.5,
        method = 'loess',
        color = 'darkred',
        aes(fill = year_of_LT)
    ) +
    theme(
        legend.position = 'none',
        plot.title = element_text(size = 20, face = "bold", vjust = 2),
        axis.title.x = element_blank(),
        axis.title.y = element_text(size = 18, face = "bold"),
        axis.text = element_blank(),
        axis.ticks.x = element_blank(),
        axis.ticks.y = element_blank(),
        panel.border = element_blank(),
        panel.grid.major = element_blank(),
        panel.grid.minor = element_blank()
    ) +
    labs(y = 'Retention Rate') +
    ggtitle("Customer Retention Rate - Cycle plot")

# plot #2 - number of customers
p2 <-
    ggplot(na.omit(df_plot),
           aes(x = year_cohort, group = year_of_LT, color = year_of_LT)) +
    theme_bw() +
    geom_bar(aes(y = number_prev_year, fill = year_of_LT),
             alpha = 0.2,
             stat = 'identity') +
    geom_bar(aes(y = number, fill = year_of_LT),
             alpha = 0.6,
             stat = 'identity') +
    geom_text(
        aes(y = number_prev_year, label = number_prev_year),
        angle = 90,
        size = 4,
        hjust = -0.1,
        vjust = 0.4
    ) +
    geom_text(
        aes(y = number, label = number),
        angle = 90,
        size = 4,
        hjust = -0.1,
        vjust = 0.4
    ) +
    geom_text(
        aes(y = 0, label = cohort),
        color = 'white',
        angle = 90,
        size = 4,
        hjust = -0.05,
        vjust = 0.4
    ) +
    theme(
        legend.position = 'none',
        plot.title = element_text(size = 20, face = "bold", vjust = 2),
        axis.title.x = element_text(size = 18, face = "bold"),
        axis.title.y = element_text(size = 18, face = "bold"),
        axis.text = element_blank(),
        axis.ticks.x = element_blank(),
        axis.ticks.y = element_blank(),
        panel.border = element_blank(),
        panel.grid.major = element_blank(),
        panel.grid.minor = element_blank()
    ) +
    scale_y_continuous(limits = c(0, max(df_plot$number_Y_00 * 1.1))) +
    labs(x = 'Year of Lifetime by Cohorts', y = 'Number of Customers')

# multiplot
grid.arrange(p1, p2, ncol = 1)
# retention rate bubble chart
ggplot(na.omit(df_plot),
       aes(
           x = cohort,
           y = ret_rate,
           group = cohort,
           color = year_of_LT
       )) +
    theme_bw() +
    scale_size(range = c(15, 40)) +
    geom_line(size = 2, alpha = 0.3) +
    geom_point(aes(size = number_prev_year), alpha = 0.3) +
    geom_point(aes(size = number), alpha = 0.8) +
    geom_smooth(
        linetype = 2,
        size = 2,
        method = 'loess',
        aes(group = year_of_LT, fill = year_of_LT),
        alpha = 0.2
    ) +
    geom_text(
        aes(label = paste0(
            number, '/', number_prev_year, '\n', percent(round(ret_rate, 2))
        )),
        color = 'white',
        size = 3,
        hjust = 0.5,
        vjust = 0.5,
        fontface = "plain"
    ) +
    theme(
        legend.position = 'none',
        plot.title = element_text(size = 20, face = "bold", vjust = 2),
        axis.title.x = element_text(size = 18, face = "bold"),
        axis.title.y = element_text(size = 18, face = "bold"),
        axis.text = element_text(size = 16),
        axis.text.x = element_text(
            size = 10,
            angle = 90,
            hjust = .5,
            vjust = .5,
            face = "plain"
        ),
        axis.ticks.x = element_blank(),
        axis.ticks.y = element_blank(),
        panel.border = element_blank(),
        panel.grid.major = element_blank(),
        panel.grid.minor = element_blank()
    ) +
    labs(x = 'Cohorts', y = 'Retention Rate by Year of Lifetime') +
    ggtitle("Customer Retention Rate - Bubble chart")

# retention rate falling drops chart
ggplot(df_plot,
       aes(
           x = cohort,
           y = ret_rate,
           group = cohort,
           color = year_of_LT
       )) +
    theme_bw() +
    scale_size(range = c(15, 40)) +
    scale_y_continuous(limits = c(0, 1)) +
    geom_line(size = 2, alpha = 0.3) +
    geom_point(aes(size = number), alpha = 0.8) +
    geom_text(
        aes(label = paste0(number, '\n', percent(round(
            ret_rate, 2
        )))),
        color = 'white',
        size = 3,
        hjust = 0.5,
        vjust = 0.5,
        fontface = "plain"
    ) +
    theme(
        legend.position = 'none',
        plot.title = element_text(size = 20, face = "bold", vjust = 2),
        axis.title.x = element_text(size = 18, face = "bold"),
        axis.title.y = element_text(size = 18, face = "bold"),
        axis.text = element_text(size = 16),
        axis.text.x = element_text(
            size = 10,
            angle = 90,
            hjust = .5,
            vjust = .5,
            face = "plain"
        ),
        axis.ticks.x = element_blank(),
        axis.ticks.y = element_blank(),
        panel.border = element_blank(),
        panel.grid.major = element_blank(),
        panel.grid.minor = element_blank()
    ) +
    labs(x = 'Cohorts', y = 'Retention Rate by Year of Lifetime') +
    ggtitle("Customer Retention Rate - Falling Drops chart")
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Figure 32.27: Customer retention rate as a cycle plot and as bars of cohort size by year of lifetime, with simulated seasonality. Smoothed trends separate cohort-quality differences from calendar effects.
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Figure 32.28: Customer retention rate as a cycle plot and as bars of cohort size by year of lifetime, with simulated seasonality. Smoothed trends separate cohort-quality differences from calendar effects.
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Figure 32.29: Customer retention rate as a cycle plot and as bars of cohort size by year of lifetime, with simulated seasonality. Smoothed trends separate cohort-quality differences from calendar effects.
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Figure 32.30: Customer retention rate as a cycle plot and as bars of cohort size by year of lifetime, with simulated seasonality. Smoothed trends separate cohort-quality differences from calendar effects.










32.4.2.2.4 Retention Charts

The canonical retention triangle arranges cohorts in rows and lifetime months in columns, so that each diagonal corresponds to a calendar period and each row traces a cohort’s decay. The panels below assemble these views. Normalizing every row by its first-month count converts raw counts to retention ratios; the dynamics, second-month, and cycle-plot views then interrogate the triangle from complementary angles.


# libraries
library(dplyr)
library(ggplot2)
library(reshape2)

cohort.clients <- data.frame(
    cohort = c(
        'Cohort01',
        'Cohort02',
        'Cohort03',
        'Cohort04',
        'Cohort05',
        'Cohort06',
        'Cohort07',
        'Cohort08',
        'Cohort09',
        'Cohort10',
        'Cohort11',
        'Cohort12'
    ),
    M01 = c(11000, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0),
    M02 = c(1900, 10000, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0),
    M03 = c(1400, 2000, 11500, 0, 0, 0, 0, 0, 0, 0, 0, 0),
    M04 = c(1100, 1300, 2400, 13200, 0, 0, 0, 0, 0, 0, 0, 0),
    M05 = c(1000, 1100, 1400, 2400, 11100, 0, 0, 0, 0, 0, 0, 0),
    M06 = c(900, 900, 1200, 1600, 1900, 10300, 0, 0, 0, 0, 0, 0),
    M07 = c(850, 900, 1100, 1300, 1300, 1900, 13000, 0, 0, 0, 0, 0),
    M08 = c(850, 850, 1000, 1200, 1100, 1300, 1900, 11500, 0, 0, 0, 0),
    M09 = c(800, 800, 950, 1100, 1100, 1250, 1000, 1200, 11000, 0, 0, 0),
    M10 = c(800, 780, 900, 1050, 1050, 1200, 900, 1200, 1900, 13200, 0, 0),
    M11 = c(750, 750, 900, 1000, 1000, 1180, 800, 1100, 1150, 2000, 11300, 0),
    M12 = c(740, 700, 870, 1000, 900, 1100, 700, 1050, 1025, 1300, 1800, 20000)
)

cohort.clients.r <- cohort.clients #create new data frame
totcols <-
    ncol(cohort.clients.r) #count number of columns in data set
for (i in 1:nrow(cohort.clients.r)) {
    #for loop for shifting each row
    df <- cohort.clients.r[i,] #select row from data frame
    df <- df[, !df[] == 0] #remove columns with zeros
    partcols <-
        ncol(df) #count number of columns in row (w/o zeros)
    #fill columns after values by zeros
    if (partcols < totcols)
        df[, c((partcols + 1):totcols)] <- 0
    cohort.clients.r[i,] <- df #replace initial row by new one
}
# Retention ratio = # clients in particular month / # clients in 1st month of life-time

#calculate retention (1)
x <- cohort.clients.r[, c(2:13)]
y <- cohort.clients.r[, 2]
reten.r <- apply(x, 2, function(x)
    x / y)
reten.r <- data.frame(cohort = (cohort.clients.r$cohort), reten.r)

#calculate retention (2)
c <- ncol(cohort.clients.r)
reten.r <- cohort.clients.r
for (i in 2:c) {
    reten.r[, (c + i - 1)] <- reten.r[, i] / reten.r[, 2]
}
reten.r <- reten.r[,-c(2:c)]
colnames(reten.r) <- colnames(cohort.clients.r)




#charts
reten.r <- reten.r[,-2] #remove M01 data because it is always 100%
#dynamics analysis chart
cohort.chart1 <- melt(reten.r, id.vars = 'cohort')
colnames(cohort.chart1) <- c('cohort', 'month', 'retention')
cohort.chart1 <- filter(cohort.chart1, retention != 0)
p <-
    ggplot(cohort.chart1,
           aes(
               x = month,
               y = retention,
               group = cohort,
               colour = cohort
           ))
p + geom_line(size = 2, alpha = 1 / 2) +
    geom_point(size = 3, alpha = 1) +
    geom_smooth(
        aes(group = 1),
        method = 'loess',
        size = 2,
        colour = 'red',
        se = FALSE
    ) +
    labs(title = "Cohorts Retention ratio dynamics")

#second month analysis chart
cohort.chart2 <-
    filter(cohort.chart1, month == 'M02') #choose any month instead of M02
p <-
    ggplot(cohort.chart2, aes(x = cohort, y = retention, colour = cohort))
p + geom_point(size = 3) +
    geom_line(aes(group = 1), size = 2, alpha = 1 / 2) +
    geom_smooth(
        aes(group = 1),
        size = 2,
        colour = 'red',
        method = 'lm',
        se = FALSE
    ) +
    labs(title = "Cohorts Retention ratio for 2nd month")
#cycle plot
cohort.chart3 <- cohort.chart1
cohort.chart3 <-
    mutate(cohort.chart3, month_cohort = paste(month, cohort))
p <-
    ggplot(cohort.chart3,
           aes(
               x = month_cohort,
               y = retention,
               group = month,
               colour = month
           ))
#choose any cohorts instead of Cohort07 and Cohort06
m1 <- filter(cohort.chart3, cohort == 'Cohort07')
m2 <- filter(cohort.chart3, cohort == 'Cohort06')
p + geom_point(size = 3) +
    geom_line(aes(group = month), size = 2, alpha = 1 / 2) +
    labs(title = "Cohorts Retention ratio cycle plot") +
    geom_line(
        data = m1,
        aes(group = 1),
        colour = 'blue',
        size = 2,
        alpha = 1 / 5
    ) +
    geom_line(
        data = m2,
        aes(group = 1),
        colour = 'blue',
        size = 2,
        alpha = 1 / 5
    ) +
    theme(axis.text.x = element_text(angle = 90, hjust = 1))
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Figure 32.31: Retention triangle analyses: ratio dynamics across lifetime months, a single-month cross-cohort comparison, and a cycle plot highlighting two reference cohorts.
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Figure 32.32: Retention triangle analyses: ratio dynamics across lifetime months, a single-month cross-cohort comparison, and a cycle plot highlighting two reference cohorts.
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Figure 32.33: Retention triangle analyses: ratio dynamics across lifetime months, a single-month cross-cohort comparison, and a cycle plot highlighting two reference cohorts.











32.4.2.3 Lifecycle-Phase Sequence Analysis

The final lifecycle device borrows sequence analysis from the social sciences to study the order in which customers pass through lifecycle states (new, engaged, best, and their at-risk and former counterparts). The goal is to identify the path patterns characteristic of each cohort and to surface the cohorts that acquired customers on the trajectory the firm prefers, so offers can be targeted accordingly. Each customer is assigned a lifecycle state at a sequence of reporting dates, the states are encoded as a sequence object with TraMineR::seqdef(), and the most frequent sequences are plotted by campaign and by first-purchase cohort.


library(TraMineR)

min.date <- min(orders$orderdate)
max.date <- max(orders$orderdate)

l <-
    c(seq(0, as.numeric(max.date - min.date), 10), as.numeric(max.date - min.date))

df <- data.frame()
for (i in l) {
    cur.date <- min.date + i
    print(cur.date)

    orders.cache <- orders %>%
        filter(orderdate <= cur.date)

    customers.cache <- orders.cache %>%
        select(-product,-grossmarg) %>%
        unique() %>%
        group_by(clientId) %>%
        mutate(frequency = n(),
               recency = as.numeric(cur.date - max(orderdate))) %>%
        ungroup() %>%
        select(clientId, frequency, recency) %>%
        unique() %>%

        mutate(segm =
                   ifelse(
                       between(frequency, 1, 2) & between(recency, 0, 60),
                       'new customer',
                       ifelse(
                           between(frequency, 1, 2) &
                               between(recency, 61, 180),
                           'under risk new customer',
                           ifelse(
                               between(frequency, 1, 2) & recency > 180,
                               '1x buyer',

                               ifelse(
                                   between(frequency, 3, 4) &
                                       between(recency, 0, 60),
                                   'engaged customer',
                                   ifelse(
                                       between(frequency, 3, 4) &
                                           between(recency, 61, 180),
                                       'under risk engaged customer',
                                       ifelse(
                                           between(frequency, 3, 4) & recency > 180,
                                           'former engaged customer',

                                           ifelse(
                                               frequency > 4 & between(recency, 0, 60),
                                               'best customer',
                                               ifelse(
                                                   frequency > 4 &
                                                       between(recency, 61, 180),
                                                   'under risk best customer',
                                                   ifelse(frequency > 4 &
                                                              recency > 180, 'former best customer', NA)
                                               )
                                           )
                                       )
                                   )
                               )
                           )
                       )
                   )) %>%

        mutate(report.date = i) %>%
        select(clientId, segm, report.date)

    df <- rbind(df, customers.cache)
}

# converting data to the sequence format
df <-
    dcast(df,
          clientId ~ report.date,
          value.var = 'segm',
          fun.aggregate = NULL)
df.seq <- seqdef(df,
                 2:ncol(df),
                 left = 'DEL',
                 right = 'DEL',
                 xtstep = 10)

# creating df with first purch.date and campaign cohort features
feat <- df %>% select(clientId)
feat <- merge(feat, campaign[, 1:2], by = 'clientId')
feat <- merge(feat, customers[, 1:2], by = 'clientId')

par(mar = c(1, 1, 1, 1))

# plotting the 10 most frequent sequences based on campaign
seqfplot(df.seq, border = NA, group = feat$campaign)

# plotting the 10 most frequent sequences based on campaign
seqfplot(
    df.seq,
    border = NA,
    group = feat$campaign,
    cex.legend = 0.9
)

# plotting the 10 most frequent sequences based on first purch.date cohort
coh.list <- sort(unique(feat$cohort))
# defining cohorts for plotting
feat.coh.list <- feat[feat$cohort %in% coh.list[1:6] ,]
df.coh <- df %>% filter(clientId %in% c(feat.coh.list$clientId))
df.seq.coh <-
    seqdef(
        df.coh,
        2:ncol(df.coh),
        left = 'DEL',
        right = 'DEL',
        xtstep = 10
    )
seqfplot(
    df.seq.coh,
    border = NA,
    group = feat.coh.list$cohort,
    cex.legend = 0.9
)








32.5 Basket and Sequence Analysis

The models so far summarize whether and when customers buy. Basket analysis turns to what they buy together, and sequence analysis to in what order they buy across visits. Both inform cross-sell, merchandising, and churn detection.


32.5.1 Multi-Layer Pie Chart of Baskets

The first device, following Sergey Bryl, visualizes the co-occurrence structure of products within carts as a set of concentric rings—an innermost ring for single-product carts and outer rings for each additional product—so that the most common product combinations are read off as the widest arcs. We simulate orders of up to five products and reduce each order to a unique set of products.


# loading libraries
library(dplyr)
library(tidyverse)
library(reshape2)
library(plotrix)

# Simulate of orders
set.seed(15)
df <- data.frame(
    orderId = sample(c(1:1000), 5000, replace = TRUE),
    product = sample(
        c('NULL', 'a', 'b', 'c', 'd'),
        5000,
        replace = TRUE,
        prob = c(0.15, 0.65, 0.3, 0.15, 0.1)
    )
)
df <- df[df$product != 'NULL',]
head(df)
#>   orderId product
#> 1     549       b
#> 3     874       a
#> 4     674       d
#> 5     505       a
#> 6     294       a
#> 7     177       a




Each order is collapsed into a delimited cart string with a count of distinct products, and carts are tallied, so the analysis operates on cart types rather than individual orders.


# processing initial data
# we need to be sure that product's names are unique
df$product <- paste0("#", df$product, "#")

prod.matrix <- df %>%
    # removing duplicated products from each order (exclude the effect of quantity)
    group_by(orderId, product) %>%
    arrange(product) %>%
    unique() %>%
    # combining products to cart and calculating number of products
    group_by(orderId) %>%
    summarise(cart = paste(product, collapse = ";"),
              prod.num = n()) %>%
    # calculating number of carts
    group_by(cart, prod.num) %>%
    summarise(num = n()) %>%
    ungroup()

head(prod.matrix)
#> # A tibble: 6 × 3
#>   cart            prod.num   num
#>   <chr>              <int> <int>
#> 1 #a#                    1   115
#> 2 #a#;#b#                2   248
#> 3 #a#;#b#;#c#            3   172
#> 4 #a#;#b#;#c#;#d#        4    78
#> 5 #a#;#b#;#d#            3   119
#> 6 #a#;#c#                2    98




Splitting single-product from multi-product carts sets up the layered geometry of Figure 32.34: the inner ring is reserved for one-product carts and successive outer rings encode the presence of each additional product.


# calculating total number of orders/carts
tot <- sum(prod.matrix$num)

# spliting orders for sets with 1 product and more than 1 product
one.prod <- prod.matrix %>% filter(prod.num == 1)

sev.prod <- prod.matrix %>%
    filter(prod.num > 1) %>%
    arrange(desc(prod.num))





# defining parameters for pie chart
iniR <- 0.2 # initial radius
cols <- c(
    "#ffffff",
    "#fec44f",
    "#fc9272",
    "#a1d99b",
    "#fee0d2",
    "#2ca25f",
    "#8856a7",
    "#43a2ca",
    "#fdbb84",
    "#e34a33",
    "#a6bddb",
    "#dd1c77",
    "#ffeda0",
    "#756bb1"
)
prod <- df %>%
    select(product) %>%
    arrange(product) %>%
    unique()
prod <- c('NO', c(prod$product))
colors <- as.list(setNames(cols[c(1:(length(prod)))], prod))





# 0 circle: blank
pie(
    1,
    radius = iniR,
    init.angle = 90,
    col = c('white'),
    border = NA,
    labels = ''
)

# drawing circles from last to 2nd
for (i in length(prod):2) {
    p <- grep(prod[i], sev.prod$cart)
    col <- rep('NO', times = nrow(sev.prod))
    col[p] <- prod[i]
    floating.pie(
        0,
        0,
        c(sev.prod$num, tot - sum(sev.prod$num)),
        radius = (1 + i) * iniR,
        startpos = pi / 2,
        col = as.character(colors [c(col, 'NO')]),
        border = "#44aaff"
    )
}

# 1 circle: orders with 1 product
floating.pie(
    0,
    0,
    c(tot - sum(one.prod$num), one.prod$num),
    radius = 2 * iniR,
    startpos = pi / 2,
    col = as.character(colors [c('NO', one.prod$cart)]),
    border = "#44aaff"
)

# legend
legend(
    1.5,
    2 * iniR,
    gsub("_", " ", names(colors)[-1]),
    col = as.character(colors [-1]),
    pch = 19,
    bty = 'n',
    ncol = 1
)
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Figure 32.34: Multi-layer pie chart of shopping carts. The inner ring shows single-product carts; each outer ring encodes the presence of an additional product, so the widest arcs are the most common combinations.








A companion statistics table records each cart type’s count and share, ranking the combinations by prevalence.


# creating a table with the stats
stat.tab <- prod.matrix %>%
    select(-prod.num) %>%
    mutate(share = num / tot) %>%
    arrange(desc(num))

library(scales)
stat.tab$share <-
    percent(stat.tab$share) # converting values to percents






32.5.2 Sankey Diagram of Order Sequences

A Sankey diagram visualizes flows: here, how customers move from one order’s cart composition to the next across successive purchases, with band width proportional to the number of customers following each transition. Carts are simulated, concatenated into per-order strings, pivoted so each customer’s successive orders sit in adjacent columns, and the transitions between consecutive orders are tallied as flow weights and rendered in ?@fig-basket-sankey.


# loading libraries
library(networkD3)
library(dplyr)
library(reshape2)

# creating an example of orders
set.seed(15)
df <- data.frame(
    orderId = c(1:1000),
    clientId = sample(c(1:300), 1000, replace = TRUE),
    prod1 = sample(
        c('NULL', 'a'),
        1000,
        replace = TRUE,
        prob = c(0.15, 0.5)
    ),
    prod2 = sample(
        c('NULL', 'b'),
        1000,
        replace = TRUE,
        prob = c(0.15, 0.3)
    ),
    prod3 = sample(
        c('NULL', 'c'),
        1000,
        replace = TRUE,
        prob = c(0.15, 0.2)
    )
)

# combining products
df$cart <- paste(df$prod1, df$prod2, df$prod3, sep = ';')
df$cart <- gsub('NULL;|;NULL', '', df$cart)
df <- df[df$cart != 'NULL',]

df <- df %>%
    select(orderId, clientId, cart) %>%
    arrange(clientId, orderId, cart)

head(df)
#>   orderId clientId  cart
#> 1     181        1     b
#> 2     282        1     a
#> 3     748        1 a;b;c
#> 4      27        2   a;b
#> 5     209        2   b;c
#> 6     244        2 a;b;c

orders <- df %>%
    group_by(clientId) %>%
    mutate(n.ord = paste('ord', c(1:n()), sep = '')) %>%
    ungroup()

head(orders)
#> # A tibble: 6 × 4
#>   orderId clientId cart  n.ord
#>     <int>    <int> <chr> <chr>
#> 1     181        1 b     ord1 
#> 2     282        1 a     ord2 
#> 3     748        1 a;b;c ord3 
#> 4      27        2 a;b   ord1 
#> 5     209        2 b;c   ord2 
#> 6     244        2 a;b;c ord3

orders <-
    dcast(orders,
          clientId ~ n.ord,
          value.var = 'cart',
          fun.aggregate = NULL)


# choose a number of carts/orders in the sequence we want to analyze
orders <- orders %>%
    select(ord1, ord2, ord3, ord4, ord5)

orders.plot <- data.frame()

for (i in 2:ncol(orders)) {
    ord.cache <- orders %>%
        group_by(orders[, i - 1], orders[, i]) %>%
        summarise(n = n()) %>%
        ungroup()

    colnames(ord.cache)[1:2] <- c('from', 'to')

    # adding tags to carts
    ord.cache$from <- paste(ord.cache$from, '(', i - 1, ')', sep = '')
    ord.cache$to <- paste(ord.cache$to, '(', i, ')', sep = '')

    orders.plot <- rbind(orders.plot, ord.cache)

}

make_sankey(orders.plot)






32.5.3 In-Depth Sequence Analysis

Sequence analysis proper, again following Bryl, treats each customer’s ordered series of carts (interleaved with a synthetic no-purchase spell to mark dormancy) as a categorical sequence amenable to the descriptive and information-theoretic tools of TraMineR. The aim is to understand purchasing behavior and churn: whether a customer has lapsed, and how long the gaps between purchases run. We simulate orders with products, clients, gender, and dates, then build per-client cart sequences and append a no-purchase spell whose length is keyed to the customer’s own average inter-purchase interval.


library(dplyr)
library(TraMineR)
library(reshape2)
library(networkD3)

# creating an example of shopping carts
set.seed(10)
data <- data.frame(
    orderId = sample(c(1:1000), 5000, replace = TRUE),
    product = sample(
        c('NULL', 'a', 'b', 'c'), # assume we have only 3 products
        5000,
        replace = TRUE,
        prob = c(0.15, 0.65, 0.3, 0.15)
    )
)

# we also know customers' purchase order
order <- data.frame(orderId = c(1:1000),
                    clientId = sample(c(1:300), 1000, replace = TRUE))

# suppose we know customers' gender
sex <- data.frame(clientId = c(1:300),
                  sex = sample(
                      c('male', 'female'),
                      300,
                      replace = TRUE,
                      prob = c(0.40, 0.60)
                  ))


date <- data.frame(orderId = c(1:1000),
                   orderdate = sample((1:90), 1000, replace = TRUE))
orders <- merge(data, order, by = 'orderId')
orders <- merge(orders, sex, by = 'clientId')
orders <- merge(orders, date, by = 'orderId')
orders <- orders[orders$product != 'NULL',]
orders$orderdate <- as.Date(orders$orderdate, origin = "2012-01-01")
rm(data, date, order, sex)

head(orders)
#>   orderId clientId product    sex  orderdate
#> 1       1      204       a female 2012-02-11
#> 2       1      204       a female 2012-02-11
#> 3       1      204       a female 2012-02-11
#> 4       1      204       a female 2012-02-11
#> 5       2       71       a   male 2012-02-27
#> 6       2       71       a   male 2012-02-27

# combining products to the cart (include cases where customers make 2 visits in a day)
df <- orders %>%
    arrange(product) %>%
    select(-orderId) %>%
    unique() %>%
    group_by(clientId, sex, orderdate) %>%
    summarise(cart = paste(product, collapse = ";")) %>%
    ungroup()

head(df)
#> # A tibble: 6 × 4
#>   clientId sex    orderdate  cart 
#>      <int> <chr>  <date>     <chr>
#> 1        1 female 2012-02-18 a;c  
#> 2        1 female 2012-03-19 a;b;c
#> 3        1 female 2012-03-21 a;b;c
#> 4        2 female 2012-02-14 a;b  
#> 5        2 female 2012-02-27 a;b  
#> 6        2 female 2012-03-06 a



max.date <- max(df$orderdate) + 1
ids <- unique(df$clientId)
df.new <- data.frame()

for (i in 1:length(ids)) {
    df.cache <- df %>%
        filter(clientId == ids[i])

    ifelse(nrow(df.cache) == 1,
           av.dur <- 30,
           av.dur <-
               round(((
                   max(df.cache$orderdate) - min(df.cache$orderdate)
               ) / (
                   nrow(df.cache) - 1
               )) * 1.5, 0))

    df.cache <-
        rbind(
            df.cache,
            data.frame(
                clientId = df.cache$clientId[nrow(df.cache)],
                sex = df.cache$sex[nrow(df.cache)],
                orderdate = max(df.cache$orderdate) + av.dur,
                cart = 'nopurch'
            )
        )
    ifelse(max(df.cache$orderdate) > max.date,
           df.cache$orderdate[which.max(df.cache$orderdate)] <- max.date,
           NA)

    df.cache$to <- c(df.cache$orderdate[2:nrow(df.cache)] - 1, max.date)

    # order# for Sankey diagram
    df.cache <- df.cache %>%
        mutate(ord = paste('ord', c(1:nrow(df.cache)), sep = ''))

    df.new <- rbind(df.new, df.cache)
}
# filtering dummies
df.new <- df.new %>%
    filter(cart != 'nopurch' | to != orderdate)
rm(orders, df, df.cache, i, ids, max.date, av.dur)




A Sankey diagram of the first few carts per customer gives a flow view of how cart composition evolves, with no-purchase states propagated forward once a customer lapses; ?@fig-sequence-sankey traces these flows across the first four orders.


##### Sankey diagram #######

df.sankey <- df.new %>%
    select(clientId, cart, ord)

df.sankey <-
    dcast(df.sankey,
          clientId ~ ord,
          value.var = 'cart',
          fun.aggregate = NULL)

df.sankey[is.na(df.sankey)] <- 'unknown'

# chosing a length of sequence
df.sankey <- df.sankey %>%
    select(ord1, ord2, ord3, ord4)

# replacing NAs after 'nopurch' for 'nopurch'
df.sankey[df.sankey[, 2] == 'nopurch', 3] <- 'nopurch'
df.sankey[df.sankey[, 3] == 'nopurch', 4] <- 'nopurch'

df.sankey.plot <- data.frame()
for (i in 2:ncol(df.sankey)) {
    df.sankey.cache <- df.sankey %>%
        group_by(df.sankey[, i - 1], df.sankey[, i]) %>%
        summarise(n = n()) %>%
        ungroup()

    colnames(df.sankey.cache)[1:2] <- c('from', 'to')

    # adding tags to carts
    df.sankey.cache$from <-
        paste(df.sankey.cache$from, '(', i - 1, ')', sep = '')
    df.sankey.cache$to <- paste(df.sankey.cache$to, '(', i, ')', sep = '')

    df.sankey.plot <- rbind(df.sankey.plot, df.sankey.cache)
}

make_sankey(df.sankey.plot)

rm(df.sankey, df.sankey.cache, df.sankey.plot, i)




Recasting the spells into TraMineR’s state-sequence format unlocks a battery of descriptive tools, collected in the panels below: state-distribution plots over time (overall and by gender), frequency tables of the most common sequences, mean time spent in each state, and a per-sequence entropy that quantifies how varied a customer’s state history is. Entropy is the information-theoretic dispersion of the states a customer visits; a low-entropy customer stays in one or two states, while a high-entropy customer churns through many, and comparing its distribution by gender exposes behavioral heterogeneity.


df.new <- df.new %>%
    # chosing a length of sequence
    filter(ord %in% c('ord1', 'ord2', 'ord3', 'ord4')) %>%
    select(-ord)

# converting dates to numbers
min.date <- as.Date(min(df.new$orderdate), format = "%Y-%m-%d")
df.new$orderdate <- as.numeric(df.new$orderdate - min.date + 1)
df.new$to <- as.numeric(df.new$to - min.date + 1)

df.form <-
    seqformat(
        as.data.frame(df.new),
        id = 'clientId',
        begin = 'orderdate',
        end = 'to',
        status = 'cart',
        from = 'SPELL',
        to = 'STS',
        process = FALSE
    )

df.seq <-
    seqdef(df.form,
           left = 'DEL',
           right = 'unknown',
           xtstep = 10) # xtstep - step between ticks (days)
summary(df.seq)
#>  [>] sequence object created with TraMineR version 2.2-13 
#>  [>] 288 sequences in the data set, 286 unique 
#>  [>] min/max sequence length: 4/91
#>  [>] alphabet (state labels):  
#>      1=a (a)
#>      2=a;b (a;b)
#>      3=a;b;c (a;b;c)
#>      4=a;c (a;c)
#>      5=b (b)
#>      6=b;c (b;c)
#>      7=c (c)
#>      8=nopurch (nopurch)
#>      9=unknown (unknown)
#>  [>] dimensionality of the sequence space: 728 
#>  [>] colors: 1=#8DD3C7 2=#FFFFB3 3=#BEBADA 4=#FB8072 5=#80B1D3 6=#FDB462 7=#B3DE69 8=#FCCDE5 9=#D9D9D9 
#>  [>] symbol for void element: %

df.feat <- unique(df.new[, c('clientId', 'sex')])

# distribution analysis
seqdplot(df.seq, border = NA, withlegend = 'right')
seqdplot(df.seq, border = NA, group = df.feat$sex) # distribution based on gender


seqstatd(df.seq)
#>               [State frequencies]
#>            y1     y2     y3     y4     y5    y6     y7    y8     y9   y10   y11
#> a       0.174 0.1875 0.1875 0.1910 0.1951 0.192 0.1888 0.196 0.1895 0.187 0.176
#> a;b     0.323 0.3299 0.3264 0.3229 0.3240 0.311 0.3147 0.323 0.3193 0.331 0.320
#> a;b;c   0.312 0.2986 0.3021 0.3056 0.3031 0.318 0.3112 0.305 0.3053 0.299 0.310
#> a;c     0.122 0.1215 0.1215 0.1146 0.1150 0.112 0.1119 0.102 0.1088 0.106 0.116
#> b       0.028 0.0278 0.0278 0.0243 0.0209 0.024 0.0280 0.032 0.0316 0.035 0.035
#> b;c     0.031 0.0278 0.0278 0.0278 0.0279 0.028 0.0280 0.025 0.0246 0.025 0.025
#> c       0.010 0.0069 0.0069 0.0069 0.0070 0.007 0.0070 0.007 0.0070 0.007 0.007
#> nopurch 0.000 0.0000 0.0000 0.0035 0.0035 0.007 0.0070 0.011 0.0105 0.011 0.011
#> unknown 0.000 0.0000 0.0000 0.0035 0.0035 0.000 0.0035 0.000 0.0035 0.000 0.000
#>           y12    y13    y14    y15    y16    y17    y18    y19    y20    y21
#> a       0.173 0.1725 0.1696 0.1702 0.1744 0.1685 0.1619 0.1655 0.1727 0.1583
#> a;b     0.335 0.3310 0.3357 0.3298 0.3310 0.3333 0.3489 0.3489 0.3381 0.3309
#> a;b;c   0.296 0.2923 0.2898 0.2908 0.2883 0.2903 0.2842 0.2842 0.2806 0.2770
#> a;c     0.120 0.1197 0.1166 0.1170 0.1032 0.1075 0.1043 0.1043 0.1043 0.1079
#> b       0.035 0.0387 0.0353 0.0390 0.0427 0.0430 0.0360 0.0324 0.0324 0.0360
#> b;c     0.025 0.0246 0.0247 0.0248 0.0249 0.0251 0.0252 0.0252 0.0288 0.0288
#> c       0.007 0.0070 0.0071 0.0071 0.0071 0.0072 0.0072 0.0072 0.0072 0.0072
#> nopurch 0.011 0.0106 0.0177 0.0177 0.0214 0.0215 0.0288 0.0288 0.0324 0.0396
#> unknown 0.000 0.0035 0.0035 0.0035 0.0071 0.0036 0.0036 0.0036 0.0036 0.0144
#>            y22    y23    y24    y25    y26    y27    y28    y29    y30    y31
#> a       0.1667 0.1739 0.1745 0.1758 0.1801 0.1661 0.1624 0.1587 0.1481 0.1407
#> a;b     0.3297 0.3188 0.3091 0.2930 0.2904 0.2952 0.3026 0.3063 0.3000 0.2741
#> a;b;c   0.2681 0.2754 0.2727 0.2857 0.2794 0.2915 0.2841 0.2915 0.2963 0.2852
#> a;c     0.1159 0.1159 0.1164 0.1209 0.1250 0.1292 0.1255 0.1144 0.1222 0.1074
#> b       0.0362 0.0290 0.0291 0.0293 0.0331 0.0295 0.0295 0.0258 0.0259 0.0259
#> b;c     0.0290 0.0290 0.0291 0.0293 0.0257 0.0258 0.0258 0.0258 0.0259 0.0148
#> c       0.0072 0.0072 0.0073 0.0073 0.0074 0.0037 0.0037 0.0037 0.0074 0.0074
#> nopurch 0.0399 0.0399 0.0509 0.0476 0.0478 0.0480 0.0554 0.0590 0.0556 0.1259
#> unknown 0.0072 0.0109 0.0109 0.0110 0.0110 0.0111 0.0111 0.0148 0.0185 0.0185
#>            y32    y33    y34    y35    y36    y37   y38   y39   y40   y41   y42
#> a       0.1370 0.1296 0.1338 0.1199 0.1199 0.1170 0.114 0.122 0.127 0.144 0.149
#> a;b     0.2667 0.2667 0.2639 0.2772 0.2846 0.2830 0.284 0.279 0.277 0.261 0.259
#> a;b;c   0.2889 0.2852 0.2825 0.2884 0.2846 0.2906 0.273 0.256 0.246 0.249 0.247
#> a;c     0.1037 0.1000 0.0892 0.0861 0.0824 0.0830 0.087 0.084 0.088 0.078 0.075
#> b       0.0259 0.0296 0.0297 0.0300 0.0300 0.0302 0.030 0.031 0.035 0.035 0.035
#> b;c     0.0185 0.0185 0.0186 0.0187 0.0112 0.0113 0.011 0.019 0.015 0.016 0.016
#> c       0.0074 0.0074 0.0074 0.0075 0.0075 0.0075 0.011 0.011 0.012 0.016 0.016
#> nopurch 0.1259 0.1296 0.1338 0.1311 0.1348 0.1283 0.136 0.134 0.131 0.128 0.129
#> unknown 0.0259 0.0333 0.0409 0.0412 0.0449 0.0491 0.053 0.065 0.069 0.074 0.075
#>           y43   y44   y45   y46   y47   y48   y49   y50   y51   y52   y53   y54
#> a       0.151 0.151 0.151 0.153 0.145 0.133 0.130 0.140 0.140 0.137 0.140 0.142
#> a;b     0.263 0.247 0.241 0.227 0.236 0.246 0.227 0.230 0.221 0.232 0.223 0.222
#> a;b;c   0.243 0.231 0.229 0.231 0.219 0.221 0.218 0.209 0.196 0.180 0.188 0.191
#> a;c     0.076 0.076 0.078 0.079 0.079 0.083 0.084 0.081 0.089 0.094 0.092 0.093
#> b       0.036 0.036 0.037 0.041 0.037 0.029 0.034 0.034 0.034 0.034 0.035 0.027
#> b;c     0.016 0.016 0.020 0.021 0.021 0.021 0.021 0.021 0.021 0.021 0.022 0.013
#> c       0.016 0.024 0.024 0.025 0.025 0.021 0.017 0.017 0.017 0.017 0.017 0.018
#> nopurch 0.127 0.127 0.122 0.132 0.136 0.133 0.134 0.136 0.140 0.137 0.135 0.133
#> unknown 0.072 0.092 0.098 0.091 0.103 0.112 0.134 0.132 0.140 0.146 0.148 0.160
#>           y55   y56   y57    y58    y59    y60   y61    y62    y63   y64   y65
#> a       0.135 0.140 0.142 0.1475 0.1308 0.1190 0.121 0.1127 0.1133 0.116 0.122
#> a;b     0.220 0.226 0.233 0.2304 0.2336 0.2333 0.227 0.2206 0.2167 0.192 0.180
#> a;b;c   0.197 0.181 0.169 0.1613 0.1589 0.1667 0.174 0.1765 0.1724 0.167 0.169
#> a;c     0.090 0.090 0.096 0.0922 0.0935 0.0952 0.082 0.0882 0.0936 0.091 0.095
#> b       0.027 0.027 0.027 0.0230 0.0234 0.0238 0.029 0.0294 0.0197 0.020 0.021
#> b;c     0.013 0.014 0.014 0.0092 0.0093 0.0095 0.014 0.0098 0.0099 0.015 0.011
#> c       0.018 0.018 0.018 0.0184 0.0187 0.0190 0.019 0.0196 0.0197 0.020 0.026
#> nopurch 0.139 0.140 0.137 0.1429 0.1402 0.1381 0.135 0.1373 0.1379 0.146 0.143
#> unknown 0.161 0.163 0.164 0.1751 0.1916 0.1952 0.198 0.2059 0.2167 0.232 0.233
#>           y66   y67   y68   y69   y70   y71   y72   y73   y74    y75    y76
#> a       0.123 0.127 0.117 0.102 0.101 0.091 0.094 0.093 0.075 0.0786 0.0682
#> a;b     0.160 0.166 0.162 0.159 0.166 0.164 0.163 0.179 0.197 0.2000 0.1818
#> a;b;c   0.160 0.160 0.156 0.153 0.154 0.152 0.150 0.146 0.129 0.1214 0.1288
#> a;c     0.091 0.094 0.084 0.085 0.083 0.085 0.087 0.093 0.088 0.0929 0.0909
#> b       0.021 0.017 0.017 0.017 0.018 0.018 0.019 0.013 0.014 0.0071 0.0076
#> b;c     0.011 0.017 0.017 0.017 0.018 0.012 0.012 0.013 0.014 0.0143 0.0227
#> c       0.027 0.028 0.028 0.023 0.024 0.018 0.012 0.013 0.020 0.0214 0.0227
#> nopurch 0.150 0.155 0.151 0.153 0.148 0.158 0.163 0.139 0.129 0.1286 0.1364
#> unknown 0.257 0.238 0.268 0.290 0.290 0.303 0.300 0.311 0.333 0.3357 0.3409
#>            y77    y78    y79    y80    y81   y82   y83   y84   y85   y86   y87
#> a       0.0714 0.0726 0.0672 0.0603 0.0588 0.057 0.049 0.042 0.032 0.000 0.000
#> a;b     0.1587 0.1452 0.1513 0.1293 0.1176 0.125 0.111 0.111 0.129 0.091 0.116
#> a;b;c   0.1349 0.1371 0.1429 0.1121 0.1078 0.102 0.099 0.111 0.113 0.145 0.116
#> a;c     0.0952 0.0887 0.0840 0.0603 0.0588 0.068 0.074 0.056 0.065 0.055 0.023
#> b       0.0079 0.0081 0.0084 0.0086 0.0098 0.011 0.000 0.000 0.000 0.000 0.000
#> b;c     0.0238 0.0323 0.0336 0.0345 0.0392 0.045 0.037 0.028 0.032 0.036 0.023
#> c       0.0238 0.0161 0.0168 0.0172 0.0196 0.023 0.012 0.014 0.032 0.018 0.000
#> nopurch 0.1270 0.1290 0.1261 0.1379 0.1569 0.170 0.173 0.194 0.210 0.182 0.186
#> unknown 0.3571 0.3710 0.3697 0.4397 0.4314 0.398 0.444 0.444 0.387 0.473 0.535
#>           y88   y89   y90  y91
#> a       0.000 0.000 0.000 0.00
#> a;b     0.133 0.136 0.000 0.00
#> a;b;c   0.100 0.000 0.000 0.00
#> a;c     0.033 0.000 0.000 0.00
#> b       0.000 0.000 0.000 0.00
#> b;c     0.033 0.045 0.062 0.00
#> c       0.000 0.000 0.000 0.00
#> nopurch 0.133 0.136 0.188 0.12
#> unknown 0.567 0.682 0.750 0.88
#> 
#>                [Valid states]
#>          y1  y2  y3  y4  y5  y6  y7  y8  y9 y10 y11 y12 y13 y14 y15 y16 y17 y18
#> N       288 288 288 288 287 286 286 285 285 284 284 284 284 283 282 281 279 278
#>         y19 y20 y21 y22 y23 y24 y25 y26 y27 y28 y29 y30 y31 y32 y33 y34 y35 y36
#> N       278 278 278 276 276 275 273 272 271 271 271 270 270 270 270 269 267 267
#>         y37 y38 y39 y40 y41 y42 y43 y44 y45 y46 y47 y48 y49 y50 y51 y52 y53 y54
#> N       265 264 262 260 257 255 251 251 245 242 242 240 238 235 235 233 229 225
#>         y55 y56 y57 y58 y59 y60 y61 y62 y63 y64 y65 y66 y67 y68 y69 y70 y71 y72
#> N       223 221 219 217 214 210 207 204 203 198 189 187 181 179 176 169 165 160
#>         y73 y74 y75 y76 y77 y78 y79 y80 y81 y82 y83 y84 y85 y86 y87 y88 y89 y90
#> N       151 147 140 132 126 124 119 116 102  88  81  72  62  55  43  30  22  16
#>         y91
#> N         8
#> 
#>                [Entropy index]
#>          y1  y2  y3   y4   y5   y6   y7   y8   y9  y10  y11  y12  y13  y14  y15
#> H       0.7 0.7 0.7 0.71 0.71 0.71 0.72 0.71 0.72 0.71 0.72 0.72 0.73 0.73 0.74
#>          y16  y17  y18  y19  y20  y21  y22  y23  y24  y25  y26  y27  y28  y29
#> H       0.75 0.74 0.74 0.74 0.75 0.77 0.77 0.77 0.78 0.78 0.78 0.77 0.78 0.77
#>          y30 y31  y32  y33  y34  y35  y36  y37  y38  y39  y40  y41  y42  y43
#> H       0.78 0.8 0.81 0.82 0.82 0.82 0.81 0.81 0.82 0.84 0.85 0.85 0.86 0.86
#>          y44  y45  y46  y47  y48  y49  y50  y51  y52 y53  y54  y55  y56  y57
#> H       0.87 0.88 0.89 0.89 0.88 0.89 0.89 0.89 0.89 0.9 0.88 0.88 0.88 0.88
#>          y58  y59  y60  y61  y62  y63  y64  y65  y66  y67  y68  y69  y70  y71
#> H       0.87 0.87 0.87 0.88 0.88 0.87 0.88 0.88 0.88 0.88 0.87 0.86 0.86 0.85
#>          y72  y73  y74  y75  y76  y77  y78  y79  y80  y81  y82  y83  y84  y85
#> H       0.84 0.84 0.83 0.82 0.83 0.83 0.82 0.82 0.78 0.79 0.81 0.75 0.74 0.78
#>          y86 y87 y88  y89  y90  y91
#> H       0.69 0.6 0.6 0.43 0.32 0.17

df.seq <- seqdef(df.form,
                 left = 'DEL',
                 right = 'DEL',
                 xtstep = 10)


# the 10 most frequent sequences
seqfplot(df.seq, border = NA, withlegend = 'right')
# the 10 most frequent sequences based on gender
seqfplot(df.seq, group = df.feat$sex, border = NA)

# returning the frequency stats
seqtab(df.seq) # frequency table
#>                                Freq Percent
#> a;b/63                            2    0.69
#> a;b/89                            2    0.69
#> a;c/30-a;b;c/13                   2    0.69
#> a/10-a;b;c/11-a;c/33-a;b/4        1    0.35
#> a/10-a;b;c/6-a;b/34-a;b;c/25      1    0.35
#> a/11-a;b;c/55-b;c/16              1    0.35
#> a/14-a;b/50-c/7                   1    0.35
#> a/14-a;b/8-a;b;c/16-nopurch/11    1    0.35
#> a/15-a;b;c/55-c/4                 1    0.35
#> a/15-a;c/6-b;c/14-a;b;c/11        1    0.35
seqtab(df.seq[, 1:30]) # frequency table for 1st month
#>                Freq Percent
#> a;b;c/30         41   14.24
#> a;b/30           40   13.89
#> a/30             24    8.33
#> a;c/30           15    5.21
#> b;c/30            4    1.39
#> a;b/1-a;b;c/29    2    0.69
#> a;b;c/28-a;b/2    2    0.69
#> a;c/15-a;b/15     2    0.69
#> a;c/7-a;b/23      2    0.69
#> b/30              2    0.69

# mean time spent in each state
seqmtplot(df.seq, title = 'Mean time', withlegend = 'right')
seqmtplot(df.seq, group = df.feat$sex, title = 'Mean time')

statd <-
    seqistatd(df.seq) #function returns for each sequence the time spent in the different states
apply(statd, 2, mean) #We may be interested in the mean time spent in each state
#>          a        a;b      a;b;c        a;c          b        b;c          c 
#>  9.7916667 18.0416667 16.4201389  6.6840278  1.9236111  1.4583333  0.8611111 
#>    nopurch 
#>  6.0694444


# calculating entropy
df.ient <- seqient(df.seq)
hist(df.ient,
     col = 'cyan',
     main = NULL,
     xlab = 'Entropy') # plot an histogram of the within entropy of the sequences
# entrophy distribution based on gender
df.ent <- cbind(df.seq, df.ient)
boxplot(
    Entropy ~ df.feat$sex,
    data = df.ent,
    xlab = 'Gender',
    ylab = 'Sequences entropy',
    col = 'cyan'
)
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Figure 32.35: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.
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Figure 32.36: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.
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Figure 32.37: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.
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Figure 32.38: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.
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Figure 32.39: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.










[image: ]



Figure 32.40: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.
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Figure 32.41: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.
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Figure 32.42: State-sequence analyses: state distribution over time overall and by gender, most-frequent sequences, mean time per state, and the distribution of within-customer sequence entropy.











32.6 Geodemographic Classification

Geodemographic classification segments customers by where they live, on the premise that neighborhood composition predicts consumption. National statistical agencies publish small-area classifications—in the United Kingdom, the Output Area Classification (OAC) groups every census output area into named supergroups such as “Blue Collar Communities” or “City Living”—that marketers join to behavioral data to profile and target geographies. The example, following Nick Bearman, profiles newspaper readership by OAC supergroup and then maps the classification onto Liverpool.

The first step expresses each supergroup’s broadsheet readership as a percentage deviation from the national average, the natural scale for spotting over- and under-indexing audiences, plotted in Figure 32.43.


#Load libraries
library(scales)
library(ggplot2)


#set up data and data frame
oac_names <-
    c(
        "Blue Collar Communities",
        "City Living",
        "Countryside",
        "Prospering Suburbs",
        "Constrained by Circumstances",
        "Typical Traits",
        "Multicultural"
    )

broadsheets <- c(73.2, 144, 103.9, 109.1, 78.2, 97.1, 120.2)
oac_broadsheets <- data.frame(oac_names, broadsheets)
#convert the percentage values (e.g. 144%) to decimal increase or decrease (e.g. 0.44)
oac_broadsheets$broadsheets <-  broadsheets / 100 - 1

oac_broadsheets
#>                      oac_names broadsheets
#> 1      Blue Collar Communities      -0.268
#> 2                  City Living       0.440
#> 3                  Countryside       0.039
#> 4           Prospering Suburbs       0.091
#> 5 Constrained by Circumstances      -0.218
#> 6               Typical Traits      -0.029
#> 7                Multicultural       0.202

#select the colours we are going to use
my_colour <-
    c("#33A1C9",
      "#FFEC8B",
      "#A2CD5A",
      "#CD7054",
      "#B7B7B7",
      "#9F79EE",
      "#FCC08F")

#plot the graph - this has several bits to it
#the first three lines setup the data and type of graph
ggplot(oac_broadsheets, aes(oac_names, broadsheets)) +
    geom_bar(stat = "identity",
             fill = my_colour,
             position = "identity") +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = 1,
        vjust = 1,
        size = 12
    )) +
    #this line add the lables to each bar
    geom_text(aes(
        label = paste(round(broadsheets * 100, digits = 0), "%"),
        vjust = ifelse(broadsheets >= 0,-0.5, 1.5)
    ), size = 3) +
    #these lines as the axis labels and these fonts
    theme(axis.title.x = element_text(size = 12)) +
    theme(axis.title.y = element_text(size = 12)) +
    scale_y_continuous("Difference from national average for broadsheet", labels = percent_format()) +
    scale_x_discrete("OAC SuperGroups")
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Figure 32.43: Broadsheet readership by OAC supergroup, expressed as percentage deviation from the national average. Positive bars mark over-indexing audiences.








Repeating the exercise for tabloid readership yields the complementary profile in Figure 32.44, so the two newspaper types can be contrasted across the same supergroups.


tabloids <- c(110.8, 82.2, 104.9, 94.5, 108.4, 96.4, 96.0)
oac_tabloids <- data.frame(oac_names, tabloids)

#convert the percentage values (e.g. 144%) to decimal increase or decrease (e.g. 0.44)
oac_tabloids$tabloids <-  tabloids / 100 - 1

oac_tabloids
#>                      oac_names tabloids
#> 1      Blue Collar Communities    0.108
#> 2                  City Living   -0.178
#> 3                  Countryside    0.049
#> 4           Prospering Suburbs   -0.055
#> 5 Constrained by Circumstances    0.084
#> 6               Typical Traits   -0.036
#> 7                Multicultural   -0.040


# plot
ggplot(oac_tabloids, aes(oac_names, tabloids)) +
    geom_bar(stat = "identity",
             fill = my_colour,
             position = "identity") +
    theme(axis.text.x = element_text(
        angle = 90,
        hjust = 1,
        vjust = 1,
        size = 12
    )) +
    #this line add the lables to each bar
    geom_text(aes(
        label = paste(round(tabloids * 100, digits = 0), "%"),
        vjust = ifelse(tabloids >= 0, -0.5, 1.5)
    ), size = 3) +
    #these lines as the axis labels and these fonts
    theme(axis.title.x = element_text(size = 12)) +
    theme(axis.title.y = element_text(size = 12)) +
    scale_y_continuous("Difference from national average for tabloids", labels = percent_format()) +
    scale_x_discrete("OAC SuperGroups")
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Figure 32.44: Tabloid readership by OAC supergroup as deviation from the national average, complementing the broadsheet profile.








To see how the classification distributes across a real city, the analysis loads a Liverpool output-area shapefile.


# `sf` is the modern, maintained replacement for the retired maptools/sp stack
library(sf)
library(tidyverse)

# the Liverpool output-area shapefile is bundled in images/; unzip to a temp dir
oa_dir <- file.path(tempdir(), "liverpool_OA")
unzip("images/liverpool_OA.zip", exdir = oa_dir)
shp <- list.files(oa_dir, pattern = "[.]shp$", recursive = TRUE, full.names = TRUE)[1]

# read the geometry and set the British National Grid CRS (EPSG:27700)
liverpool <- st_read(shp, quiet = TRUE)
st_crs(liverpool) <- 27700




The OAC lookup—mapping each output area code to its supergroup, group, and subgroup—is read in and joined onto the shapefile by area code.


library(tidyverse)

#read in OAC by OA csv file
OAC <- rio::import("images/2011oacclustersandnamescsvv2.zip") %>%
    select(
        "Output Area Code",
        "Supergroup Name",
        "Supergroup Code",
        "Group Name",
        "Group Code",
        "Subgroup Name",
        "Subgroup Code"
    ) %>%
    rename("OA_CODE" = "Output Area Code")





# join the OAC classification onto the output-area geometry by area code
liverpool <- liverpool %>%
    left_join(OAC, by = c("OA01CD" = "OA_CODE")) %>%
    drop_na(`Supergroup Code`)

# show the attribute head (geometry dropped for display)
liverpool %>%
    st_drop_geometry() %>%
    select(OA01CD, `Supergroup Name`, `Supergroup Code`) %>%
    head()
#>      OA01CD   Supergroup Name Supergroup Code
#> 1 E00032987 Ethnicity Central               3
#> 2 E00032988     Cosmopolitans               2
#> 3 E00032989 Ethnicity Central               3
#> 4 E00032990 Ethnicity Central               3
#> 5 E00032991 Ethnicity Central               3
#> 6 E00032992 Ethnicity Central               3




Coloring each output area by its supergroup produces the choropleth map in Figure 32.45, turning the abstract classification into a spatial portrait of the city’s neighborhoods.


#Define a set of colours, one for each of the OAC supergroups
my_colour <-
    c("#33A1C9",
      "#FFEC8B",
      "#A2CD5A",
      "#CD7054",
      "#B7B7B7",
      "#9F79EE",
      "#FCC08F")
# build the choropleth: one fill colour per OAC supergroup, ordered by code
liverpool %>%
    mutate(Supergroup = fct_reorder(`Supergroup Name`, `Supergroup Code`)) %>%
    ggplot() +
    geom_sf(aes(fill = Supergroup), color = NA) +
    scale_fill_manual(values = my_colour, name = "OAC supergroup") +
    labs(title = "OAC Supergroup Map of Liverpool") +
    theme_void() +
    theme(legend.position = "right")
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Figure 32.45: Choropleth map of Liverpool with each output area colored by its OAC supergroup, rendering the geodemographic classification as a spatial portrait of the city.










32.7 Key Takeaways

The empirical models in this chapter are all answers to credit-and-value assignment, and they share a discipline worth restating. Attribution is best treated as a problem of marginal contribution rather than position: the Shapley value (Section 32.1.1) supplies the axiomatically unique allocation but at exponential cost and under a fragile completeness assumption, while the Markov removal effect (Section 32.1.2) supplies a tractable counterfactual whose first-order duplicate-invariance justifies the standard preprocessing. Funnel models (Section 32.2) reallocate credit from channels to stages and localize leakage. RFM and its clumpiness extension (Section 32.3) compress histories into behavioral sufficient statistics, and segmentation (Section 32.4) renders those statistics actionable through lifecycle grids, cohort and retention analysis, and sequence models that respect order. Basket and sequence analysis (Section 32.5) and geodemographic classification (Section 32.6) round out the toolkit on the product and spatial dimensions.

The recurring caution is identification. Every model attributes credit only among the factors it can see, so an unobserved channel, an unmodeled stage, or a missing covariate does not vanish—its effect is silently redistributed onto the measured quantities. Because conversions are observed once per customer, there is rarely a held-out ground truth against which to validate an attribution rule, so face validity and sensitivity to modeling choices must substitute for out-of-sample accuracy. The prudent analyst reports results under more than one rule and treats large divergences across rules as a signal that the budgetary stakes of the modeling assumption are high.



32.8 Full-semester seminar reading map

The empirical models above are the working parts of a much larger doctoral curriculum. This section reframes the chapter as the methodological spine of a ~13–14 week PhD seminar in empirical/quantitative marketing, mapping each week to its canonical readings, methods, and the live debate that organizes class discussion. The reading map is deliberately structured the way top programs converge on the material: the demand-estimation workhorse first, the twin threats of heterogeneity and endogeneity next, and the dynamic and causal frontier last. Readings carry a Crossref-style bibliographic line with a verbatim DOI link; works already in this book’s bibliography are cited by key, and works not (yet) in the bibliography are named in full so the citation can be added later. Each reading is tagged [F] foundational (stable canon, taught nearly everywhere) or [R] frontier (last ~10–15 years, more program-specific).

Semester arc. The quantitative-models seminar moves from what we measure to how we identify it to how we model behavior over time. The first third installs the discrete-choice demand workhorse — the multinomial and nested logit on individual scanner-panel data (Guadagni–Little), the aggregate random-coefficients logit on market shares (Berry; BLP; Nevo) — because nearly every downstream question (pricing, promotion, advertising, product line, welfare) is answered through a demand system. Students learn to read a model as a set of identifying assumptions, not a regression: what variation in the data pins down the price coefficient, and what would bias it. The middle third confronts the two threats that define the field’s empirical standards: unobserved heterogeneity and endogeneity. Heterogeneity is handled either by integrating it out (random coefficients, mixed logit) or by estimating it hierarchically (hierarchical Bayes, the Allenby–Rossi program), and the seminar treats the Bayesian and classical (GMM / simulated maximum likelihood) camps as complementary toolkits rather than rival faiths. Endogeneity — prices and marketing-mix variables set in response to demand shocks the econometrician does not see — motivates instrumental variables, the BLP contraction-and-GMM machinery, and control-function approaches, alongside a candid critique of weak instruments in marketing (Rossi 2014). The final third turns dynamic and causal: state dependence vs. heterogeneity (is brand loyalty real switching cost or just persistent taste?), forward-looking consumers and firms (dynamic discrete choice à la Rust; learning models à la Erdem–Keane; dynamic advertising), and the field-experiment / design-based turn that reframed advertising-effect measurement (Lewis–Rao, Blake–Nosko–Tadelis) and pushed the field toward heterogeneous-treatment-effect estimation and ML-assisted targeting. The course closes on applied syntheses — attribution and customer-lifetime-value modeling — where the semester’s tools are assembled into managerially decision-relevant systems. Throughout, weekly problem sets are estimation-heavy: students code a logit and a random-coefficients logit from scratch, run a Gibbs sampler, solve a small dynamic program, and replicate a published result.


32.8.1 Week 1 — Foundations: the demand-estimation paradigm & identification thinking

Topic. What “structural” means and why a demand system is the organizing object of empirical marketing.

Subtopics. Demand systems as the organizing object; identification vs. estimation; reading a paper for its identifying variation; the logit inversion that turns a demand model into an estimating equation.

Methods. Utility-maximization micro-foundations; the share inversion; GMM vs. likelihood preview; extracting identifying assumptions from a published paper.

Key readings


	Berry, S. T. (1994), “Estimating Discrete-Choice Models of Product Differentiation,” RAND Journal of Economics 25(2), pp. 242–262, doi:10.2307/2555829 — Steven T. Berry (1994b). The share-inversion idea that turns a demand model into a linear-in-mean-utility estimating equation; the conceptual hinge of the course. [F]

	Nevo, A. (2000), “A Practitioner’s Guide to Estimation of Random-Coefficients Logit Models of Demand,” Journal of Economics & Management Strategy 9(4), pp. 513–548, doi:10.1111/j.1430-9134.2000.00513.x. The “practitioner’s guide” everyone assigns to make BLP estimable; sets the computational template. [F]

	Rossi, P. E. & Allenby, G. M. (2003), “Bayesian Statistics and Marketing,” Marketing Science 22(3), pp. 304–328, doi:10.1287/mksc.22.3.304.17739. Frames the Bayesian alternative early so students see the two estimation paradigms side by side. [F]



Debate. Structural (“estimate primitives, do counterfactuals”) vs. reduced-form / design-based (“estimate a credible causal effect”) — introduced here, revisited all semester.



32.8.2 Week 2 — Discrete choice I: logit/probit on individual panel data

Topic. The multinomial logit on scanner-panel data and the econometrics of individual choice.

Subtopics. MNL and the IIA property; nested logit; the scanner-panel data environment; loyalty / last-purchase variables.

Methods. Coding an MNL likelihood; IIA tests; conditional / fixed-effects logit; interpreting marginal effects and elasticities.

Key readings


	Guadagni, P. M. & Little, J. D. C. (1983), “A Logit Model of Brand Choice Calibrated on Scanner Data,” Marketing Science 2(3), pp. 203–238, doi:10.1287/mksc.2.3.203 — Peter M. Guadagni and Little (1983a). The paper that launched scanner-data choice modeling in marketing; the canonical MNL-with-loyalty specification. [F]

	Chamberlain, G. (1980), “Analysis of Covariance with Qualitative Data,” Review of Economic Studies 47(1), pp. 225–238, doi:10.2307/2297110. Conditional (fixed-effects) logit — how panel structure controls persistent unobserved heterogeneity; the econometric backbone. [F]



Debate. Is the Guadagni–Little loyalty variable capturing structural state dependence or merely soaking up heterogeneity? (Foreshadows Week 9.)



32.8.3 Week 3 — Unobserved heterogeneity I: mixed logit & random coefficients

Topic. Modeling taste heterogeneity so substitution patterns are not straitjacketed by IIA.

Subtopics. The IIA problem and substitution patterns; random-coefficients logit; simulated maximum likelihood; finite-mixture (latent-class) models.

Methods. Monte Carlo integration / SML; latent-class EM; comparing fixed vs. random heterogeneity specifications.

Key readings


	Gönül, F. & Srinivasan, K. (1993), “Modeling Multiple Sources of Heterogeneity in Multinomial Logit Models: Methodological and Managerial Issues,” Marketing Science 12(3), pp. 213–229, doi:10.1287/mksc.12.3.213. Multiple sources of heterogeneity in MNL; the managerial-vs-methodological framing marketing students need. [F]

	Allenby, G. M. & Rossi, P. E. (1998), “Marketing Models of Consumer Heterogeneity,” Journal of Econometrics 89(1–2), pp. 57–78, doi:10.1016/s0304-4076(98)00055-4 — Greg M. Allenby and Rossi (1998). The case for modeling continuous heterogeneity and its consequences for pricing/targeting. [F]



Debate. Parametric mixing distribution vs. nonparametric / finite-mixture; how much heterogeneity is “real” vs. an artifact of misspecification.



32.8.4 Week 4 — Hierarchical Bayes & MCMC estimation

Topic. Hierarchical Bayes as the marketing-native engine for individual-level inference.

Subtopics. The hierarchical model; Gibbs sampling and data augmentation; individual-level posterior estimates; shrinkage and borrowing strength.

Methods. Writing a Gibbs sampler for a hierarchical multinomial logit/probit; convergence diagnostics; posterior predictive checks.

Key readings


	Rossi, P. E., McCulloch, R. E. & Allenby, G. M. (1996), “The Value of Purchase History Data in Target Marketing,” Marketing Science 15(4), pp. 321–340, doi:10.1287/mksc.15.4.321 — Rossi, McCulloch, and Allenby (1996). The flagship demonstration that household-level Bayesian estimates have direct target-marketing value. [F]

	Rossi, P. E. & Allenby, G. M. (2003), “Bayesian Statistics and Marketing,” Marketing Science 22(3), pp. 304–328, doi:10.1287/mksc.22.3.304.17739. The agenda-setting review of Bayesian methods for marketing decision problems. [F]



Debate. Bayes vs. classical for heterogeneity — individual-level inference and decision-theoretic loss vs. frequentist guarantees.



32.8.5 Week 5 — Aggregate demand: the BLP random-coefficients model

Topic. Estimating demand from market shares with endogenous prices — the BLP machinery.

Subtopics. Demand from market shares; the contraction mapping; supply side and markups; micro-moments / combining macro and micro data.

Methods. The BLP contraction; nested GMM; computing own/cross price elasticities and implied markups.

Key readings


	Berry, S., Levinsohn, J. & Pakes, A. (1995), “Automobile Prices in Market Equilibrium,” Econometrica 63(4), pp. 841–890, doi:10.2307/2171802 — S. Berry, Levinsohn, and Pakes (1995b). The foundational aggregate random-coefficients model with endogenous prices; the field’s most-imitated method. [F]

	Nevo, A. (2001), “Measuring Market Power in the Ready-to-Eat Cereal Industry,” Econometrica 69(2), pp. 307–342, doi:10.1111/1468-0262.00194. The canonical applied BLP used to teach implementation and the market-power counterfactual. [F]

	Nevo, A. (2000), “A Practitioner’s Guide to Estimation of Random-Coefficients Logit Models of Demand,” Journal of Economics & Management Strategy 9(4), pp. 513–548, doi:10.1111/j.1430-9134.2000.00513.x. The estimation recipe students actually code against. [F]



Debate. Aggregate vs. individual data — what is gained/lost by estimating from shares; numerical fragility and the “BLP is hard to get right” literature.



32.8.6 Week 6 — Endogeneity I: instrumental variables & control functions

Topic. Price endogeneity and the two main fixes — IV/GMM and control functions.

Subtopics. Price endogeneity from unobserved product/demand shocks; cost-shifter and Hausman/BLP instruments; the control-function alternative for nonlinear models.

Methods. 2SLS/GMM with logit; control-function (residual-inclusion) estimation; instrument-relevance/validity diagnostics.

Key readings


	Villas-Boas, J. M. & Winer, R. S. (1999), “Endogeneity in Brand Choice Models,” Management Science 45(10), pp. 1324–1338, doi:10.1287/mnsc.45.10.1324 — Villas-Boas and Winer (1999). The paper that put price endogeneity on the marketing field’s agenda for brand-choice models. [F]

	Petrin, A. & Train, K. (2010), “A Control Function Approach to Endogeneity in Consumer Choice Models,” Journal of Marketing Research 47(1), pp. 3–13, doi:10.1509/jmkr.47.1.3 — Petrin and Train (2010). The control-function approach — the practical alternative to BLP-style IV inside choice models. [F]

	Chintagunta, P., Dubé, J.-P. & Goh, K. Y. (2005), “Beyond the Endogeneity Bias: The Effect of Unmeasured Brand Characteristics on Household-Level Brand Choice Models,” Management Science 51(5), pp. 832–849, doi:10.1287/mnsc.1040.0323 — P. Chintagunta, Dubé, and Goh (2005). Endogeneity from unobserved brand characteristics at the household level; bridges micro and aggregate treatments. [F]



Debate. IV vs. control function; what makes a credible marketing instrument.



32.8.7 Week 7 — Endogeneity II: the IV critique & the credibility standard

Topic. When instruments fail, and the credibility standard the field now demands.

Subtopics. Weak/invalid instruments; the bias–variance trade-off of IV; when to prefer direct measurement or design over instrumenting.

Methods. First-stage F-stats and weak-instrument diagnostics; overidentification (J) tests; sensitivity analysis.

Key readings


	Rossi, P. E. (2014), “Even the Rich Can Make Themselves Poor: A Critical Examination of IV Methods in Marketing Applications,” Marketing Science 33(5), pp. 655–672, doi:10.1287/mksc.2014.0860 — Rossi (2014b). The influential critique arguing strong, valid instruments are rare in marketing. [R]

	Hansen, L. P. (1982), “Large Sample Properties of Generalized Method of Moments Estimators,” Econometrica 50(4), pp. 1029–1054, doi:10.2307/1912775. GMM foundations — the inferential machinery (and overidentification test) underneath IV and BLP. [F]



Debate. The “credibility revolution” reaches marketing — instrument-based vs. experimental/design-based identification; how much to trust structural counterfactuals built on weak IVs.



32.8.8 Week 8 — Panel data, fixed effects & dynamic panels

Topic. Within vs. between variation and the econometrics of nonlinear panels.

Subtopics. Within vs. between variation; fixed vs. random effects; the incidental-parameters problem; lagged-dependent-variable bias.

Methods. FE/RE estimation and Hausman testing; handling initial-conditions and incidental-parameters problems; clustering/inference in panels.

Key readings


	Chamberlain, G. (1980), “Analysis of Covariance with Qualitative Data,” Review of Economic Studies 47(1), pp. 225–238, doi:10.2307/2297110. Conditional-likelihood estimation that differences out fixed effects in nonlinear panels. [F]

	Keane, M. P. (1997), “Modeling Heterogeneity and State Dependence in Consumer Choice Behavior,” Journal of Business & Economic Statistics 15(3), pp. 310–327, doi:10.1080/07350015.1997.10524709 — Keane (1997). The reference treatment of heterogeneity vs. state dependence in panel choice data; the methodological heart of the course’s dynamics half. [F]



Debate. Fixed effects (robust, costly in degrees of freedom) vs. random effects / hierarchical (efficient, requires distributional assumptions).



32.8.9 Week 9 — State dependence vs. heterogeneity (consumer inertia)

Topic. The field’s signature identification problem: real switching costs vs. persistent taste.

Subtopics. Structural state dependence vs. persistent heterogeneity; loyalty as switching cost; initial conditions; identification from price/promotion variation.

Methods. Specifying lagged-choice effects; controlling for unobserved heterogeneity while estimating state dependence; exploiting moves/shocks for identification.

Key readings


	Keane, M. P. (1997), “Modeling Heterogeneity and State Dependence in Consumer Choice Behavior,” Journal of Business & Economic Statistics 15(3), pp. 310–327, doi:10.1080/07350015.1997.10524709 — Keane (1997). The framing paper: disentangling true state dependence from spurious persistence. [F]

	Dubé, J.-P., Hitsch, G. J. & Rossi, P. E. (2010), “State Dependence and Alternative Explanations for Consumer Inertia,” RAND Journal of Economics 41(3), pp. 417–445, doi:10.1111/j.1756-2171.2010.00106.x. The modern reference distinguishing genuine switching costs from alternative explanations for inertia. [R]

	Bronnenberg, B. J., Dubé, J.-P. & Gentzkow, M. (2012), “The Evolution of Brand Preferences: Evidence from Consumer Migration,” American Economic Review 102(6), pp. 2472–2508, doi:10.1257/aer.102.6.2472. Brand capital and persistent preferences identified from consumer migration — a clean natural-experiment take on “why preferences persist.” [R]



Debate. What variation separates habit/loyalty from taste, and why it matters for pricing and promotion policy.



32.8.10 Week 10 — Dynamic discrete choice: forward-looking consumers & firms

Topic. Estimating choice when agents are forward-looking.

Subtopics. The dynamic-programming choice framework; conditional value functions; nested fixed-point estimation; stockpiling and learning.

Methods. Solving a discrete DP by value-function iteration; the nested fixed-point algorithm; likelihood for forward-looking choices.

Key readings


	Rust, J. (1987), “Optimal Replacement of GMC Bus Engines: An Empirical Model of Harold Zurcher,” Econometrica 55(5), pp. 999–1033, doi:10.2307/1911259. The foundational dynamic-discrete-choice model; the estimation template (NFXP) for forward-looking agents. [F]

	Erdem, T. & Keane, M. P. (1996), “Decision-Making Under Uncertainty: Capturing Dynamic Brand Choice Processes in Turbulent Consumer Goods Markets,” Marketing Science 15(1), pp. 1–20, doi:10.1287/mksc.15.1.1 — Tülin Erdem and Keane (1996a). Brings dynamic decision-making under uncertainty (Bayesian learning) into marketing brand choice. [F]

	Erdem, T., Keane, M. P. & Sun, B. (2008), “A Dynamic Model of Brand Choice When Price and Advertising Signal Product Quality,” Marketing Science 27(6), pp. 1111–1125, doi:10.1287/mksc.1080.0362. Price and advertising as quality signals in a dynamic learning model — frontier integration of dynamics, information, and marketing mix. [R]



Debate. Myopic vs. forward-looking specifications; the heavy computational/identification cost of full-solution dynamics vs. two-step (CCP) estimators.



32.8.11 Week 11 — Advertising & marketing-mix dynamics; aggregate response

Topic. Dynamic advertising and aggregate marketing-mix response.

Subtopics. Advertising carryover/goodwill stocks; dynamic firm advertising policy; aggregate marketing-mix response; sponsored-search/digital dynamics.

Methods. Estimating Koyck/goodwill carryover; dynamic optimization of a marketing instrument; aggregate response identification.

Key readings


	Dubé, J.-P., Hitsch, G. J. & Manchanda, P. (2005), “An Empirical Model of Advertising Dynamics,” Quantitative Marketing and Economics 3(2), pp. 107–144, doi:10.1007/s11129-005-0334-2. Estimating advertising goodwill dynamics and rationalizing pulsing — the modern dynamic-advertising reference. [R]

	Yao, S. & Mela, C. F. (2011), “A Dynamic Model of Sponsored Search Advertising,” Marketing Science 30(3), pp. 447–468, doi:10.1287/mksc.1100.0626. A dynamic structural model of sponsored-search advertising; ports dynamics to digital marketplaces. [R]



Debate. Structural dynamic models of advertising vs. design-based field-experiment measurement (sets up Week 12).



32.8.12 Week 12 — Causal inference & field experiments in marketing

Topic. The experimental turn in advertising-effect measurement.

Subtopics. The experimental turn in advertising measurement; regression discontinuity and natural experiments; selection and endogenous targeting in observational ad data.

Methods. Designing/analyzing large field experiments; power analysis for ad effects; RD estimation and validity checks.

Key readings


	Lewis, R. A. & Rao, J. M. (2015), “The Unfavorable Economics of Measuring the Returns to Advertising,” Quarterly Journal of Economics 130(4), pp. 1941–1973, doi:10.1093/qje/qjv023 — Lewis and Rao (2015). Why observational and even experimental advertising-ROI estimates are so noisy — recalibrated the field’s expectations. [R]

	Blake, T., Nosko, C. & Tadelis, S. (2015), “Consumer Heterogeneity and Paid Search Effectiveness: A Large-Scale Field Experiment,” Econometrica 83(1), pp. 155–174, doi:10.3982/ecta12423 — Blake, Nosko, and Tadelis (2015). The eBay paid-search field experiment showing large observational estimates collapse under randomization. [R]

	Hartmann, W., Nair, H. S. & Narayanan, S. (2011), “Identifying Causal Marketing Mix Effects Using a Regression Discontinuity Design,” Marketing Science 30(6), pp. 1079–1097, doi:10.1287/mksc.1110.0670. Regression-discontinuity identification of marketing-mix effects — quasi-experimental design inside a marketing setting. [R]



Debate. Experiments vs. structural models — internal validity and causal credibility vs. counterfactual richness and external extrapolation.



32.8.13 Week 13 — Heterogeneous treatment effects, targeting & ML-meets-econometrics

Topic. Estimating who responds, and turning that into a targeting policy.

Subtopics. CATE estimation; causal forests / honest trees; ML for policy targeting; robustness to real data challenges.

Methods. Estimating CATEs; constructing and evaluating targeting policies; cross-fitting and honesty; out-of-sample policy value.

Key readings


	Wager, S. & Athey, S. (2018), “Estimation and Inference of Heterogeneous Treatment Effects Using Random Forests,” Journal of the American Statistical Association 113(523), pp. 1228–1242, doi:10.1080/01621459.2017.1319839. Causal forests for heterogeneous-treatment-effect estimation with valid inference — the bridge from ML to causal targeting. [R]

	Simester, D., Timoshenko, A. & Zoumpoulis, S. I. (2020), “Targeting Prospective Customers: Robustness of Machine-Learning Methods to Typical Data Challenges,” Management Science 66(6), pp. 2495–2522, doi:10.1287/mnsc.2019.3308. Field-experiment evaluation of ML targeting methods under typical marketing-data pathologies. [R]



Debate. Prediction vs. causal targeting; can off-the-shelf ML deliver valid policies, and when does it break?



32.8.14 Week 14 — Applied synthesis: attribution & customer-lifetime-value models

Topic. Assembling the semester’s tools into CLV and attribution systems.

Subtopics. Buy-till-you-die / Pareto-NBD models; RFM and CLV; multichannel attribution; carryover and spillover across touchpoints; social interactions as a recurring identification challenge.

Methods. Fitting Pareto/NBD and BG/NBD; computing CLV; estimating attribution with carryover/spillover; recognizing the reflection problem.

Key readings


	Schmittlein, D. C., Morrison, D. G. & Colombo, R. (1987), “Counting Your Customers: Who Are They and What Will They Do Next?,” Management Science 33(1), pp. 1–24, doi:10.1287/mnsc.33.1.1. The Pareto/NBD model — foundation of probabilistic CLV. [F]

	Fader, P. S., Hardie, B. G. S. & Lee, K. L. (2005), “RFM and CLV: Using Iso-Value Curves for Customer Base Analysis,” Journal of Marketing Research 42(4), pp. 415–430, doi:10.1509/jmkr.2005.42.4.415. RFM-to-CLV via iso-value curves — the bridge from the academic model to managerial customer-base analysis. [F]

	Li, H. (A.) & Kannan, P. K. (2014), “Attributing Conversions in a Multichannel Online Marketing Environment: An Empirical Model and a Field Experiment,” Journal of Marketing Research 51(1), pp. 40–56, doi:10.1509/jmr.13.0050 — H. (Alice). Li and Kannan (2014b). Multichannel attribution combining an empirical model with a field experiment — the capstone integrating choice, dynamics, and experiments. [R]

	Hartmann, W. R., Manchanda, P., Nair, H., Bothner, M., Dodds, P., Godes, D., Hosanagar, K. & Tucker, C. (2008), “Modeling Social Interactions: Identification, Empirical Methods and Policy Implications,” Marketing Letters 19(3–4), pp. 287–304, doi:10.1007/s11002-008-9048-z. Identification of social interactions — the reflection problem students must recognize whenever “network” effects appear. [R]



Debate. Correlation vs. causation in attribution and “viral” effects; model-based CLV vs. machine-learned churn/value scoring.



32.8.15 Foundational vs. frontier at a glance


	Demand/choice. Foundational: logit/MNL (Guadagni–Little); the Berry inversion; BLP; Nevo’s practitioner’s guide. Frontier: combining micro and macro data; ML-based demand.

	Heterogeneity. Foundational: random coefficients; hierarchical Bayes (Allenby–Rossi). Frontier: nonparametric heterogeneity; deep/embedding models.

	Endogeneity. Foundational: IV/GMM (Hansen); control functions (Petrin–Train). Frontier: the IV critique (Rossi 2014); design-based identification.

	Panel/dynamics. Foundational: fixed-effects/conditional logit (Chamberlain); state dependence (Keane); dynamic discrete choice (Rust). Frontier: Bayesian learning (Erdem–Keane); CCP/two-step estimators.

	Causal/experiments. Foundational: newer to the canon. Frontier: field experiments (Lewis–Rao; Blake–Nosko–Tadelis); regression discontinuity; heterogeneous-treatment-effect / causal forests (Wager–Athey).

	Applied synthesis. Foundational: Pareto/NBD (Schmittlein–Morrison–Colombo); CLV (Fader–Hardie–Lee). Frontier: multichannel attribution (Li–Kannan); ML targeting (Simester et al.).



The first ~8 weeks are highly stable across programs and decades; weeks 12–13 are where syllabi differ most (Stanford/Berkeley/MIT lean experiments and ML; Ohio State/Wharton lean Bayes; Chicago/Yale lean structural IO). A 13-week version typically merges Weeks 6–7 (endogeneity) or Weeks 11–12 (dynamics/experiments).



32.8.16 How this reading map expands

This reading map is a living scaffold meant to grow alongside the runnable code in the rest of the chapter:


	Estimation walk-throughs as worked code. Each foundational module should ship a reproducible estimator in the book’s house style: a hand-coded MNL log-likelihood, a random-coefficients logit via simulated ML, a Gibbs sampler for a hierarchical probit, a small value-function iteration for a Rust-style dynamic program, and a BLP contraction. These are the chapter’s highest-value, longest-lived assets.

	Identification call-outs. For every model, add a boxed “what identifies the key parameter” note and a “what breaks it” note — the seminar’s central skill, and what differentiates the chapter from a methods cookbook.

	The structural-vs-design debate as a through-line. Rather than confining it to a single week, thread the tension (counterfactual richness vs. causal credibility) across demand, endogeneity, dynamics, and experiments, and close with a synthesis on when each approach is decision-relevant.

	Frontier refresh cadence. Weeks 12–13 (experiments, HTE/ML, targeting) and the digital-dynamics material age fastest; budget a periodic pass to add current top-journal work on platform/algorithmic demand, privacy-constrained measurement, and LLM/embedding-based demand models.

	Cross-references. Wire the map to sibling chapters — conjoint/preference measurement (choice foundations), advertising and marketing-mix modeling (Weeks 11–12), the CLV material (Week 14, and Section 32.3 here), structural models (Weeks 5 and 10), and the data/estimation craft chapters.

	Replication appendix. Add a “replicate a classic” exercise (a teaching-scale BLP on public market-share data; a Pareto/NBD on a CDNOW-style dataset) so students leave having reproduced a published result.



As bibliography entries are added for the works named in full above (Nevo 2000/2001, Rossi–Allenby 2003, Chamberlain 1980, Gönül–Srinivasan 1993, Hansen 1982, Dubé–Hitsch–Rossi 2010, Bronnenberg–Dubé–Gentzkow 2012, Rust 1987, Erdem–Keane–Sun 2008, Dubé–Hitsch–Manchanda 2005, Yao–Mela 2011, Hartmann–Nair–Narayanan 2011, Wager–Athey 2018, Simester–Timoshenko–Zoumpoulis 2020, Schmittlein–Morrison–Colombo 1987, Fader–Hardie–Lee 2005, and the Hartmann et al. 2008 social-interactions review), each prose citation can be upgraded to an @-key citation without changing the surrounding text.






33 Model Building

A model is a deliberately simplified representation of a market, a consumer, or a firm, built to answer a question that the unsimplified world is too tangled to answer directly. Marketing’s analytical models are not pictures of reality; they are instruments of reasoning. A good one strips away everything that does not bear on the question at hand and keeps only the few forces whose interaction the analyst wants to understand—then traces, with the discipline of mathematics, what those forces imply. The payoff is a chain of if–then statements that the unaided mind cannot reliably produce: if consumers have these preferences and firms compete on price, then equilibrium prices rise in product differentiation; if a brand’s utility comes mostly from a brand–attribute interaction, then the brand is less extendable (Chapter 11). The craft of model building is the craft of choosing those few forces well.

This chapter is about that craft rather than about any one model. The substantive models—diffusion, choice, pricing, advertising response—appear in their own chapters; here the object of study is the act of modeling itself. The reader who finishes the chapter should be able to read a formal marketing paper and see the machinery behind the equations: which assumptions are doing the work, where realism was traded for tractability and why, what comparative static the model was built to deliver, and how one would know whether the model is any good. These are skills that transfer across the analytical, the structural-econometric, and the machine-learning traditions, because all three are, at bottom, exercises in disciplined simplification.

The chapter proceeds from anatomy to use. It first defines a model formally and distinguishes the major modeling traditions in marketing. It then takes up the central tension of the craft—tractability versus realism—and the device that makes models say something testable, comparative statics. A worked Hotelling pricing model runs through these sections as a common example, derived in full and then explored numerically. The chapter closes with validation—how a model earns trust—and with the role models play in the slow accumulation of marketing theory.


33.1 What a Model Is

A model has three parts: a set of primitives (the objects assumed to exist and their properties), a set of assumptions (restrictions on how the primitives behave and interact), and a solution concept (the rule that selects, from all logically possible configurations, the ones the model predicts). The output is a set of endogenous quantities—prices, shares, profits—expressed as functions of the exogenous quantities the analyst holds fixed—costs, preference parameters, the number of firms. The art is in the assumptions; everything downstream is deduction.


A model is a logical apparatus for converting assumptions into conclusions. Its value lies not in the literal truth of its assumptions but in whether the conclusions it forces upon us are ones we could not otherwise have reached, and whether they survive confrontation with data.



Consider the canonical example, due to Hotelling (1929): two firms locate on a line of unit length along which consumers are uniformly distributed, and each consumer buys one unit from whichever firm offers the lower delivered price—posted price plus a linear travel cost. The primitives are the consumers, their locations, their common reservation value, and the two firms. The assumptions are uniform density, unit demand, full market coverage, and linear transport cost. The solution concept is Nash equilibrium in prices (Nash 1950): each firm sets the price that maximizes its profit given the other’s price, and equilibrium is the fixed point at which neither wishes to deviate. From this thin description the model delivers a sharp, non-obvious conclusion: equilibrium prices, and hence margins, rise with the cost of travel—that is, with the degree of horizontal differentiation between the firms. Spatial distance on the line is a metaphor; the real content is that differentiation softens price competition, a result that organizes a large empirical literature on positioning.

The stub that previously occupied this chapter sketched exactly this model; the Section 33.4 section below completes the derivation and corrects it, then puts it to work.


33.1.1 Traditions of Modeling in Marketing

Marketing does not have one modeling style; it has several, distinguished by what they take as given and what they let the data determine. Table 33.1 lays out the three that dominate the field, with the trade-offs that send a researcher to one rather than another.




Table 33.1: Three modeling traditions in marketing and their trade-offs.












	Tradition
	Primitives fixed by theory
	What data do
	Typical output
	Strength / weakness





	Analytical (game-theoretic)
	Preferences, cost, information, timing; equilibrium concept
	Often none; or calibrate a few parameters
	Closed-form comparative statics, existence/uniqueness results
	Transparent mechanism; clean why. Fragile to assumptions; rarely fits data



	Structural-econometric
	Functional forms for utility, cost; equilibrium concept
	Estimate deep parameters from market data
	Parameter estimates; counterfactual simulations
	Policy-relevant counterfactuals. Heavy assumptions; identification-hungry



	Reduced-form / ML
	Minimal; a flexible conditional-mean or predictive function
	Carry most of the load
	Effect estimates or predictions
	Robust, flexible. Silent on mechanism; weak out-of-sample of policy










The analytical tradition—Hotelling, the spatial-competition descendants Salop and Stiglitz (1977) and d’Aspremont, Gabszewicz, and Thisse (1979), and the marketing-theory program codified by K. S. Moorthy (1993) and Gary L. Lilien et al. (1992)—builds small, fully solved models whose purpose is to isolate a mechanism. The structural tradition writes down a model of the same kind but treats its parameters as unknowns to be recovered from data, then uses the estimated model to simulate worlds that were never observed; the random-utility demand systems of McFadden (1986b), the scanner-panel choice model of Peter M. Guadagni and Little (1983b), and the differentiated-products equilibrium of S. Berry, Levinsohn, and Pakes (1995b) are its landmarks. The reduced-form and machine-learning tradition imposes the least theory and lets a flexible function absorb the patterns in the data. The three are complements, not rivals: an analytical model proposes a mechanism, a structural model quantifies it and runs counterfactuals, and a reduced-form study checks whether the mechanism’s qualitative footprint is actually in the data. This chapter’s principles—assumptions, tractability, comparative statics, validation—apply to all three, but they bite hardest in the analytical tradition, where the modeler’s choices are most exposed.



33.1.2 Assumptions and Their Roles

Not all assumptions are alike, and conflating them is a common source of confusion when reading or refereeing a model. It is useful to separate three kinds.

Domain assumptions delimit the world the model is about: unit demand, a single purchase occasion, a covered market. They define scope, and the model makes no claim outside them. Heuristic assumptions are simplifications the modeler believes are false but adopts because they buy tractability while leaving the target mechanism intact—linear transport cost, symmetric firms, a continuum of consumers. Substantive assumptions are the ones the result genuinely depends on, the load-bearing walls; relax them and the conclusion changes. The discipline of model building is to keep substantive assumptions few, explicit, and defended, and to be honest about which simplifications are heuristic. A frequent failure mode is a result that looks like it flows from an innocuous heuristic assumption but in fact requires a strong substantive one smuggled in alongside it.

A famous cautionary tale lives inside the Hotelling model itself. Hotelling’s original claim was that the two firms would locate together at the center—the “principle of minimum differentiation.” d’Aspremont, Gabszewicz, and Thisse (1979) showed the claim was an artifact of the linear-cost assumption: with linear transport costs, pure-strategy price equilibrium fails to exist when firms are close together, so the location analysis that produced minimum differentiation rested on a non-existent price stage. Replace the heuristic linear cost with a quadratic cost and the model delivers the opposite—maximum differentiation. An assumption the field had read as harmless heuristic was in fact substantive, and the headline result reversed when it was corrected. The episode is the standard argument for why a modeler should always ask, of every simplification, which kind of assumption is this, and how would I know.








Friedman’s instrumentalism, and its limits




A model’s assumptions need not be realistic for the model to be useful—what matters, on the instrumentalist view, is the accuracy of its predictions. This is liberating and largely correct for prediction. It is dangerous for explanation and counterfactual policy: a model that predicts well in-sample because two wrong assumptions cancel will give wrong answers the moment a policy change unbalances them. Marketing cares about counterfactuals—what happens if we cut price, change the assortment, enter a market—so realism of the mechanism, not just fit, earns its keep. 










33.2 Tractability versus Realism

Every modeling decision is a position on a frontier. At one extreme sits a model so faithful to reality that it cannot be solved and teaches nothing; at the other, a model so simple it is solved on sight but answers a question no one asked. The craft is to sit at the point on this frontier where the model is just rich enough to capture the force under study and just simple enough to be solved, simulated, or estimated. Figure 33.1 renders the trade-off.
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Figure 33.1: The tractability–realism frontier. Useful models live in the middle band: rich enough to capture the target mechanism, simple enough to yield results. The modeler moves along the frontier by adding or relaxing substantive assumptions.








Three observations make the trade-off operational. First, realism is not a virtue in itself. Adding a feature that does not interact with the target mechanism buys no insight and may forfeit a closed form; a feature earns its place only if the answer would be wrong or empty without it. Second, tractability is a moving target. A model that resists closed-form solution may yield to numerical solution, and one that resists analytical comparative statics may yield to simulation—so the frontier shifts outward as computational tools improve. The structural tradition exists largely because estimation and simulation pushed the frontier far enough to let realistic equilibrium models meet data. Third, the right point on the frontier depends on the question. A model meant to establish that an effect can exist in principle should be as simple as possible; a model meant to forecast the size of that effect in a specific market must be realistic enough to be calibrated to it.


33.2.1 A Decomposition of Model Error

The trade-off has a precise statistical shadow when the model is used to predict. Let θ\theta denote the true data-generating mechanism and f(⋅;θ)f(\cdot\,;\theta) a target functional of it—a demand elasticity, a market share. A model class ℳ\mathcal{M} produces an estimate f̂\hat f. Its expected squared error decomposes,

𝔼[(f̂−f(θ))2]=(𝔼[f̂]−f(θ))2⏟bias2(too simple)+𝔼[(f̂−𝔼[f̂])2]⏟variance(too flexible).(33.1)
\mathbb{E}\!\left[\big(\hat f - f(\theta)\big)^2\right]
= \underbrace{\big(\mathbb{E}[\hat f] - f(\theta)\big)^2}_{\text{bias}^2\;(\text{too simple})}
+ \underbrace{\mathbb{E}\!\left[\big(\hat f - \mathbb{E}[\hat f]\big)^2\right]}_{\text{variance}\;(\text{too flexible})}.
 \qquad(33.1)

A model that is too stylized—too far toward tractability—carries bias: it omits forces that matter, and no amount of data removes the resulting systematic error. A model that is too elaborate—too far toward realism, with many free parameters—carries variance: it chases noise, and its conclusions swing with the sample. Minimizing the sum, not either term alone, is the quantitative content of “just rich enough.” Equation 33.1 is the bias–variance trade-off familiar from prediction, but it also disciplines theory: a model with one well-chosen substantive assumption often beats a model with five, because each additional assumption that does not pull its weight adds variance (in fit) or fragility (in mechanism) without reducing bias. The analytical modeler manages this trade-off with judgment; the structural and ML modeler can manage it explicitly through regularization and out-of-sample selection.




33.3 Comparative Statics

A model that produces a single number is inert. What makes a model scientifically useful is comparative statics: the sign and, where possible, the magnitude of the change in an endogenous quantity when an exogenous one shifts. Comparative statics are the model’s predictions—the things that can be confronted with data and that distinguish one theory from another. “Prices rise with differentiation” is a comparative static; it is falsifiable, and it is the model’s actual scientific content. The equilibrium price level on its own is not.

Formally, suppose the equilibrium is defined implicitly by a system of first-order conditions $\mathbf{g}(\mathbf{y}^\*, \boldsymbol{\alpha}) = \mathbf{0}$, where $\mathbf{y}^\*$ is the vector of endogenous variables and 𝛂\boldsymbol{\alpha} the exogenous parameters. When the Jacobian ∂𝐠/∂𝐲\partial \mathbf{g}/\partial \mathbf{y} is nonsingular at the solution, the implicit function theorem gives the comparative static directly, without ever solving for $\mathbf{y}^\*$ in closed form,

$$
\frac{\partial \mathbf{y}^\*}{\partial \boldsymbol{\alpha}}
= -\left(\frac{\partial \mathbf{g}}{\partial \mathbf{y}}\right)^{-1}
   \frac{\partial \mathbf{g}}{\partial \boldsymbol{\alpha}}.
\qquad(33.2)$$

This is the workhorse of analytical modeling: it extracts testable predictions even when the model is too complex to solve explicitly, provided the equilibrium exists and is locally unique. The two conditions in italics are not technical bookkeeping—they are the identification of the comparative static. If the equilibrium is not unique, the sign of $\partial \mathbf{y}^\*/\partial
\boldsymbol{\alpha}$ may differ across equilibria and the model makes no single prediction; if existence fails, as it does in the linear-cost Hotelling location game, there is nothing to differentiate. Establishing existence and uniqueness is therefore not a preliminary to the economics; in a comparative-statics model it is the economics.



33.4 A Worked Model: Hotelling Price Competition

The pieces above are best seen at work. This section derives the Hotelling pricing equilibrium in full—repairing the algebra of the earlier draft—then uses it to illustrate comparative statics and, in Section 33.5, validation by simulation.


33.4.1 Setup and Primitives

Consumers are distributed uniformly with density one on the interval [0,1][0,1]. Firm AA is located at aa and firm BB at bb, with 0≤a<b≤10 \le a < b \le 1. Each consumer buys exactly one unit and incurs a linear “transport” disutility tt per unit of distance between her location xx and the firm she buys from. The reservation value VV is common and large enough that the market is fully covered—every consumer buys. The utility a consumer at xx derives from buying from each firm is

UA=V−pA−t|x−a|,UB=V−pB−t|x−b|,(33.3)
U_A = V - p_A - t\,|x - a|, \qquad U_B = V - p_B - t\,|x - b|,
 \qquad(33.3)

where pAp_A and pBp_B are the posted prices. The transport cost tt is the model’s measure of horizontal differentiation: when tt is large, a consumer’s location matters a great deal and the firms are, from her standpoint, poor substitutes; when t→0t \to 0, the firms sell an undifferentiated good and Bertrand logic should drive prices to marginal cost.



33.4.2 The Marginal Consumer and Demand

For prices not too far apart, there is a single indifferent (marginal) consumer at location x‾\bar x between the firms who is exactly indifferent: every consumer to her left buys from AA, every consumer to her right from BB. Setting UA=UBU_A = U_B with a≤x‾≤ba \le \bar x \le b, so that |x−a|=x‾−a|x-a| = \bar x - a and |x−b|=b−x‾|x-b| = b - \bar x,

V−pA−t(x‾−a)=V−pB−t(b−x‾).
V - p_A - t(\bar x - a) = V - p_B - t(b - \bar x).


Collecting terms in x‾\bar x,

pB−pA+ta−tb=−2tx‾⇒x‾=a+b2+pB−pA2t.(33.4)
p_B - p_A + t a - t b = -2 t \bar x
\;\;\Longrightarrow\;\;
\bar x = \frac{a + b}{2} + \frac{p_B - p_A}{2t}.
 \qquad(33.4)

Because consumers are uniform on [0,1][0,1], firm AA’s demand (market share) is qA=x‾q_A = \bar x and firm BB’s is qB=1−x‾q_B = 1 - \bar x. The earlier draft wrote the first term as b−a2\tfrac{b-a}{2}; the correct expression is the midpoint a+b2\tfrac{a+b}{2}, which reduces to 12\tfrac12 in the symmetric case a=1−ba = 1-b used below.



33.4.3 Equilibrium Prices

With constant marginal cost normalized to zero, profits are πA=pAx‾\pi_A = p_A \,\bar x and πB=pB(1−x‾)\pi_B = p_B\,(1 - \bar x). Substituting Equation 33.4,

πA=pA(a+b2+pB−pA2t),πB=pB(1−a+b2−pB−pA2t).
\pi_A = p_A\!\left(\frac{a+b}{2} + \frac{p_B - p_A}{2t}\right), \qquad
\pi_B = p_B\!\left(1 - \frac{a+b}{2} - \frac{p_B - p_A}{2t}\right).


Each firm chooses its own price taking the rival’s as given (the Nash solution concept). The first-order conditions are

∂πA∂pA=a+b2+pB−2pA2t=0,∂πB∂pB=1−a+b2+pA−2pB2t=0,(33.5)
\frac{\partial \pi_A}{\partial p_A}
= \frac{a+b}{2} + \frac{p_B - 2p_A}{2t} = 0, \qquad
\frac{\partial \pi_B}{\partial p_B}
= 1 - \frac{a+b}{2} + \frac{p_A - 2p_B}{2t} = 0,
 \qquad(33.5)

and each profit is strictly concave in own price, since ∂2πA/∂pA2=−1/t<0\partial^2 \pi_A/\partial p_A^2 = -1/t < 0, so the conditions identify maxima and the best-response system has a unique solution. These first-order conditions are the best-response functions; solving them simultaneously gives the pure-strategy Nash equilibrium

$$
p_A^\* = \frac{t}{3}\,(2 + a + b), \qquad
p_B^\* = \frac{t}{3}\,(4 - a - b).
\qquad(33.6)$$

In the symmetric maximal-differentiation configuration a=0,b=1a = 0,\ b = 1, both prices collapse to the textbook value $p_A^\* = p_B^\* = t$, each firm serves half the market, and equilibrium profits are t/2t/2 apiece.



33.4.4 Reading the Comparative Statics

Equation 33.6 is not the point; the comparative statics are. Differentiating the symmetric price $p^\* = t$ with respect to the differentiation parameter,

$$
\frac{\partial p^\*}{\partial t} = 1 > 0,
$$

which is the model’s central, falsifiable prediction: equilibrium prices and margins rise with horizontal differentiation. As t→0t \to 0 the goods become perfect substitutes and prices fall to marginal cost—the Bertrand limit—recovering a known benchmark and so passing an internal validity check (Section 33.5). A second comparative static reads off Equation 33.6 directly: holding total separation fixed, a firm that moves toward the center (raising a+ba+b for AA, lowering it for BB) gains demand but, through the equilibrium, alters both prices, which is exactly the tension d’Aspremont, Gabszewicz, and Thisse (1979) showed can destroy existence of the price equilibrium under linear costs. The lesson of Section 33.3 is concrete here: the prediction “$\partial p^\*/\partial t > 0$” is only as trustworthy as the existence and uniqueness of the equilibrium it is computed at, and those hold in the pricing subgame studied above but fail in the full location-then-pricing game with linear costs.




33.5 Validation

A model earns trust through validation, and validation in modeling is broader than “does it fit the data.” It runs along four lines, ordered roughly from cheapest to most demanding, and a serious modeling paper passes several.

Internal validity asks whether the model is internally coherent and recovers known benchmarks in limiting cases. The Hotelling model’s collapse to Bertrand pricing as t→0t \to 0 is an internal-validity check; so is dimensional consistency, the existence and uniqueness of the claimed equilibrium, and the correct sign of second-order conditions. Internal checks are cheap and catch most errors—including the algebra slip corrected in Section 33.4.

Face and theoretical validity asks whether the comparative statics agree with established theory and with what domain experts believe. A model predicting that differentiation intensifies price competition would fail face validity against a century of industrial-organization theory and would need an extraordinary defense.

Predictive validity asks whether the model’s quantitative predictions match held-out data. This is where the bias–variance decomposition of Equation 33.1 becomes operational: a model is validated not by in-sample fit, which any sufficiently flexible model achieves, but by performance on data it did not see. The structural tradition adds counterfactual validity—does the estimated model reproduce the response to an out-of-sample policy change, such as a price shock or an entry event? Because counterfactual accuracy is what marketing ultimately wants, this is the most demanding test and the one a purely predictive model cannot pass.

The next section illustrates internal and predictive validation by simulating the Hotelling equilibrium, recovering the analytical solution numerically, and confirming the comparative static.


33.5.1 Validation by Simulation

The clearest test that a derived equilibrium is correct is to find it again by a different route. The code below solves the symmetric Hotelling pricing game numerically—by iterating the best-response functions to a fixed point—for a grid of differentiation parameters tt, then compares the numerical equilibrium to the closed-form $p^\* = t$ and confirms the comparative static $\partial p^\*/\partial t
= 1$. Iterating best responses to a fixed point also doubles as a check that the equilibrium is stable, not merely a solved system of equations.


set.seed(28)

# Best-response price for firm A given rival price pB, locations a, b, cost t.
# Derived from the FOC in eq-foc with marginal cost normalised to zero.
best_response <- function(p_rival, own_loc, rival_loc, t, is_A = TRUE) {
  share_intercept <- if (is_A) (own_loc + rival_loc) / 2
                     else 1 - (own_loc + rival_loc) / 2
  (t * share_intercept + p_rival / 2) / 1  # p_own = t*intercept + p_rival/2
}

# Solve the price game by iterating best responses to a fixed point.
solve_hotelling <- function(a, b, t, tol = 1e-10, max_iter = 1000) {
  pA <- pB <- t                      # arbitrary positive starting prices
  for (i in seq_len(max_iter)) {
    pA_new <- best_response(pB, a, b, t, is_A = TRUE)
    pB_new <- best_response(pA_new, b, a, t, is_A = FALSE)
    if (max(abs(pA_new - pA), abs(pB_new - pB)) < tol) break
    pA <- pA_new; pB <- pB_new
  }
  c(pA = pA_new, pB = pB_new)
}

# Symmetric configuration a = 0, b = 1 across a grid of differentiation levels.
t_grid <- seq(0.5, 3, by = 0.25)
num_price <- sapply(t_grid, function(t) solve_hotelling(0, 1, t)["pA"])
closed_form <- t_grid              # analytical equilibrium p* = t

# Internal-validity check: numerical vs analytical agreement.
max_abs_error <- max(abs(num_price - closed_form))
slope <- coef(lm(num_price ~ t_grid))[2]   # should equal dp*/dt = 1
cat("Max |numerical - closed form|:", format(max_abs_error, digits = 3), "\n")
#> Max |numerical - closed form|: 0
cat("Estimated dp*/dt (should be 1):", round(slope, 6), "\n")
#> Estimated dp*/dt (should be 1): 1

plot(t_grid, num_price, pch = 19,
     xlab = "Differentiation parameter t", ylab = "Equilibrium price p*",
     main = "Hotelling equilibrium: simulation vs. closed form")
abline(a = 0, b = 1, col = "blue", lwd = 2)
legend("topleft", legend = c("Numerical fixed point", "Closed form p* = t"),
       pch = c(19, NA), lty = c(NA, 1), col = c("black", "blue"), bty = "n")
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Figure 33.2: Numerical Hotelling equilibrium recovered by best-response iteration (points) against the closed-form solution p* = t (line), for firms at a = 0, b = 1. The numerical fixed point reproduces the analytical equilibrium and confirms the comparative static dp*/dt = 1.








The numerical fixed point lands on the analytical line to within solver tolerance and the estimated slope is one, so the derivation in Section 33.4 survives the check and the comparative static is confirmed. A discrepancy here would have signalled an algebra error, a coding error, or a failure of existence—precisely the three things internal validation exists to catch.1




33.6 The Role of Models in Theory Development

Models do more than answer single questions; they are the medium in which marketing theory accumulates. Three functions deserve emphasis, because they explain why the field invests in formal models at all rather than reasoning verbally.

First, models discipline intuition. Verbal arguments in marketing are easy to construct and hard to falsify; a force can always be invoked to explain any outcome. A formal model forces every assumption into the open and every conclusion to follow by deduction, which means a wrong intuition can be caught. The minimum-differentiation reversal of d’Aspremont, Gabszewicz, and Thisse (1979) is the paradigm case: a verbal argument that “firms cluster to capture the middle” sounds compelling and stood for half a century, yet the formal analysis showed it depends on an assumption that, once corrected, reverses the conclusion. No amount of verbal reasoning would have located the error.

Second, models generate non-obvious predictions that organize empirical work. The comparative statics a model delivers are hypotheses an empiricist can test, and the best models predict things no one was looking for. A model is most valuable when its implications are surprising and survive testing, because surprise is evidence the model captured a real mechanism rather than encoding what the modeler already believed. This is why the comparative static, not the equilibrium value, is the scientific output (Section 33.3).

Third, models travel. A mechanism isolated in one context recurs in others, and a solved model is a portable unit of theory. The Hotelling logic that differentiation softens competition reappears in product positioning, in geographic competition, in political competition over platforms, and—reinterpreted—in the brand-extension result that a brand whose utility comes from a brand–attribute interaction is less extendable (Chapter 11). The signaling logic that credible signals are differentially costly across types organizes phenomena from brand prominence to specialization to authenticity. Theory accumulates not by piling up facts but by recognizing the same model under many guises, which a formal statement makes possible and a verbal one obscures.

The relationship between models and data is therefore a cycle rather than a hierarchy. A model proposes a mechanism; data confront its comparative statics; the confrontation refines the model—tightening a substantive assumption here, exposing a heuristic one there; and the refined model proposes sharper predictions. The craft of model building is the craft of keeping this cycle honest: choosing assumptions one can defend, simplifying without gutting the mechanism, deriving predictions one can test, and validating against the world rather than against one’s hopes for it.



33.7 Key Takeaways


	A model converts assumptions into conclusions by deduction; its value is the if–then statements it forces, not the literal truth of its premises.

	Separate domain, heuristic, and substantive assumptions, and know which kind each is—a result’s fragility lives in the substantive ones, and mislabeling a substantive assumption as heuristic is how headline results (e.g., minimum differentiation, d’Aspremont, Gabszewicz, and Thisse (1979)) get reversed.

	The tractability–realism trade-off (Section 33.2) has a statistical shadow in the bias–variance decomposition (Equation 33.1): too simple buys bias, too elaborate buys variance, and “just rich enough” minimizes their sum.

	Comparative statics, extracted via the implicit function theorem (Equation 33.2), are the model’s testable content; their validity rests on the existence and uniqueness of the equilibrium, which is part of the economics, not a technicality.

	Validation runs from internal coherence and benchmark recovery through face, predictive, and counterfactual validity; simulation that recovers a closed-form equilibrium (Figure 33.2) is a cheap, decisive internal check.

	Models develop theory by disciplining intuition, generating non-obvious predictions, and traveling across contexts—turning isolated mechanisms into portable, accumulating theory.









1. The simulation also exposes the model’s edge. As tt shrinks toward zero the equilibrium price falls toward marginal cost, but the best-response iteration slows and the covered-market assumption (every consumer buys) eventually binds; below some tt the assumed interior equilibrium no longer describes the game. A validation exercise that quietly ignored the boundary would over-claim the model’s range.





34 Structural Models

A structural model is an empirical model whose parameters are the primitives of an economic theory: the preferences of consumers, the technologies and costs of firms, the information agents hold, and the rules of the game they play. Rather than fit a flexible function from covariates to an outcome, the analyst writes down how agents decide—typically as the solution to an optimization problem under an equilibrium concept—and then estimates the deep parameters that rationalize the observed data. The payoff is that those parameters are, by construction, invariant to the policies the analyst wants to study, so the model can answer questions about worlds that were never observed: a price never charged, a product never launched, a compensation plan never offered.

This is a different ambition from prediction or even from causal inference. A reduced-form analysis asks what is the effect of X on Y? and answers it, ideally, with a research design that isolates exogenous variation. A structural analysis asks how does the system work?—and, having recovered the mechanism, can simulate the effect of any intervention the mechanism admits, including ones for which no experiment or natural experiment exists. The cost of that generality is steep: structural models impose strong assumptions (functional forms, equilibrium, the information environment), and when those assumptions are wrong the conclusions are wrong in ways that are hard to detect. Much of the craft lies in choosing assumptions that buy identification without buying bias, and in being honest about which results lean on which assumptions.

This chapter develops the structural approach for a reader who already understands regression and causal inference and wants to see what changes when economic theory is moved from the discussion section into the likelihood. We proceed from intuition to formalism: first the anatomy of a structural model and its relationship to causal inference (Section 34.1); then a worked supply-and-demand example that exposes the endogeneity problem at the heart of the field (Section 34.2); then the two workhorse estimators—maximum likelihood and the generalized method of moments—and the discrete-choice and dynamic models that dominate marketing applications (Section 34.3 through Section 34.5); and finally the identification threats that decide whether any of it can be believed (Section 34.6). Throughout, the running theme is the one stated above: structural parameters are valuable precisely to the extent that they are policy invariant, and they are policy invariant only to the extent that the model is correct.


34.1 What Makes a Model “Structural”

The defining feature of a structural model is that its parameters have an interpretation outside the data-generating environment in which they were estimated. P. Chintagunta et al. (2006), in a field review, characterize structural modeling as the practice of using economic theory to discipline the specification of an empirical model so that the estimated coefficients correspond to taste, technology, or strategic primitives rather than to environment-specific correlations. The distinction matters most when the goal is counterfactual: a demand elasticity estimated as a structural taste parameter can be carried into a pricing simulation, whereas a regression slope estimated in one price regime carries no guarantee of stability when the regime changes.

It is useful to state the contrast formally. Suppose an outcome yy is generated by agents who choose actions to maximize an objective indexed by a structural parameter vector 𝛉\boldsymbol{\theta} (e.g., utility weights, marginal costs) given a state 𝐬\mathbf{s} and a policy 𝐩\mathbf{p} (prices, assortment, incentives): y=m(𝐬,𝐩;𝛉)+ε,(34.1)
y = m(\mathbf{s}, \mathbf{p}; \boldsymbol{\theta}) + \varepsilon ,
 \qquad(34.1) where m(⋅)m(\cdot) is the decision rule—the mapping from states and policy to behavior implied by the agent’s optimization and the market equilibrium. A reduced-form analysis estimates a projection of yy on (𝐬,𝐩)(\mathbf{s},\mathbf{p}) that is valid only on the support and policy regime observed. A structural analysis estimates 𝛉\boldsymbol{\theta}, then re-solves Equation 34.1 under a new policy 𝐩′\mathbf{p}' to predict y′=m(𝐬,𝐩′;𝛉)y' = m(\mathbf{s}, \mathbf{p}';
\boldsymbol{\theta}). The structural object is reusable; the reduced-form object, strictly, is not.


Causal inference estimates the effect of a treatment that occurred; structural modeling estimates the mechanism that would produce the effect of a treatment that did not. The first is a statement about a realized intervention, the second a statement about a class of interventions the model can simulate.



The two traditions are complements rather than rivals, and the modern literature treats them as such. Credible causal estimates discipline structural models—a quasi-experimental demand elasticity is a moment a structural demand system should reproduce—and structural reasoning, in turn, tells the causal analyst where the endogeneity is and what would constitute a valid instrument. C. T. Conlon and Mortimer (2013) illustrate the round trip: they build a structural demand model to handle endogenous product availability (stockouts that are correlated with demand shocks) and then use the structural estimates to run counterfactuals that no reduced-form design could deliver. The remainder of this section makes the three pillars of any structural exercise—behavioral assumptions, equilibrium, and counterfactuals—precise before we turn to estimation.

Figure 34.1 summarizes the workflow that distinguishes the structural pipeline from a reduced-form one.
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Figure 34.1: The structural modeling pipeline. Economic theory specifies agents’ objectives; optimization and an equilibrium concept yield a decision rule whose deep parameters are estimated by MLE or GMM; the estimated rule is then re-solved under new policies for counterfactual analysis. The dashed path is the reduced-form alternative, which stops at an environment-specific association.









34.1.1 Behavioral and Equilibrium Assumptions

Structural models earn their counterfactual power by committing to assumptions of four kinds, and the credibility of any application rests on how defensible those commitments are.

The first is functional form: the shape of utility, demand, or cost. Is demand linear in price, or constant-elasticity? Is utility linear in attributes, or does it exhibit diminishing marginal utility? These choices are not innocuous, because the counterfactual extrapolates along the assumed curvature.

The second is the decision protocol: the rule by which agents map information to actions. The canonical assumption is utility maximization—each consumer chooses the alternative delivering the highest utility—but the model must also say whether agents are myopic or forward looking, risk neutral or risk averse, and whether they learn.

The third is the information environment. Do consumers know all product attributes when choosing, or do they face uncertainty and update beliefs? Tülin Erdem, Keane, and Sun (2008), for instance, build a model in which advertising influences price sensitivity precisely because consumers are uncertain about quality in experience- good markets and advertising conveys information; the substantive conclusion is inseparable from the informational assumption.

The fourth is the equilibrium concept. In a market model the analyst must say how agents’ choices are mutually consistent: that the market clears, or that firms play a Nash equilibrium in prices, or that a dynamic game is in Markov-perfect equilibrium. Kadiyali, Sudhir, and Rao (2001) review how equilibrium assumptions let the analyst infer unobserved competitive conduct—whether firms behave more collusively or more competitively than Bertrand—from the comovement of prices and quantities, an inference impossible without the equilibrium restriction.

These assumptions are what make the model tractable and estimable, and they are simultaneously the model’s principal vulnerability: a misspecified information environment or an incorrect conduct assumption biases the deep parameters and, with them, every counterfactual. The discipline of the field is to state each assumption explicitly, to test those that are testable, and to flag the counterfactuals that hinge on the rest.



34.1.2 Counterfactuals: the Reason to Pay the Price

The justification for the structural apparatus is the counterfactual. Once 𝛉\boldsymbol{\theta} is in hand, the analyst re-solves the model under a policy that was never implemented and reads off the predicted outcome—what would sales have been at a price we never charged? or what compensation plan maximizes profit? Gowrisankaran and Rysman (2020) provide a framework for exactly this kind of policy evaluation, and the counterfactual logic is what separates a structural paper from a descriptive one. The validity of a counterfactual is conditional on two things: the parameters are policy invariant (the Lucas-critique requirement), and the new policy lies within the class the model can represent. A model estimated under linear pricing cannot credibly simulate nonlinear tariffs; a static model cannot simulate a policy whose whole point is to change dynamic incentives. Stating the admissible counterfactual class is therefore part of specifying the model, not an afterthought.




34.2 A First Structural Model: Demand and Supply

The simplest model that exhibits the structural way of thinking is linear simultaneous supply and demand. It is worth working through in full because it already contains the central econometric problem of the entire field—the endogeneity of price—and the standard solution.

Let quantity demanded and supplied at price pp be Qd=α0−α1p+ud,Qs=β0+β1p+us,(34.2)
Q^{d} = \alpha_0 - \alpha_1 p + u^{d}, \qquad
Q^{s} = \beta_0 + \beta_1 p + u^{s},
 \qquad(34.2) with α1,β1>0\alpha_1, \beta_1 > 0 and structural shocks ud,usu^{d}, u^{s} (a demand shifter such as a taste shock; a supply shifter such as an input-cost shock). The structural parameters are the slopes α1\alpha_1 (how strongly quantity responds to price along the demand curve) and β1\beta_1 (the analogous supply response); these are the policy-invariant objects a manager would want for pricing. Market clearing, Qd=QsQ^{d} = Q^{s}, is the equilibrium condition, and it determines the observed price p⋆=α0−β0+ud−usα1+β1.(34.3)
p^{\star} = \frac{\alpha_0 - \beta_0 + u^{d} - u^{s}}{\alpha_1 + \beta_1}.
 \qquad(34.3)

Equation 34.3 is the crux. Because equilibrium price depends on the demand shock udu^{d}, price is endogenous: Cov(p⋆,ud)≠0\mathrm{Cov}(p^{\star}, u^{d}) \neq 0. A naive regression of observed quantity on observed price does not recover α1\alpha_1; it recovers a hybrid of the demand and supply slopes—the textbook simultaneity bias. Intuitively, the observed price–quantity pairs are intersections of shifting demand and supply curves, so the scatter traces out neither curve. This single fact—that prices are set by agents who observe demand conditions the econometrician does not—motivates the instrumental-variable and control-function machinery that pervades structural demand estimation.

Identification comes from exclusion restrictions: a variable that shifts supply but not demand traces out the demand curve, and vice versa. A cost shifter zz entering supply but excluded from demand instruments for price in the demand equation. Montgomery and Rossi (1999) exploit precisely this logic to estimate price elasticities at the store and household level, recovering structural demand slopes that a single-equation regression would contaminate. The simulation below makes the bias concrete and shows that an instrument recovers the truth.


set.seed(29)
n  <- 5000
a0 <- 10; a1 <- 1.5      # demand intercept, slope (truth)
b0 <- 2;  b1 <- 1.0      # supply intercept, slope (truth)

z  <- runif(n, 0, 4)     # cost shifter: enters supply, excluded from demand
ud <- rnorm(n)           # demand shock
us <- rnorm(n)           # supply shock

# Equilibrium price and quantity (solve Qd = Qs with a cost shifter in supply)
# Qd = a0 - a1 p + ud ;  Qs = b0 + b1 p + g*z + us
g  <- 1.2
p  <- (a0 - b0 - g * z + ud - us) / (a1 + b1)
q  <- a0 - a1 * p + ud

# (1) Naive OLS of quantity on price: biased for the demand slope -a1
ols  <- coef(lm(q ~ p))["p"]

# (2) Two-stage least squares using the cost shifter z as an instrument
phat <- fitted(lm(p ~ z))
iv   <- coef(lm(q ~ phat))["phat"]

cat("True demand slope (-a1):      ", -a1, "\n")
#> True demand slope (-a1):       -1.5
cat("OLS estimate (biased):        ", round(ols, 3), "\n")
#> OLS estimate (biased):         -0.892
cat("IV / 2SLS estimate (consistent):", round(iv, 3), "\n")
#> IV / 2SLS estimate (consistent): -1.513




The OLS slope is attenuated and unstable; the instrumented slope recovers −α1-\alpha_1. This linear example scales, conceptually, all the way to modern differentiated- products demand systems, where the same endogeneity reappears (price correlates with unobserved product quality) and is handled with the same idea—cost or competitor- based instruments—inside a far richer choice model, to which we now turn.



34.3 Estimation: Maximum Likelihood and GMM

Structural parameters are rarely obtained by ordinary least squares. The two dominant estimators are maximum likelihood (ML) and the generalized method of moments (GMM); the standard graduate references develop both in depth (Greene 2003; Cameron and Trivedi 2005; Hensher, Rose, and Greene 2005), and the Handbook of Econometrics chapters on the econometric evaluation of policy collect the identification theory (Heckman and Vytlacil 2007a, 2007b; Abbring and Heckman 2007). The choice between ML and GMM is chiefly a choice about how much of the data-generating process one is willing to specify.

Maximum likelihood specifies the full conditional distribution of the data. If the model implies a density f(yi∣𝐱i;𝛉)f(y_i \mid \mathbf{x}_i; \boldsymbol{\theta}), the estimator maximizes the log-likelihood, 𝛉̂ML=argmax𝛉∑i=1nlogf(yi∣𝐱i;𝛉),(34.4)
\hat{\boldsymbol{\theta}}_{\mathrm{ML}}
  = \arg\max_{\boldsymbol{\theta}}
    \sum_{i=1}^{n} \log f(y_i \mid \mathbf{x}_i; \boldsymbol{\theta}),
 \qquad(34.4) which is efficient when the distributional assumption is correct but inconsistent when it is not. ML is the natural estimator for discrete-choice models, where the choice probabilities are the likelihood contributions.

The generalized method of moments specifies only a set of population moment conditions implied by the theory—typically that the structural error is orthogonal to a vector of instruments 𝐳i\mathbf{z}_i, 𝔼[𝐳ig(yi,𝐱i;𝛉)]=𝟎,(34.5)
\mathbb{E}\!\left[\, \mathbf{z}_i \, g(y_i, \mathbf{x}_i; \boldsymbol{\theta}) \,\right] = \mathbf{0},
 \qquad(34.5) where g(⋅)g(\cdot) is the structural residual. GMM minimizes the empirical analog of these moments in a quadratic form, 𝛉̂GMM=argmin𝛉g‾n(𝛉)⊤𝐖g‾n(𝛉),g‾n(𝛉)=1n∑i=1n𝐳ig(yi,𝐱i;𝛉),(34.6)
\hat{\boldsymbol{\theta}}_{\mathrm{GMM}}
  = \arg\min_{\boldsymbol{\theta}}
    \bar{g}_n(\boldsymbol{\theta})^{\top}\, \mathbf{W}\, \bar{g}_n(\boldsymbol{\theta}),
\qquad
\bar{g}_n(\boldsymbol{\theta}) = \frac{1}{n}\sum_{i=1}^{n}
  \mathbf{z}_i\, g(y_i, \mathbf{x}_i; \boldsymbol{\theta}),
 \qquad(34.6) with weighting matrix 𝐖\mathbf{W}; the efficient choice sets 𝐖\mathbf{W} to the inverse of the moment covariance. GMM is the estimator of choice when the analyst trusts a few orthogonality conditions (a cost instrument, an equilibrium first-order condition) but does not wish to commit to a full likelihood—exactly the situation in differentiated-products demand, where the famous contraction-mapping estimator inverts market shares to demand shocks and stacks them against instruments in Equation 34.6. Table 34.1 contrasts the two.




Table 34.1: Maximum likelihood versus GMM for structural estimation.










	Dimension
	Maximum likelihood
	Generalized method of moments





	Specifies
	Full conditional density of the data
	A set of moment/orthogonality conditions



	Efficiency
	Efficient if the distribution is correct
	Efficient given the chosen moments; generally less than full ML



	Robustness
	Inconsistent under distributional misspecification
	Consistent under far weaker assumptions



	Endogeneity
	Handled via control functions or joint likelihood
	Handled natively through instrument moments



	Typical use
	Discrete choice, dynamic discrete choice
	Demand systems, Euler-equation and conduct models



	Failure mode
	Wrong likelihood ⇒\Rightarrow biased everything
	Weak or invalid instruments ⇒\Rightarrow weak identification












34.4 Discrete Choice as the Workhorse

A large share of structural marketing models are built on random-utility discrete choice, because most consumer decisions—which brand, which channel, whether to buy at all—are discrete, and because the framework yields choice probabilities that are both behaviorally founded and computationally convenient. The reviews by Dubé et al. (2002) and Heiss (2002) lay out the family and its estimation; the model below is the canonical entry point.

Consumer ii choosing among alternatives j=1,…,Jj = 1,\dots,J derives utility Uij=Vij+εij=𝐱ij⊤𝛃−αpij+ξj+εij,(34.7)
U_{ij} = V_{ij} + \varepsilon_{ij}
       = \mathbf{x}_{ij}^{\top}\boldsymbol{\beta} - \alpha p_{ij} + \xi_j + \varepsilon_{ij},
 \qquad(34.7) where 𝐱ij\mathbf{x}_{ij} are observed attributes, pijp_{ij} is price, ξj\xi_j is an unobserved (to the analyst) product-quality term, and εij\varepsilon_{ij} is an idiosyncratic taste shock. The consumer picks jj if Uij≥UikU_{ij} \ge U_{ik} for all kk. When εij\varepsilon_{ij} is i.i.d. type-I extreme value, the choice probabilities take the closed-form multinomial logit, Pij=exp(Vij)∑k=1Jexp(Vik),(34.8)
P_{ij} = \frac{\exp(V_{ij})}{\sum_{k=1}^{J}\exp(V_{ik})},
 \qquad(34.8) which is the likelihood contribution maximized in Equation 34.4. Two structural warnings travel with Equation 34.8. First, the logit imposes independence of irrelevant alternatives (IIA): the relative odds of two alternatives are unaffected by any third, an implausible substitution pattern that the nested logit of Heiss (2002) relaxes by grouping close substitutes into nests. Second, the quality term ξj\xi_j is correlated with price (better products are priced higher), so α\alpha is endogenous—the same simultaneity as in Section 34.2, now inside a choice model—and is corrected with cost or competitor-price instruments.

A practical route to estimation, due to Berry, inverts the share equation. With an outside option j=0j=0 whose mean utility is normalized to zero, Equation 34.8 implies the linear relation lnsj−lns0=𝐱j⊤𝛃−αpj+ξj,(34.9)
\ln s_j - \ln s_0 = \mathbf{x}_{j}^{\top}\boldsymbol{\beta} - \alpha p_{j} + \xi_j,
 \qquad(34.9) so the left-hand side—an observed function of market shares—equals mean utility, and the demand parameters can be estimated by regressing it on attributes and price. The example below builds one market of many products, computes the inverted shares of Equation 34.9, and contrasts a naive regression (which ignores the correlation between price and ξj\xi_j) with a two-stage least-squares estimator that instruments price with a cost shifter.


set.seed(29)
J    <- 200; N <- 4e5               # products in one market; consumers sampled
x    <- rnorm(J)                    # observed product attribute
xi   <- rnorm(J)                    # unobserved quality -> source of endogeneity
cost <- runif(J, 0, 2)             # cost shifter -> instrument for price
beta_true <- 1.0; alpha_true <- 1.5

# Price rises in unobserved quality (endogeneity) and in the cost shifter
price <- 1.0 + 0.8 * xi + cost + rnorm(J, 0, 0.3)
delta <- x * beta_true - alpha_true * price + xi   # mean utility of products 1..J

# Logit shares with an outside good (utility 0); add sampling noise via multinomial
num    <- exp(delta)
s      <- num / (1 + sum(num)); s0 <- 1 / (1 + sum(num))
counts <- rmultinom(1, N, c(s0, s))[, 1]
share  <- counts[-1] / N; share0 <- counts[1] / N

y <- log(share) - log(share0)       # Berry inversion: y_j = delta_j

ols  <- coef(lm(y ~ x + price))                 # ignores xi: endogenous, biased
phat <- fitted(lm(price ~ x + cost))            # first stage: cost instruments price
iv   <- coef(lm(y ~ x + phat))                  # 2SLS price coefficient

cat("True price coef (-alpha):", -alpha_true, "\n")
#> True price coef (-alpha): -1.5
cat("Naive logit price coef:  ", round(ols["price"], 3), "\n")
#> Naive logit price coef:   -0.718
cat("IV logit price coef:     ", round(iv["phat"], 3), "\n")
#> IV logit price coef:      -1.433




The naive coefficient is badly attenuated toward zero—the unobserved quality ξj\xi_j raises both utility and price, masking the true price sensitivity—while the instrumented estimate recovers −α-\alpha. This is the lesson that recurs across every structural demand paper: the price coefficient is the parameter most contaminated by the unobserved quality term, and a valid instrument is the remedy.



34.5 Dynamics, Learning, and Forward-Looking Agents

Many marketing decisions are intertemporal—when to buy a durable, whether a salesperson exerts effort today for a bonus tomorrow, how a relationship evolves—and a static choice model cannot represent them. Dynamic structural models treat the agent as solving a sequential optimization, and they are the technically hardest but most rewarding members of the family.

The canonical object is a forward-looking agent who, in state sts_t, chooses action ata_t to maximize the expected present value of a stream of payoffs, V(st)=maxat{u(st,at;𝛉)+δ𝔼[V(st+1)∣st,at]},(34.10)
V(s_t) = \max_{a_t}\;
  \Big\{ u(s_t, a_t; \boldsymbol{\theta})
       + \delta\, \mathbb{E}\!\left[\, V(s_{t+1}) \mid s_t, a_t \,\right] \Big\},
 \qquad(34.10) the Bellman equation, where δ\delta is the discount factor, u(⋅)u(\cdot) the per-period payoff, and the expectation runs over the law of motion of the state. Estimation recovers the payoff primitives 𝛉\boldsymbol{\theta} from observed state–action sequences, typically by nesting the solution of 10 inside a likelihood. The substantive range is wide. Greg M. Allenby, Leone, and Jen (1999) model purchase timing in direct marketing as a dynamic decision, recovering when a household will next buy. Gowrisankaran and Rysman (2012) let consumer preferences evolve and apply the machinery to durable-goods markets, where today’s purchase forecloses tomorrow’s. Hitsch (2006) study optimal product launch and exit under demand uncertainty, treating the firm as a forward-looking decision maker learning about an uncertain market. Netzer, Lattin, and Srinivasan (2008) model the dynamics of customer–firm relationships as a hidden Markov process, in which a latent relationship state migrates over time and governs observable purchase behavior—a structural account of relationship “states” rather than a reduced-form churn score.

Forward-looking firms appear on the compensation side of the same coin. Misra and Nair (2011) estimate a structural model of sales-force incentives in which the salesperson chooses unobserved effort given the compensation plan, the firm designs the plan anticipating that response, and the recovered primitives (the cost of effort, the agent’s risk attitude) support counterfactual plans the firm never tried—work that Minkyung Kim, Sudhir, and Uetake (2022) extend to a multitasking sales force allocating effort across acquisition and retention. On the demand side over the customer lifecycle, Gupta et al. (2006) synthesize structural and other models of customer lifetime value, and W. Kamakura et al. (2005) embed choice models in customer-relationship strategy. Figure 34.2 organizes the marketing applications cited in this chapter by the decision they model.
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Figure 34.2: A taxonomy of structural marketing applications by the decision being modeled. Static discrete-choice and demand models sit on the left; dynamic, forward-looking models on the right. Each leaf names a representative study from this chapter.








The dynamic apparatus also extends to settings where behavior and content co-evolve. Goh, Heng, and Lin (2013) model the co-evolution of user behavior in social media, and Oliver J. Rutz, Trusov, and Bucklin (2011) use a structural model to disentangle the indirect effects of paid search advertising—how a search click today shifts later behavior—an effect invisible to a single-period attribution model. Price promotions, too, have dynamic consequences: Elberg et al. (2019) study how promotions move purchases across time rather than merely expanding the category, a stockpiling response that only a dynamic model represents correctly.



34.6 Identification: What Can and Cannot Be Recovered

A model is identified if distinct parameter values imply distinct distributions of the observable data; without identification, no estimator—however clever—can recover the truth, and a perfectly converged optimizer may report a number that the data do not pin down. Because structural models lean on assumptions for identification, naming the threats is as important as writing the likelihood.

The first and most pervasive threat is endogeneity, already met twice: price is set by agents who observe demand shocks the analyst does not, so the price coefficient is identified only through an exclusion restriction—a cost or competitor instrument that shifts the choice set without entering utility directly. When no valid instrument exists, the elasticity is not identified, full stop.

The second is functional-form dependence. In a static logit the substitution pattern is dictated by the IIA assumption rather than estimated, so a counterfactual that turns on cross-elasticities is identified by assumption, not by data; relaxing to nested or random-coefficient logit buys realism at the cost of additional parameters that themselves require variation to identify.

The third is the discount factor in dynamic models. The forward-looking payoff in 10 and the per-period payoff are notoriously hard to separate: a patient agent with low effort costs can mimic an impatient agent with high effort costs, so δ\delta is typically fixed rather than estimated, with the counterfactual’s credibility contingent on that choice.

The fourth is the equilibrium and conduct assumption: inferring competitive conduct from price–quantity comovement (Kadiyali, Sudhir, and Rao 2001) identifies conduct only if the maintained equilibrium concept is correct, and a misspecified conduct parameter contaminates the recovered costs.

The pattern across all four is the same and is worth internalizing as the chapter’s governing principle: structural identification trades data variation for assumptions, and every counterfactual inherits the assumptions that identified the parameters it uses. The honest structural paper, accordingly, reports which results are robust to weakening which assumption—and the practitioner reading one should ask, of every headline number, what assumption is this resting on?



34.7 Getting Started

For readers building toward this literature, the graduate econometrics texts of Greene (2003) and Cameron and Trivedi (2005) supply the estimation foundations; Hensher, Rose, and Greene (2005) is the standard reference for the discrete-choice models that anchor most marketing applications; Diamantopoulos, Fritz, and Hildebrandt (2013) surveys quantitative modeling in marketing more broadly; and the Handbook of Econometrics policy-evaluation chapters (Heckman and Vytlacil 2007a, 2007b; Abbring and Heckman 2007) connect structural estimation to the identification of treatment effects. A productive path is to reproduce a linear demand-and-supply system (Section 34.2), then a logit with endogenous price (Section 34.4), before attempting a dynamic model—each step adds one layer of structure, and the endogeneity intuition learned in the first carries unchanged into the last.



34.8 Key Takeaways


	A model is structural when its parameters are economic primitives—tastes, costs, information, conduct—and are therefore policy invariant; the payoff is counterfactual simulation of policies never observed (Equation 34.1).

	Structural modeling and causal inference are complements: causal estimates discipline structural models, and structural reasoning locates the endogeneity a causal design must address.

	Endogeneity of price is the central econometric problem, visible already in linear supply and demand (Equation 34.3) and recurring inside discrete-choice demand; it is resolved only by a credible exclusion restriction.

	MLE (full likelihood, efficient if correct) and GMM (moment conditions, robust) are the two workhorse estimators; the choice is about how much of the data-generating process one is willing to specify (Table 34.1).

	Dynamic models recover forward-looking primitives via the Bellman equation

	but face hard identification of the discount factor.




	Every counterfactual inherits the assumptions that identified its parameters; the credible structural paper reports which conclusions survive weakening which assumption (Section 34.6).







35 Measurement Scales

Most of the constructs marketing cares about—brand equity, satisfaction, involvement, trust, perceived authenticity—cannot be read off a receipt. They are latent: properties of a consumer’s mind that leave only indirect traces in answers to survey questions, in choices, and in behavior. A measurement scale is the instrument that turns those traces into numbers we can analyze, and the measurement model is the formal theory that says how the numbers relate to the construct they are supposed to capture. Getting the measurement model wrong is not a cosmetic error. It silently biases every downstream coefficient, invalidates the reliability and validity tests a reviewer will demand, and—most consequentially—can reverse a managerial recommendation, because the model dictates whether a manager should strengthen a coherent latent disposition or intervene on specific, possibly uncorrelated, drivers.

This chapter develops measurement as a modeling problem rather than a checklist. We begin with the classical theory that underwrites almost all psychometrics—true-score theory—and use it to define reliability precisely. We then draw the central distinction of the modern literature, between reflective and formative measurement, and make it formal with structural equations, including the identification conditions that decide whether a model can be estimated at all. With that machinery in place we walk through scale development as a disciplined sequence, define the standard battery of reliability and validity statistics and give their estimators and assumptions, and confront common-method bias—the contamination that arises when the same respondent supplies both predictor and outcome through the same instrument. Throughout, the goal is the one set in Chapter 11 when it asked whether brand equity is reflective or formative: to let the reader decide a construct’s measurement model on principled grounds and defend that decision to a skeptical referee.

A note on scope. We treat psychometric measurement—scales built from multiple survey items—because that is where the reflective/formative question is sharpest and where the field’s two leading handbooks of marketing scales live (Bearden, Netemeyer, and Haws 2011; Stewart et al. 1993). The logic transfers directly to behavioral and text-derived measures, which are developed in Chapter 43.


35.1 True-Score Theory and the Definition of Reliability

The foundation of classical test theory is disarmingly simple. An observed score XX on an item is the sum of a true score TT—the construct value we wish we could see—and a measurement error EE:

X=T+E.(35.1)
X = T + E .
 \qquad(35.1)

The theory’s content is in three assumptions about EE: it has mean zero, 𝔼[E]=0\mathbb{E}[E] = 0, so T=𝔼[X]T = \mathbb{E}[X] is defined as the expected observed score; it is uncorrelated with the true score, Cov(T,E)=0\mathrm{Cov}(T, E) = 0; and errors on distinct items are mutually uncorrelated. Under these assumptions the observed variance decomposes additively,

σX2=σT2+σE2,(35.2)
\sigma_X^2 = \sigma_T^2 + \sigma_E^2 ,
 \qquad(35.2)

and reliability is defined as the share of observed variance that is true variance,

ρXX′=σT2σX2=σT2σT2+σE2∈[0,1].(35.3)
\rho_{XX'} \;=\; \frac{\sigma_T^2}{\sigma_X^2} \;=\; \frac{\sigma_T^2}{\sigma_T^2 + \sigma_E^2} \in [0,1].
 \qquad(35.3)

Reliability is therefore not “consistency” in a loose sense; it is a variance ratio, equal to the squared correlation between observed and true scores and to the correlation between two parallel measurements of the same construct (hence the notation ρXX′\rho_{XX'}). It says nothing about whether TT measures the right construct—that is validity, and the two must never be conflated. A bathroom scale that always reads three kilograms heavy is perfectly reliable and invalid.

Reliability matters beyond bookkeeping because unreliable measurement attenuates relationships. If a predictor XX measures a true TT with reliability ρXX\rho_{XX} and an outcome YY measures UU with reliability ρYY\rho_{YY}, the observable correlation is shrunk toward zero relative to the construct-level correlation:

Corr(X,Y)=Corr(T,U)ρXXρYY.(35.4)
\mathrm{Corr}(X, Y) \;=\; \mathrm{Corr}(T, U)\,\sqrt{\rho_{XX}\,\rho_{YY}} .
 \qquad(35.4)

Equation 35.4 is the correction for attenuation. It is why a true effect can be buried by a noisy scale, and why latent-variable models—which estimate Corr(T,U)\mathrm{Corr}(T,U) directly—are preferred to regressions on summed scores when reliability is modest.


Multiple-item measurement exists almost entirely to beat down σE2\sigma_E^2. By the Spearman–Brown logic, averaging kk interchangeable items whose errors are independent divides the error variance of the composite by kk while leaving the true variance intact, so a composite of many noisy items can be far more reliable than any single item.1 This is the engine behind multi-item scales—and, as we will see, it is exactly the property a formative index does not have.





35.2 Reflective versus Formative Measurement

The single most consequential decision in scale construction is the direction of causality between the latent construct and its indicators. The choice is not a matter of taste; it is a substantive claim about how the world works, and it determines which model is even identified (Coltman et al. 2008; Diamantopoulos, Fritz, and Hildebrandt 2013).


35.2.1 The Reflective Model

In a reflective (effect-indicator) model, the latent construct causes its indicators: the items are manifestations, symptoms, or reflections of an underlying common cause. Let η\eta be a scalar latent construct and x1,…,xKx_1,\dots,x_K its observed indicators. The model is the common-factor model,

xk=λkη+εk,k=1,…,K,(35.5)
x_k \;=\; \lambda_k\, \eta \;+\; \varepsilon_k, \qquad k = 1,\dots,K,
 \qquad(35.5)

with 𝔼[εk]=0\mathbb{E}[\varepsilon_k]=0, Cov(η,εk)=0\mathrm{Cov}(\eta,\varepsilon_k)=0, and Cov(εj,εk)=0\mathrm{Cov}(\varepsilon_j,\varepsilon_k)=0 for j≠kj\neq k (uncorrelated errors). The arrows run from η\eta to each xkx_k. Three properties follow and are diagnostic. First, because the indicators share a single common cause, they must be positively correlated; the off-diagonal covariances are Cov(xj,xk)=λjλkση2\mathrm{Cov}(x_j,x_k)=\lambda_j\lambda_k\,\sigma_\eta^2, all of the same sign as the loadings. Second, the indicators are interchangeable: dropping one changes the construct’s domain coverage but not its meaning, since each is a noisy replica of the same η\eta. Third, internal consistency (Cronbach’s alpha, composite reliability) is the appropriate quality criterion, precisely because Equation 35.5 is the model under which Equation 35.3 was derived.

A reflective construct is the right model when the construct is a real, unitary attribute that radiates into measurable symptoms—the way a fever radiates into a high thermometer reading, a flushed face, and chills. Brand love (Batra, Ahuvia, and Bagozzi 2012; Richard P. Bagozzi, Batra, and Ahuvia 2016), satisfaction, and attitude are conventionally modeled this way: a more satisfied customer answers every satisfaction item more favorably, so the items co-move.



35.2.2 The Formative Model

In a formative (causal-indicator) model, the indicators cause the construct: the latent variable is a composite formed by its indicators, which are defining ingredients rather than reflections. The structural equation reverses the arrows,

η=∑k=1Kγkxk+ζ,(35.6)
\eta \;=\; \sum_{k=1}^{K} \gamma_k\, x_k \;+\; \zeta,
 \qquad(35.6)

where γk\gamma_k are formative weights and ζ\zeta is a disturbance capturing the part of η\eta not explained by the chosen indicators, with Cov(xk,ζ)=0\mathrm{Cov}(x_k,\zeta)=0. Everything that was diagnostic for the reflective model is now reversed. The indicators need not be correlated—socioeconomic status formed from income, education, and occupation does not require that high earners be highly educated. The indicators are not interchangeable: removing one (say, income) deletes part of the construct’s definition, not merely part of its sampling. And internal-consistency reliability is inapplicable: there is no common cause to make the items co-vary, so a low alpha is no defect. Quality is judged instead by indicator weights, their significance, and multicollinearity among indicators (high collinearity makes the weights unstable and uninterpretable), typically diagnosed with the variance inflation factor.

A construct should be formative when it is constituted by a combination of distinct facets that need not move together. Classic examples are an index of life stress (a job loss and a marriage are both stressors but are uncorrelated causes), a marketing capability composite, or a deprivation index. Chapter 11 raised the live debate over whether brand equity and brand authenticity are reflective or formative; the two leading authenticity scales take opposite stances—Morhart et al. (2015) reflective, Nunes, Ordanini, and Giambastiani (2021) formative—and the disagreement is exactly a disagreement about the direction of Equation 35.5 versus Equation 35.6.



35.2.3 A Formal Contrast and the MIMIC Bridge

Figure 35.1 contrasts the two path structures, and the table that follows states the operational consequences side by side.
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Figure 35.1: Reflective versus formative measurement. In the reflective model the latent construct η causes the indicators (arrows out, each indicator carries its own error ε). In the formative model the indicators cause the construct (arrows in, a single disturbance ζ attaches to the construct). A MIMIC model combines both: formative causes and reflective indicators of the same latent variable.











Table 35.1: Operational consequences of the reflective–formative distinction.










	Property
	Reflective (Equation 35.5)
	Formative (Equation 35.6)





	Causal direction
	Construct → indicators
	Indicators → construct



	Indicator correlation
	High, same sign (required)
	Not required; any sign



	Interchangeability
	Indicators interchangeable
	Indicators define the construct



	Dropping an indicator
	Narrows sampling of the domain
	Changes the construct’s meaning



	Error term
	One per indicator (εk\varepsilon_k)
	One per construct (ζ\zeta)



	Reliability criterion
	Internal consistency (alpha, CR, AVE)
	Indicator weights; collinearity (VIF)



	Identification
	Standard (factor model)
	Needs external structure (e.g., MIMIC)










The deepest difference in Table 35.1 is the last row. A pure formative model is not identified in isolation: Equation 35.6 places no testable restrictions on the indicator covariances, the scale and location of η\eta are arbitrary, and the disturbance variance σζ2\sigma_\zeta^2 cannot be separated from the weights without further information. Identification requires that the formative construct emit at least two reflective indicators (or two paths to downstream constructs), which fixes its metric and disturbance. The resulting hybrid is the multiple-indicators, multiple-causes (MIMIC) model: formative causes x1,…,xKx_1,\dots,x_K feed a latent η\eta, which in turn emits reflective indicators y1,…,yMy_1,\dots,y_M,

η=∑k=1Kγkxk+ζ,ym=λmη+εm,m=1,…,M.(35.7)
\eta \;=\; \sum_{k=1}^{K}\gamma_k x_k + \zeta,
\qquad
y_m \;=\; \lambda_m \eta + \varepsilon_m, \quad m = 1,\dots,M .
 \qquad(35.7)

The MIMIC structure is the standard way marketing accommodates a genuinely formative construct inside an estimable structural-equation model (Diamantopoulos, Fritz, and Hildebrandt 2013). It also clarifies a common error: estimating Equation 35.6 by ordinary least squares treats η\eta as observed and conflates the formative weights with a regression of an index on its parts, discarding the disturbance and the very latency that motivated the construct.  



35.2.4 Why Misspecification Is Costly

Treating a formative construct as reflective (or the reverse) is not a venial sin. Forcing reflective machinery onto formative indicators discards items that fail to correlate—dropping low-alpha items narrows the construct’s content, biasing it toward whatever facet happens to be internally consistent. Conversely, modeling a reflective construct formatively throws away the error structure that Equation 35.4 depends on and inflates apparent validity. Simulation and analytic work show the resulting structural-coefficient bias can be large and of either sign, which is why the direction-of-causality decision belongs at the start of scale development, justified on conceptual grounds, not discovered after the data are in. 




35.3 Scale Development

Scale development is the disciplined translation of a construct definition into a validated instrument. The field’s canonical paradigm is a staged procedure that moves from conceptual specification to a purified, validated multi-item scale, and modern treatments differ mainly in how much weight they place on the formative possibility (Bearden, Netemeyer, and Haws 2011). The stages below are reflective by default; we flag where a formative construct diverges.


	Construct definition and domain specification. State precisely what the construct is and is not, its conceptual boundaries, and—critically—the direction of measurement (Table 35.1). This step decides everything downstream and cannot be repaired later by statistics. 

	Item generation. Draft a large pool of candidate items spanning the domain, from theory, qualitative interviews, and existing scales. For reflective constructs the pool should oversample each facet (items are replaceable); for formative constructs the pool must exhaust the facets (each is constitutive).

	Content validity / expert judging. Have domain experts rate each item’s relevance and representativeness, retaining items with high agreement. This is a qualitative check that no statistic substitutes for.

	Purification on a calibration sample. Collect data and trim items. For reflective scales, drop items with low item–total correlations or weak loadings and inspect exploratory factor structure for dimensionality. For formative indices, do not trim on inter-item correlation; trim only on collinearity and weight significance.

	Confirmatory validation on a fresh sample. Fit the hypothesized measurement model (confirmatory factor analysis for reflective constructs; a MIMIC model for formative) and assess fit, reliability, and the validity battery of Section 35.4 below. Cross-validation on data not used for purification guards against capitalizing on chance.

	Norming and replication. Establish means, variances, and stability across populations and over time, and demonstrate the nomological network—correlations with antecedents and consequences in the predicted pattern.



Figure 35.2 renders the pipeline. The arrows back from validation to item generation are essential: scale development is iterative, and a construct that fails discriminant validity often needs its definition sharpened, not just its items re-fitted.
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Figure 35.2: The scale-development pipeline. Conceptual specification fixes the measurement direction; item generation and content judging are qualitative; purification and confirmatory validation are quantitative and run on separate samples. Validation failures feed back to redefinition, not merely re-estimation.










35.4 Reliability and Validity

A scale must be both reliable (low error variance) and valid (measures the intended construct). We give the standard estimators, their assumptions, and what breaks them.


35.4.1 Internal-Consistency Reliability

Cronbach’s alpha estimates reliability from a single administration of KK items as

α=KK−1(1−∑k=1Kσxk2σXtot2),(35.8)
\alpha \;=\; \frac{K}{K-1}\left(1 - \frac{\sum_{k=1}^{K}\sigma_{x_k}^2}{\sigma_{X_{\text{tot}}}^2}\right),
 \qquad(35.8)

where σxk2\sigma_{x_k}^2 is item variance and σXtot2\sigma_{X_{\text{tot}}}^2 the variance of the summed score. Alpha is a lower bound on reliability and equals it only under tau-equivalence—all items load equally on the common factor. When loadings differ (the congeneric case), alpha understates reliability, and composite reliability (CR), computed from the CFA loadings λ̂k\hat\lambda_k and error variances θ̂k\hat\theta_k,

CR=(∑kλ̂k)2(∑kλ̂k)2+∑kθ̂k,(35.9)
\mathrm{CR} \;=\; \frac{\left(\sum_{k}\hat\lambda_k\right)^2}{\left(\sum_{k}\hat\lambda_k\right)^2 + \sum_{k}\hat\theta_k},
 \qquad(35.9)

is preferred because it does not assume equal loadings. Both assume a reflective unidimensional model; neither is meaningful for a formative index, where the items are not expected to covary. Conventional thresholds put acceptable internal consistency at roughly 0.700.70 and above, though the number is a heuristic, not a law. 



35.4.2 Convergent and Discriminant Validity

Construct validity asks whether the scale measures its target construct. Fornell and Larcker (1981) give the workhorse criteria for reflective constructs estimated by CFA. Convergent validity—indicators of one construct converge—is evidenced when the average variance extracted (AVE),

AVE=∑kλ̂k2∑kλ̂k2+∑kθ̂k,(35.10)
\mathrm{AVE} \;=\; \frac{\sum_{k}\hat\lambda_k^2}{\sum_{k}\hat\lambda_k^2 + \sum_{k}\hat\theta_k},
 \qquad(35.10)

exceeds 0.500.50, i.e., the construct explains more than half the variance in its indicators. Discriminant validity—distinct constructs are empirically distinct—was traditionally assessed by the Fornell–Larcker criterion: each construct’s AVE\sqrt{\mathrm{AVE}} must exceed its correlation with every other construct (Fornell and Larcker 1981). This criterion is intuitive but has poor statistical power in Monte Carlo simulations: the cross-loadings criterion—checking that each indicator loads more strongly on its own construct than on others—has near-zero sensitivity in variance-based SEM (Henseler, Ringle, and Sarstedt 2015). The current recommended criterion for variance-based SEM is the heterotrait–monotrait ratio of correlations (HTMT) and its improved successor HTMT2 (Henseler, Ringle, and Sarstedt 2015; Roemer, Schuberth, and Henseler 2021).

The HTMT is defined as the ratio of (a) the average of all cross-construct inter-indicator correlations (heterotrait–heteromethod correlations) to (b) the geometric mean of the average within-construct inter-indicator correlations (monotrait–heteromethod correlations),

HTMT=r‾HTr‾A⋅r‾B,(35.11)
\mathrm{HTMT} = \frac{\bar{r}_{\text{HT}}}{\sqrt{\bar{r}_{A} \cdot \bar{r}_{B}}},
 \qquad(35.11)

where r‾HT\bar{r}_{\text{HT}} is the mean of all correlations between indicators of different constructs and r‾A\bar{r}_A, r‾B\bar{r}_B are the mean within-construct correlations for each construct. A value of HTMT below 0.850.85 (or 0.900.90 in exploratory work) is evidence of discriminant validity; values approaching 1 indicate that the two constructs are empirically indistinguishable. HTMT2 (Roemer, Schuberth, and Henseler 2021) replaces the arithmetic mean in the denominator with a geometric mean of the individual within-construct correlations, producing a consistent estimator of the inter-construct correlation under congeneric (heterogeneous loading) models; an 816,000-condition Monte Carlo study found HTMT2 less biased than HTMT when loadings are heterogeneous. For covariance-based SEM (CFA), discriminant validity is better assessed by a χ2\chi^2 difference test or confidence-interval test comparing a free-correlation model to one constraining the inter-construct correlation to 1.

A construct that fails discriminant validity against a neighbor is not separately measurable from it, and the usual remedy is conceptual: merge the constructs or sharpen their definitions. These criteria are reflective; for formative constructs, validity is assessed through the nomological net and the significance of formative weights instead.



35.4.3 Criterion and Nomological Validity

Criterion validity is the scale’s correlation with an external criterion it should predict—concurrent when measured contemporaneously, predictive when the criterion is future behavior. Nomological validity, the most demanding, asks whether the construct relates to other constructs as theory dictates: a valid brand-equity scale should predict price premium and choice share in the direction Chapter 11 specifies. Validity, unlike reliability, is never established by a single coefficient; it is the accumulated weight of a construct behaving as its theory says it should.



35.4.4 Inter-Rater Reliability for Coded Data

When measurement comes from human coders rather than respondents—coding ad content, classifying reviews, labeling images—reliability is agreement between raters corrected for chance. Cohen’s kappa (Cohen 1960) for two raters is

κ=po−pe1−pe,(35.12)
\kappa \;=\; \frac{p_o - p_e}{1 - p_e},
 \qquad(35.12)

where pop_o is observed agreement and pep_e is the agreement expected if raters labeled independently at their marginal rates. κ=1\kappa = 1 is perfect agreement, κ=0\kappa = 0 is chance-level; conventional benchmarks read 0.410.41–0.600.60 as moderate and above 0.600.60 as substantial (Landis and Koch 1977). For continuous ratings, the intraclass correlation coefficient (ICC) plays the analogous role, partitioning variance into rater, target, and error components (Shrout and Fleiss 1979). The worked example below estimates kappa for a two-coder labeling task.


set.seed(42)

# Two coders label 200 reviews as positive (1) or negative (0).
# Simulate a shared latent truth plus idiosyncratic coder noise.
n      <- 200
truth  <- rbinom(n, 1, 0.5)
flip_a <- rbinom(n, 1, 0.10)          # coder A errs 10% of the time
flip_b <- rbinom(n, 1, 0.12)          # coder B errs 12% of the time
coder_a <- ifelse(flip_a == 1, 1 - truth, truth)
coder_b <- ifelse(flip_b == 1, 1 - truth, truth)

tab <- table(coder_a, coder_b)
p_o <- sum(diag(tab)) / sum(tab)                       # observed agreement
p_e <- sum(rowSums(tab) * colSums(tab)) / sum(tab)^2   # chance agreement
kappa <- (p_o - p_e) / (1 - p_e)

cat("Observed agreement p_o:", round(p_o, 3), "\n")
#> Observed agreement p_o: 0.805
cat("Chance agreement   p_e:", round(p_e, 3), "\n")
#> Chance agreement   p_e: 0.504
cat("Cohen's kappa        :", round(kappa, 3), "\n")
#> Cohen's kappa        : 0.607






35.4.5 A Worked Reflective Measurement Model

To make Equation 35.5 through Equation 35.10 concrete, we simulate a single reflective construct with four congeneric indicators, recover the loadings by factor analysis, and compute composite reliability and AVE from the estimates.


set.seed(2024)

n       <- 500
lambda  <- c(0.85, 0.80, 0.75, 0.70)   # true (heterogeneous) loadings
theta   <- 1 - lambda^2                 # error variances (unit-variance items)
eta     <- rnorm(n)                     # latent construct, Var = 1

# Generate indicators under the reflective model x_k = lambda_k * eta + e_k
X <- sapply(seq_along(lambda), function(k) lambda[k] * eta + rnorm(n, sd = sqrt(theta[k])))
colnames(X) <- paste0("x", seq_along(lambda))

# Recover a one-factor solution; loadings are the std. correlations with the factor
fa <- factanal(X, factors = 1, scores = "none")
lhat <- as.numeric(fa$loadings[, 1])     # estimated loadings
ehat <- 1 - lhat^2                       # implied error variances

CR  <- sum(lhat)^2 / (sum(lhat)^2 + sum(ehat))
AVE <- sum(lhat^2) / (sum(lhat^2) + sum(ehat))

# Cronbach's alpha from the item covariance matrix
S       <- cov(X)
K       <- ncol(X)
alpha   <- (K / (K - 1)) * (1 - sum(diag(S)) / sum(S))

cat("Estimated loadings:", round(lhat, 3), "\n")
#> Estimated loadings: 0.85 0.831 0.71 0.72
cat("Cronbach's alpha  :", round(alpha, 3), "\n")
#> Cronbach's alpha  : 0.859
cat("Composite reliab. :", round(CR, 3), "\n")
#> Composite reliab. : 0.861
cat("AVE               :", round(AVE, 3), "(> 0.50 => convergent)\n")
#> AVE               : 0.609 (> 0.50 => convergent)




Because the loadings are heterogeneous, alpha will sit below composite reliability in this example—the tau-equivalence gap of Equation 35.8 made visible. AVE above 0.500.50 confirms convergent validity for the simulated construct.




35.5 Common-Method Bias

A pervasive threat to survey-based measurement is common-method variance (CMV): variance attributable to the measurement method rather than the constructs the measures represent. When the same respondent rates both an independent and a dependent variable, on the same scale, at the same sitting, shared method factors—consistency motifs, social desirability, acquiescence, common scale anchors, transient mood—inject a spurious component into every item. The bias, common-method bias (CMB), is the distortion this induces in observed relationships, and it can inflate or deflate correlations (MacKenzie, Lutz, and Belch 1986).


35.5.1 A Formal Model of the Bias

Augment the reflective model Equation 35.5 with a method factor MM common to all items measured by the shared method:

xk=λkη+ωkM+εk,(35.13)
x_k \;=\; \lambda_k\, \eta \;+\; \omega_k\, M \;+\; \varepsilon_k,
 \qquad(35.13)

with M⟂ηM \perp \eta, M⟂εkM \perp \varepsilon_k, and method loadings ωk\omega_k. Two items measuring different substantive constructs η\eta and η′\eta' now share the method factor, so their observed covariance picks up a method term that has nothing to do with their true relationship:

Cov(xj,yl)=λjλlCov(η,η′)⏟substantive+ωjωlσM2⏟method bias.(35.14)
\mathrm{Cov}(x_j, y_l) \;=\; \underbrace{\lambda_j \lambda_l\,\mathrm{Cov}(\eta,\eta')}_{\text{substantive}}
\;+\; \underbrace{\omega_j \omega_l\,\sigma_M^2}_{\text{method bias}} .
 \qquad(35.14)

When predictor and outcome share the method, the second term is added to every cross-construct covariance, biasing structural estimates—usually upward, because method loadings of the same sign inflate correlations, though differential signs can deflate. The contaminant is most dangerous in single-source, single-instrument designs: exactly the cross-sectional self-report survey that dominates applied marketing.



35.5.2 Procedural and Statistical Remedies

Defenses fall into two families. Procedural remedies design the bias out before data collection: obtain predictor and outcome measures from different sources (e.g., attitudes from the consumer, behavior from the firm’s records) or at different times; separate the measurement of constructs psychologically or temporally; counterbalance item order; protect respondent anonymity to blunt social desirability; and write items to reduce ambiguity and common scale anchoring. Separating the source of the predictor from the source of the outcome severs the MM that links them in Equation 35.14 and is the single most effective remedy. 

Statistical remedies detect or partial out the method factor after the fact, and none is a substitute for good design. Harman’s single-factor test—loading all items on one unrotated factor and checking that it explains less than half the variance—is widely reported but weak, detecting only gross contamination. Stronger is to estimate Equation 35.13 directly: include an unmeasured latent method factor in the CFA, let all indicators load on it alongside their substantive constructs, and compare structural estimates with and without it. A marker-variable approach uses a theoretically unrelated marker construct as a proxy for MM and partials its correlation out of the substantive correlations. The diagnostic below implements the marker-variable logic on simulated data containing a known method component.


set.seed(7)

n   <- 800
eta1 <- rnorm(n); eta2 <- rnorm(n)            # two substantive constructs
M    <- rnorm(n)                               # shared method factor

# Substantive correlation between constructs is set to ZERO here:
# any observed X-Y correlation is pure method bias.
w <- 0.5                                        # common method loading
x <- 0.8 * eta1 + w * M + rnorm(n, sd = 0.3)    # predictor (one item)
y <- 0.8 * eta2 + w * M + rnorm(n, sd = 0.3)    # outcome   (one item)
marker <- 0.0 * eta1 + w * M + rnorm(n, sd = 0.3)  # theoretically unrelated marker

raw_xy <- cor(x, y)

# Marker-variable correction: subtract the method-induced correlation,
# proxied by the smallest observed correlation with the marker.
r_xm <- cor(x, marker); r_ym <- cor(y, marker)
r_m  <- min(r_xm, r_ym)                         # conservative marker correlation
adj_xy <- (raw_xy - r_m) / (1 - r_m)            # partial out shared method

cat("Raw X-Y correlation (contaminated):", round(raw_xy, 3), "\n")
#> Raw X-Y correlation (contaminated): 0.312
cat("Marker correlation used           :", round(r_m, 3), "\n")
#> Marker correlation used           : 0.417
cat("Method-adjusted X-Y correlation   :", round(adj_xy, 3), "\n")
#> Method-adjusted X-Y correlation   : -0.181
cat("True substantive correlation      : 0.000\n")
#> True substantive correlation      : 0.000




The raw correlation is spuriously positive—pure method bias, since the substantive correlation was set to zero—and the marker adjustment pulls the estimate back toward the truth. The lesson is the one Equation 35.14 formalizes: when a relationship is estimated from a single self-report instrument, part of it may be the instrument talking to itself, and the credible defense is procedural separation of sources, with statistical partialling as a fallback.




35.6 Key Takeaways


	Measurement is a modeling problem. Under true-score theory (Equation 35.1), reliability is a variance ratio (Equation 35.3), and unreliability attenuates every estimated relationship (Equation 35.4).

	The reflective–formative distinction is a claim about the direction of causality between construct and indicators (Equation 35.5 vs. Equation 35.6) and dictates the entire validity battery; it must be decided conceptually, before data collection (Table 35.1).

	A pure formative model is not identified; it needs external structure, most commonly the MIMIC specification (Equation 35.7), to fix its metric and disturbance.

	Internal-consistency reliability (alpha, CR, AVE) apply to reflective constructs only; formative indices are judged by weights and collinearity.

	The Fornell–Larcker criterion and cross-loadings assessment have poor sensitivity for detecting discriminant validity failures in variance-based SEM; HTMT and HTMT2 are the current recommended criteria, with thresholds below 0.85 indicating acceptable discriminant validity (Henseler, Ringle, and Sarstedt 2015; Roemer, Schuberth, and Henseler 2021).

	Common-method bias arises when one instrument supplies both predictor and outcome (Equation 35.14); the strongest remedy is procedural—separate the sources—not a post-hoc statistical patch.





35.7 Further Reading

The two standard compendia of validated marketing instruments are the Handbook of Marketing Scales (Bearden, Netemeyer, and Haws 2011) and the Marketing Scales Handbook (Stewart et al. 1993); both organize scales by construct with reliability and validity evidence. For the reflective–formative debate, Coltman et al. (2008) and Diamantopoulos, Fritz, and Hildebrandt (2013) give the theoretical and operational decision rules, and Edwards (2010) examines the construct-validity consequences of the choice. Fornell and Larcker (1981) remains the reference for convergent and discriminant validity with unobservable variables; Henseler, Ringle, and Sarstedt (2015) introduced HTMT as the preferred discriminant validity criterion for variance-based SEM and Roemer, Schuberth, and Henseler (2021) refined it to HTMT2. MacKenzie, Lutz, and Belch (1986) is the standard reference for method effects in marketing measurement. The branding constructs whose measurement models are actively contested—brand love (Batra, Ahuvia, and Bagozzi 2012; Richard P. Bagozzi, Batra, and Ahuvia 2016) and authenticity (Morhart et al. 2015; Nunes, Ordanini, and Giambastiani 2021)—are treated substantively in Chapter 11.







1. The Spearman–Brown prophecy formula gives the reliability of a test lengthened by a factor kk as ρk=kρ1/[1+(k−1)ρ1]\rho_k = k\rho_1 / [1 + (k-1)\rho_1], where ρ1\rho_1 is the reliability of the original test. It assumes the added items are parallel—equal true-score loadings and equal error variances—an assumption formative indicators violate by construction. 





36 Surveys and Experiments

Most of what marketing researchers want to know—what consumers intend to buy, how much they value an attribute, whether a campaign caused a sale—cannot be read directly off transactional data. It must be elicited or manufactured: elicited through surveys that ask people to report latent states, or manufactured through experiments that intervene on the world and observe the response. This chapter treats the two as a matched pair. Both are instruments for recovering a quantity that the analyst cannot observe, and both fail in characteristic, formalizable ways. The survey’s central problem is error—the gap between what respondents report and the population truth—decomposed into how respondents are selected and how they answer. The experiment’s central problem is validity—whether the measured effect is the causal effect, generalizes beyond the lab, and operationalizes the construct the researcher intended.

The two instruments also interact, and not benignly. The very act of surveying a consumer can change that consumer’s later behavior, so a survey designed to measure intentions can create the intentions it claims to observe. Recognizing such feedback is the first step toward using either instrument credibly. By the end of the chapter the reader should be able to state the total-survey-error decomposition, build an unbiased estimator from a known sampling design, correct cross-respondent incomparability with anchoring vignettes, design an experiment whose causal claim survives scrutiny, calculate a defensible sample size, and apply the open-science toolkit that guards against false discovery.


36.1 Surveys as Measurement

A survey is a measurement device whose output is a set of self-reports. Two properties make it powerful and dangerous in equal measure. It is cheap, so it scales to populations and to questions—intentions, attitudes, satisfaction—that leave no behavioral trace. And it is reactive: the instrument can perturb the state it measures.


36.1.1 Self-Generated Validity: When Measurement Changes Behavior

The canonical reactivity result concerns purchase intentions. Researchers routinely ask “How likely are you to buy product XX in the next month?” and treat the answer as a noisy reading of a pre-existing propensity. Chandon, Morwitz, and Reinartz (2005) show that the reading is not passive. Merely asking the intentions question increases the correspondence between stated intentions and subsequent purchase—a phenomenon they call self-generated validity. The respondent, prompted to articulate an intention, forms or crystallizes an attitude that did not fully exist before the question and then acts on it. The intention–behavior link is therefore endogenous to the measurement: it is, on average, 58% stronger among surveyed consumers than among otherwise-comparable nonsurveyed consumers (Chandon, Morwitz, and Reinartz 2005). The implication is sharp. An intentions survey does not merely forecast demand; it is a light-touch intervention that nudges demand. A forecast calibrated on surveyed respondents will overstate the predictability of an unsurveyed population.


Self-generated validity. The increase in the predictive validity of a stated intention that is caused by the act of stating it. Asking the question reactively strengthens the very intention–behavior correlation the researcher intends to measure passively (Chandon, Morwitz, and Reinartz 2005).





36.1.2 The Intention–Behavior Correlation

How tightly do intentions track behavior once reactivity is acknowledged? The meta-analytic benchmark from the theory of reasoned action places the intention–behavior correlation near ρ≈0.53\rho \approx 0.53 across domains (Sheppard, Hartwick, and Warshaw 1988). This is a substantial but far-from-deterministic association: stated intentions explain on the order of ρ2≈28%\rho^2 \approx 28\% of the variance in subsequent behavior. The residual is the space in which forecasting models earn their keep. Morwitz and Schmittlein (1992) show that segmenting before forecasting materially improves predictive power: a model that uses historical purchase behavior together with stated intention, and that allows the mapping from intention to purchase to differ across consumer segments, forecasts sales better than a pooled model that imposes a single intention–purchase slope. The intuition is that the intention–behavior gap is heterogeneous—deliberate planners realize their stated intentions far more reliably than impulsive or constrained consumers—so pooling averages over groups whose mapping functions genuinely differ.

The practical sequence is summarized in Figure 36.1.
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Figure 36.1: From elicited intentions to a sales forecast. The dashed feedback edge is self-generated validity: the act of measurement perturbs the behavior being forecast.











36.2 The Total Survey Error Framework

A survey statistic can miss the truth for two broad reasons: the people who answer are not the people the analyst wanted, and the answers they give are not the values the analyst wanted. The total survey error (TSE) framework organizes every way a survey can go wrong under these two headings and, orthogonally, separates systematic error (bias) from sampling-driven dispersion (variance) (Groves and Lyberg 2010). Formally, for an estimator θ̂\hat\theta of a population target θ\theta, the relevant loss is mean squared error, MSE(θ̂)=(𝔼[θ̂]−θ)2⏟bias2+Var(θ̂)⏟variance,(36.1)
\mathrm{MSE}(\hat\theta) = \underbrace{\bigl(\mathbb{E}[\hat\theta] - \theta\bigr)^2}_{\text{bias}^2}
                          + \underbrace{\operatorname{Var}(\hat\theta)}_{\text{variance}},
 \qquad(36.1) and TSE decomposes both terms by source. The first decomposition is by stage of the survey process: Total Survey Error=Measurement Error⏟the answers+Representation Error⏟the people.(36.2)
\text{Total Survey Error} = \underbrace{\text{Measurement Error}}_{\text{the answers}}
                          + \underbrace{\text{Representation Error}}_{\text{the people}}.
 \qquad(36.2)

The measurement branch tracks a single response from the target construct the analyst cares about, to the measurement the question actually taps, to the response the person gives, to the edited datum stored after processing—accruing validity error, response error, and processing error along the way. The representation branch tracks the units from the target population, to the sampling frame (the list from which units are drawn), to the sample, to the respondents who actually answer—accruing coverage error, sampling error, and nonresponse error. Figure 36.2 renders both branches.
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Figure 36.2: The total survey error framework: a measurement (left) and a representation (right) branch, each accumulating distinct error sources from construct/population down to the final respondent-level datum. Adapted in original form from the decomposition in Groves and Lyberg (2010).








The framework is more than a taxonomy: it tells the analyst where to spend the next dollar. A statistic can be unbiased yet imprecise (a clean design with a small sample), or precise yet badly biased (a large but unrepresentative convenience panel). Because the two failure modes call for opposite remedies—more units versus a better frame—naming the dominant source is the prerequisite to fixing it.


36.2.1 Three Eras of Survey Practice

The TSE trade-offs have not been static; the technology of contacting respondents has reshaped which errors bind. Table 36.1 sketches the three eras now standard in survey methodology. The trajectory is one of falling cost and falling response rates: each era widened reach and cut expense while making the representation branch harder to control, culminating in non-probability online panels that must lean on modeling rather than design to justify inference.




Table 36.1: Three eras of survey research, after the design taxonomy popularized in survey methodology.





	Era
	Sampling
	Interview mode
	Data environment





	First
	Area probability
	Face-to-face
	Stand-alone



	Second
	Random-digit-dial probability
	Telephone
	Stand-alone



	Third
	Non-probability
	Computer-administered
	Linked













36.3 Probability and Non-Probability Sampling

The representation branch lives or dies on the sampling design. A sample is a probability sample if every unit in the frame has a known, non-zero probability of inclusion. This single property is what licenses design-based inference: because the inclusion probabilities are known, the analyst can reweight the sample to recover an unbiased estimate of the population total even when the design oversamples some units.


36.3.1 The Horvitz–Thompson Estimator

Let πi=Pr(i∈s)\pi_i = \Pr(i \in s) be unit ii’s inclusion probability and let yiy_i be the quantity of interest. The Horvitz–Thompson estimator of the population mean weights each sampled observation by the inverse of its inclusion probability, y‾̂HT=1N∑i∈syiπi,(36.3)
\hat{\bar y}_{\text{HT}} = \frac{1}{N}\sum_{i \in s} \frac{y_i}{\pi_i},
 \qquad(36.3) where NN is the population size and ss the realized sample. Inverse-probability weighting is the formal content of the slogan “weighting recovers representativeness”: a unit sampled at half the average rate stands in for twice as many population members and so receives twice the weight. The estimator is design-unbiased—𝔼[y‾̂HT]=y‾\mathbb{E}[\hat{\bar y}_{\text{HT}}] = \bar y under the randomization that generated ss—for any design with strictly positive πi\pi_i, which is precisely why the positivity requirement is non-negotiable.1

A short simulation makes the bias correction concrete. We construct a population in which the outcome is correlated with the inclusion probability—the worst case for a naive sample mean—and verify that the Horvitz–Thompson estimator recovers the truth while the unweighted mean does not.


set.seed(31)

N <- 100000
# A covariate that drives BOTH the outcome and the sampling probability,
# so the naive sample mean is biased and weighting is required.
x      <- runif(N)
y      <- 2 + 3 * x + rnorm(N, sd = 0.5)        # population outcome
pop_mean <- mean(y)

# Unequal-probability design: high-x units are sampled more often.
pi_i   <- 0.02 + 0.08 * x                         # inclusion probability in (0.02, 0.10)
in_sample <- runif(N) < pi_i

y_s    <- y[in_sample]
pi_s   <- pi_i[in_sample]

naive_mean <- mean(y_s)                           # ignores the design -> biased
ht_mean    <- sum(y_s / pi_s) / N                 # Horvitz-Thompson -> unbiased

cat("Population mean:        ", round(pop_mean, 4), "\n")
#> Population mean:         3.4955
cat("Naive sample mean:      ", round(naive_mean, 4), "  (biased upward)\n")
#> Naive sample mean:       3.8335   (biased upward)
cat("Horvitz-Thompson mean:  ", round(ht_mean, 4),  "  (design-unbiased)\n")
#> Horvitz-Thompson mean:   3.4613   (design-unbiased)






36.3.2 The Non-Response Problem

The third-era pivot to non-probability and online sampling breaks the clean logic above, because the operative inclusion probability is no longer the design probability the analyst set but the response probability the respondent chose. Let Ri∈{0,1}R_i \in \{0,1\} indicate that unit ii both is selected and chooses to respond, with response propensity ρi=Pr(Ri=1)\rho_i = \Pr(R_i = 1). The respondent-based estimator is unbiased only if the analyst knows ρi\rho_i, and in practice ρi\rho_i must be estimated—typically by modeling response as a function of observed covariates. This is where non-response error enters: if response depends on the outcome yiy_i even after conditioning on observed covariates (non-response that is not missing at random), no reweighting on observables removes the bias, and the survey is identified only under an untestable assumption about the missingness mechanism. The TSE framework thus locates the modern survey’s hardest problem precisely: representation error migrates from a design quantity the analyst controls to a behavioral quantity the analyst must model (Groves and Lyberg 2010).




36.4 Online Panels and Data Quality

The practical home of modern marketing surveys is the online panel. Understanding platform quality is therefore a prerequisite, not an afterthought: the choice of panel determines which errors from Equation 36.2 dominate and can render even technically sound analyses uninterpretable.


36.4.1 The Platform Hierarchy

A now-extensive empirical literature benchmarks the major platforms. The headline finding is unambiguous: Prolific and CloudResearch substantially outperform Amazon Mechanical Turk (MTurk) on virtually every quality metric (Douglas, Ewell, and Brauer 2023; Peer et al. 2022). In the largest direct comparison, Douglas, Ewell, and Brauer (2023) recruited n=2,729n = 2{,}729 respondents across five platforms and embedded objective quality tests—video-recall accuracy, attention checks, unique device fingerprints, completion time, and meaningful open-ended responses. The results are striking. On a composite criterion requiring all quality tests to pass, Prolific achieved 67.9% high-quality participants and CloudResearch 61.9%, versus only 26.4% for MTurk. Video recall accuracy told the same story: 83.5% on Prolific and 81.8% on CloudResearch, compared to 52.2% on MTurk. Peer et al. (2022) corroborate this using a different design, finding that CloudResearch’s Approved participant pool produced implausible open-ended responses at 3.0%, versus 18.8% for a standard MTurk sample.

The source of MTurk’s decline is largely documented by Kennedy et al. (2021), who analyzed 38 studies (n=24,930n = 24{,}930 total, 2013–2018) and traced the quality crisis to a sharp rise in fraudulent respondents—non-US workers using virtual private servers (VPS) or VPN connections to circumvent US-only restrictions—from roughly 15% in 2015 to over 20% by late 2018, with individual studies hitting 26.9%. The quality damage is concentrated: legitimate respondents fail quality checks at 2.8%, whereas VPS users fail at 23.9% and verified non-US respondents at 32.0%. Critically, the traditional MTurk quality filter—requiring a 95% HIT acceptance rate and 100+ prior HITs completed—no longer provides meaningful protection, because fraudulent workers are experienced enough to satisfy these criteria.

The practical implication for researchers is direct: MTurk should not be the default for behavioral and attitudinal studies unless the researcher can verify participant authenticity through additional screening. Prolific, which pays at or above minimum wage and requires verified participant identities, or CloudResearch’s Approved pool, which screens out blocked participants, are the current recommended alternatives. For studies requiring nationally representative samples, Lucid and similar router-based panels offer quota matching but introduce their own quality heterogeneity and require careful vendor-specific screening.



36.4.2 Attention Checks and Quality Filters

Even on high-quality platforms, a fraction of respondents engages carelessly. Attention checks—items designed to detect inattentive responding—are the most common data-quality tool. Three types are in wide use:


	Instructed response items. The question instructs the respondent to select a specific answer (e.g., “For quality control, please select ‘Strongly agree’ below”). Failure rates on legitimate platforms are typically low (2–10%) but higher on MTurk.

	Reading comprehension checks. A paragraph of text is followed by questions whose correct answers appear verbatim in the passage. Inattentive respondents cannot answer correctly without reading.

	Screener traps / infrequency items. Items with no plausible true-positive response (e.g., “I have visited the moon”) flag extreme agreement as careless or dishonest.



A key design question is whether to warn respondents of attention checks in advance. Forewarning increases apparent pass rates but may induce strategic compliance rather than genuine engagement; researchers who forewarned found effects shrank relative to un-forewarned conditions in some paradigms. Current practice favors embedding checks unobtrusively without forewarning, placing them early and late in the survey to capture fatigue, and using multiple check types to reduce the chance that any single type creates a systematic artifact.

Two additional quality filters have become standard:


	Completion time. Respondents who complete a survey far below the median time (e.g., less than one-third of median completion) are unlikely to have read all items. A conservative cutoff is removing the fastest 5–10% of completions after verifying the distribution is not bimodal (which would indicate a speeder mode distinct from the main distribution).

	Duplicate detection. IP-address deduplication catches the same person completing multiple times; browser fingerprinting and geolocation checks catch coordinate fraud (many responses from the same physical location).





36.4.3 Survey Satisficing and Careless Responding

Beneath outright fraud lies a subtler quality threat: satisficing—the tendency to provide “good enough” rather than accurate answers (Krosnick 1991). Satisficing arises when the cognitive cost of careful responding exceeds the respondent’s motivation. It manifests in several behavioral signatures:


	Straight-lining. Giving the same response to every item in a matrix question, ignoring item content. Detectable by computing the within-respondent standard deviation across a battery: a zero or near-zero value is diagnostic.

	Non-differentiation. Using only a narrow range of scale points (e.g., responding 4 or 5 exclusively on a 1–7 scale) in a way that does not reflect genuine construct-level agreement.

	Acquiescence bias. The tendency to agree with statements regardless of their content—sometimes called yea-saying. Acquiescence is partly a trait (stable across items) and partly a function of item wording and survey length. It can be diagnosed by including matched pairs of items worded in opposite directions: if the respondent agrees with both the item and its negation, they are acquiescing.

	Midpoint endorsement / don’t-know overuse. Disproportionate use of the scale midpoint or neutral category, often as a low-effort response rather than a genuine expression of ambivalence.



Recommended detection pipeline: flag respondents with (a) a within-row SD of zero on any matrix battery longer than four items; (b) total survey completion below a reasonable minimum; and (c) an implausible open-ended response (e.g., a single character, gibberish, or a copied prompt). Each flag alone may be innocuous; two or more together strongly suggest careless responding. The analyst should report the number of flagged observations and sensitivity-check key results with and without them.


library(tidyverse)
set.seed(42)

n_resp <- 500
n_items <- 8

# Simulate a matrix battery with some careless respondents
# Careful respondents: random responses around their true position
# Straight-liners: same value repeated (within-row SD = 0)
careful  <- matrix(sample(1:7, (n_resp - 50) * n_items, replace = TRUE),
                   nrow = n_resp - 50)
careless <- matrix(rep(sample(1:7, 50, replace = TRUE), each = n_items),
                   nrow = 50, byrow = TRUE)
battery  <- rbind(careful, careless)
colnames(battery) <- paste0("q", seq_len(n_items))

df <- as_tibble(battery) %>%
  mutate(respondent = row_number(),
         row_sd     = apply(battery, 1, sd),
         straightline = row_sd == 0)

cat("Straight-line flags detected:", sum(df$straightline),
    "of", n_resp, "respondents\n")
#> Straight-line flags detected: 50 of 500 respondents
cat("Expected (planted):", 50, "\n")
#> Expected (planted): 50







36.5 Response Styles and Systematic Measurement Biases

Beyond careless responding, response styles are systematic tendencies that distort scores even when respondents are fully engaged. They contribute to measurement error (Equation 36.2) because they introduce variance that is not attributable to the construct of interest.


36.5.1 Social Desirability

Social desirability bias is the tendency to give answers that present oneself favorably to others, regardless of one’s true attitudes or behaviors. It is especially consequential for sensitive constructs—health behavior, financial decisions, ethical attitudes, political views—where the socially approved answer diverges from the true answer. Two components are distinguished in the psychometric literature: impression management (conscious self-presentation) and self-deception enhancement (a genuine but inflated self-image). The Marlowe–Crowne Social Desirability Scale (Crowne and Marlowe 1960) and its abbreviated versions are the most widely used instruments for measuring and controlling social desirability as a covariate.

Design-based defenses are generally more effective than post-hoc statistical partialling. The bogus pipeline technique convinced respondents that a physiological device could detect dishonest answers, which substantially reduced social desirability in early studies but is now rarely used due to ethical concerns and the ease of disbelief. More practical alternatives include:


	Anonymity assurances communicated prominently before sensitive questions.

	Third-person phrasing (“Some people find that they… Do you?”), which reduces the normative force of the question.

	Randomized response technique (RRT), where a random device (e.g., a coin flip unobserved by the researcher) determines whether the respondent answers the sensitive question or an innocuous one. The researcher can recover population prevalence estimates without knowing any individual’s true answer.

	Indirect questioning through projective measures or implicit attitude tests, though the psychometric properties of many implicit measures remain debated.





36.5.2 Acquiescence Bias

As noted above, acquiescence systematically inflates agreement with positively worded items and deflates agreement with negatively worded items, creating a spurious construct mean and attenuating structural relationships. The standard remedy is balanced item wording: including an equal number of items worded in each direction and reverse-scoring the negatively worded items before averaging. Balanced scales do not eliminate acquiescence entirely—a persistent acquiescer will agree with both poles—but they ensure that the scale mean is acquiescence-neutral. A clean diagnostic is the polychoric correlation between matched positive–negative item pairs: strongly negative correlations confirm that the items are tapping the same underlying construct; near-zero correlations suggest the items are measuring unrelated things or that acquiescence is negligible.



36.5.3 Extreme Response Style

Extreme response style (ERS) is the tendency to endorse the scale endpoints (1 or 7 on a 7-point scale) regardless of item content. It is most pronounced in cross-cultural research, where ERS varies substantially across countries and can create spurious cross-national differences. Mitigation strategies include:


	Using forced-choice or best–worst scaling formats that eliminate the option to cluster at extreme points.

	Response style corrections that model ERS as a latent nuisance factor alongside the substantive construct, analogous to the common-method factor in Chapter 35.

	Ranking formats that force differentiation across items.






36.6 Anchoring Vignettes

The measurement branch has a subtler pathology than noisy answers: respondents may use the same response scale to mean different things. Ask consumers to rate their satisfaction “on a 1–5 scale” and a lenient respondent’s 4 may encode the same underlying experience as a demanding respondent’s 2. This interpersonal incomparability—formally, differential item functioning (DIF)—means that differences across respondents partly reflect differences in how they map a latent state onto categories, not differences in the latent state itself.

Anchoring vignettes solve this by adding, alongside the self-assessment, a small set of fixed hypothetical scenarios that every respondent rates on the same scale (KING et al. 2004; G. King and Wand 2007; Hopkins and King 2010). The key move is that the analyst authors the vignettes, so their true level is fixed across respondents by construction. Any variation in how respondents rate the same vignette is therefore pure DIF—a direct reading of each respondent’s idiosyncratic scale use—which can then be netted out of the self-assessment.

Two assumptions identify the correction (KING et al. 2004):


	Response consistency. Each respondent applies the same mapping from latent state to response category when rating the vignettes as when rating themselves.

	Vignette equivalence. The latent level a given vignette describes is perceived identically by all respondents; only its translation into a category varies.




36.6.1 Nonparametric Correction

The nonparametric estimator requires no distributional assumptions. For each respondent, the analyst recodes the self-assessment yiy_i relative to where it falls among that respondent’s ordered vignette ratings zi1≤zi2≤…≤ziJz_{i1} \le z_{i2} \le \dots \le
z_{iJ}. The rescaled outcome CiC_i records the self-rating’s rank position within the respondent’s own vignette thresholds—how good the respondent is relative to anchors whose true level is known—so it is comparable across respondents by construction. Order inconsistencies, where a respondent’s vignette ratings are non-monotone in the vignettes’ known true order, are absorbed as ties.



36.6.2 Parametric Correction

The parametric estimator embeds the same idea in a likelihood. Self-assessment and vignettes are jointly modeled with an ordered probit in which the cut points vary across respondents as functions of covariates, with a respondent random effect capturing residual scale heterogeneity. Identification improves as the number of vignettes JJ grows, but there is a bias–variance trade-off: each additional vignette is measured with error, so adding vignettes trades sharper threshold identification against more measurement noise (Hopkins and King 2010).


library(tidyverse)

# Three respondents with identical true ability differ only in rating strictness.
demo <- tribble(
  ~respondent, ~self, ~v1, ~v2, ~v3,
  "lenient",      5L,   3L,  4L,  5L,
  "moderate",     4L,   2L,  3L,  4L,
  "harsh",        3L,   1L,  2L,  3L
)

anchor_pos <- function(self, v) {
  v <- sort(v)
  paste0(sum(self > v), " above, ", sum(self == v), " tied")
}

demo %>%
  rowwise() %>%
  mutate(anchored = anchor_pos(self, c(v1, v2, v3))) %>%
  ungroup() %>%
  select(respondent, raw_self = self, v1, v2, v3, anchored)
#> # A tibble: 3 × 6
#>   respondent raw_self    v1    v2    v3 anchored       
#>   <chr>         <int> <int> <int> <int> <chr>          
#> 1 lenient           5     3     4     5 2 above, 1 tied
#> 2 moderate          4     2     3     4 2 above, 1 tied
#> 3 harsh             3     1     2     3 2 above, 1 tied




The raw self-ratings (5, 4, 3) look different, but every respondent rates themselves “2 above, 1 tied” relative to their own vignettes—anchoring reveals the apparent gap was pure rating strictness.




36.7 Experiments

Where a survey observes a latent state, an experiment manufactures variation in a cause and reads off its effect. The experiment’s payoff is causal identification: by randomly assigning the treatment, the analyst makes the treatment statistically independent of every confounder, observed or not, so the difference in mean outcomes estimates the average treatment effect rather than a confounded association. The cost is that the analyst must defend four distinct kinds of validity, manage the heterogeneity that averages conceal, choose a design appropriate to the research question, and respect the ethics of intervening on people.


36.7.1 Four Validities

A credible experiment clears four hurdles, summarized in Table 36.2. They are ordered roughly from “is there an effect at all” to “does it mean what we claim” to “does it travel.”




Table 36.2: The four validities an experiment must defend, in roughly increasing order of generality.










	Validity
	Question it answers
	Characteristic threat





	Statistical conclusion
	Is the treatment–outcome covariation real, not noise?
	Low power; fishing; violated test assumptions



	Internal
	Is the covariation causal within the study?
	Confounding; attrition; failed randomization



	Construct
	Does the operationalization capture the intended concept?
	Mono-operation bias; demand effects



	External
	Does the effect generalize beyond this sample and setting?
	Non-representative subjects; artificial context










The four trade off against one another. Tight laboratory control buys internal validity at the expense of external validity (realism), while a field experiment buys realism at the expense of control. The same tension recurs in the practical design levers—cost, control, realism, and ethics—that no single design optimizes simultaneously.



36.7.2 Lab, Field, and Survey Experiments

Three broad settings host experimental research in marketing, each occupying a distinct position in the internal-vs.-external-validity trade-off.

Laboratory experiments (including online survey experiments) offer maximum control. The researcher assigns stimuli, controls timing, eliminates distractors, and can probe mechanism directly with manipulation checks and mediator measures. The price is reduced realism: stimuli are often hypothetical, settings unfamiliar, and participant pools (student samples, crowdsourcing panels) may not represent the population of interest. Most published causal claims in marketing rest on lab or online experiments, which makes their external validity an ongoing empirical question rather than an assumption.

Field experiments embed the treatment in an actual market. A/B tests on email campaigns, retail price promotions deployed to random zip codes, and randomized product launches are field experiments. Internal validity is preserved by randomization; external validity is substantially stronger because the setting, the stakes, and the population are real. The drawbacks are cost, limited measurement (typically only behavioral outcomes, not psychological processes), ethical exposure (firm and consumer stakes are real), and the difficulty of isolating mechanisms. The complementarity of lab and field is explicit: lab experiments establish that an effect can exist and identify the mechanism; field experiments establish that it does exist in the target environment (Gerber and Green 2012).

Survey experiments embed random assignment within an otherwise-standard survey questionnaire, assigning respondents to see different question wordings, orderings, or vignette descriptions. They are cheap and fast but inherit the survey’s weaknesses: the outcome is self-reported, respondents may recognize the experimental structure (demand effects), and stakes are hypothetical. Factorial survey experiments (vignette studies) present each respondent with a profile constructed by randomly varying several attributes simultaneously, allowing estimation of all main effects and interactions within a single study.



36.7.3 Demand Effects and Deception

Experimenter demand effects arise when participants infer the researcher’s hypothesis and adjust their responses accordingly—either cooperating (out of helpfulness) or doing the opposite (reactance). Demand effects constitute a construct validity threat: the observed treatment effect partly reflects participants responding to perceived social expectations rather than to the construct the treatment was designed to manipulate.

Diagnosing demand effects requires measuring participants’ awareness of the hypothesis. The Awareness Questionnaire approach (often called the funnel debriefing) asks participants, at the end of the study and in progressively more explicit terms, (a) what they thought the study was about, (b) what they thought the researcher’s hypothesis was, and (c) whether that suspicion influenced their responses. Effect-size estimates from participants who report hypothesis awareness can then be compared to those who do not; a large discrepancy is evidence of demand.

Three design strategies reduce demand effects:


	Cover stories. Present the study under a plausible but innocuous description that conceals the hypothesis. The cover story must be convincing enough not to trigger suspicion, and debriefing is required afterward if the cover constitutes deception.

	Between-subjects designs. Participants who see only one level of the independent variable cannot infer what the manipulation is comparing, making hypothesis detection harder. This advantage comes at a power cost (see Section 36.7.7).

	Behavioral outcomes. Demand effects are primarily a self-report pathology: participants cannot as easily adjust their actual behavior (how many M&Ms they take from a bowl, how much they bid at auction) as they can their stated opinions. When a behavioral outcome is available, it is preferable.



Deception is the deliberate use of false information—a cover story, a confederate, a fictitious scenario—to suppress demand or achieve experimental realism that cannot otherwise be manufactured. Deception is ethically permissible under standard IRB/ethics-review frameworks when (a) the research question cannot be answered by non-deceptive means, (b) the deception causes no lasting harm, and (c) participants are debriefed promptly and fully after data collection. The debriefing must not merely reveal the deception passively: it should explain why the deception was necessary, allow participants to withdraw their data with no penalty, and verify that they understand and are not disturbed. Some ethics frameworks (especially in Europe under GDPR-adjacent guidance) prohibit certain forms of deception outright regardless of debriefing.



36.7.4 Within-Person versus Between-Person Designs

The most fundamental structural decision in an experiment is whether each participant sees one condition (between-subjects or independent-groups design) or multiple conditions (within-subjects or repeated-measures design).

Between-subjects designs assign each participant to exactly one treatment cell. They are clean, immune to carryover, and eliminate demand effects that arise from participants contrasting conditions. Their weakness is statistical: to detect the same effect size, they require substantially more participants, because each person’s response is used exactly once. Variance between people (individual differences) is not isolated and becomes part of the error term.

Within-subjects designs have each participant experience multiple conditions (in counterbalanced or randomized order). By measuring the same person under each condition, the analyst can difference out individual-level constants, isolating the within-person treatment effect from stable individual differences. The statistical gain is large: within-person designs can detect the same effect with far fewer participants because the person serves as their own control. The costs are:


	Carryover effects. Exposure to condition A may affect responses to condition B (e.g., fatigue, sensitization, contrast effects). Counterbalancing across participants controls for first-order carryover but not interactions.

	Demand effects. Participants who experience multiple conditions can deduce the comparison, increasing hypothesis awareness.

	Practice and fatigue. Performance may change systematically across trials regardless of the treatment.



The trade-off dictates: use within-subjects designs when the effect is expected to be small (power is paramount) and carryover is unlikely; use between-subjects when carryover or demand is a plausible confound.

Experience sampling methods (ESM), also called ecological momentary assessment (EMA), extend within-person measurement to the natural environment. Participants complete brief surveys multiple times per day, often triggered by a smartphone prompt, capturing states (mood, hunger, context) and behaviors as they occur. ESM is ideal for constructs that are highly state-dependent or that would be biased by retrospective recall (e.g., in-the-moment affect, impulse purchase triggers, media consumption). The design produces a multilevel data structure—many observations nested within each participant—requiring mixed-effects models that partition variance into within-person and between-person components and are analyzed in Chapter 30.



36.7.5 Conjoint and Discrete-Choice Experiments

When the research question concerns how multiple product attributes jointly determine consumer preference, the workhorse tool is the conjoint experiment. Respondents are shown a set of product profiles described by combinations of attributes (brand, price, warranty, green certification, etc.) and either rate each profile or choose among them. Because the attribute combinations are researcher-designed and orthogonally or near-orthogonally varied, the analyst can recover each attribute’s part-worth utility—its marginal contribution to overall preference—as if running a separate experiment on each attribute while holding others constant.

Two formulations dominate:


	Rating-based conjoint (traditional full-profile conjoint). Each profile is rated on a preference scale. Part-worths are recovered by regressing ratings on attribute dummies. Simple to implement but subject to rating-scale inconsistencies and demand effects if the attribute structure is transparent.


	Choice-based conjoint (CBC). Respondents choose their preferred option from a set of competing profiles, including an “opt-out” option. Choice is more realistic than rating—it mirrors actual purchase decisions—and the opt-out preserves revealed-preference logic. Part-worths are estimated by conditional logit or mixed logit, which allows heterogeneous preferences across respondents. The market simulation step maps part-worths to market-share predictions under alternative product configurations, making CBC the standard tool for new-product development and pricing research.




A critical design decision in any conjoint study is orthogonality: the attribute levels shown to any respondent should be uncorrelated across profiles, so that part-worths are identified without confounding. Fractional factorial designs achieve near-orthogonality with far fewer profiles than full-factorial enumeration would require, trading off some high-order interaction estimation for feasibility.

Best–worst scaling (BWS), or MaxDiff, is a simpler cousin: respondents choose the best and worst item from a set, producing a pair of anchored choices that is more discriminating than ratings and avoids the extreme response style biases of Likert-type scales. BWS produces individual-level utility scores and is increasingly preferred in applied research because it forces genuine differentiation.



36.7.6 Heterogeneity and Mechanisms

A single number—the average treatment effect (ATE)—can be an artifact. If the effect is positive for one segment and negative for another, the average may be near zero, near either extreme, or anywhere between, depending only on segment mix. Writing the conditional average treatment effect as τ(x)=𝔼[Y(1)−Y(0)∣X=x]\tau(x) = \mathbb{E}[Y(1) -
Y(0)\mid X=x], the reported ATE is the mix-weighted average ∫τ(x)dF(x)\int \tau(x)\,dF(x), which is silent about the sign and size of τ(x)\tau(x) for any particular xx. The same caution that motivated segmentation in forecasting (Chapter 36) applies to experiments: heterogeneous effects demand that the analyst report the distribution of τ(x)\tau(x), not only its mean, and that any claimed mechanism—the causal pathway through which the treatment acts—be argued rather than assumed.

Mediation analyses are the standard vehicle for mechanistic claims, but they carry assumptions of their own. A significant indirect effect (a×ba \times b in the Baron–Kenny path notation) identifies the mechanism only if (a) there is no unmeasured common cause of the mediator and the outcome, and (b) the mediator is not on a back-door path from treatment to outcome. These assumptions are untestable from observational data on mediators and outcomes and motivate the use of sequential experimental designs that manipulate both the treatment and the putative mediator in separate studies to establish causal-chain evidence.



36.7.7 Power Analysis

Every experiment must answer the question: how many participants are needed to detect the effect of interest if it exists? Underpowered studies waste resources and expose participants to risk without a realistic chance of a conclusive result—a direct violation of the Reduce principle from the 3Rs framework (see below). They also produce inflated effect-size estimates when they do yield significant results (the “winner’s curse”), because only the largest noise-amplified estimates clear the significance threshold.

Conventional power analysis requires three inputs and produces a sample size:


	δ\delta: the effect size, usually Cohen’s dd for means or f2f^2 for regression,

	α\alpha: the Type I error rate (usually 0.05), and

	1−β1-\beta: the desired power (usually 0.80 or 0.90).



The mechanical calculation is available in R (pwr package) but is only as good as its inputs. The critical debate is about δ\delta: what effect size should power calculations assume?

The smallest effect size of interest (SESOI) approach (Daniël Lakens, Scheel, and Isager 2018) replaces “what effect size will I find?” with “what is the smallest effect that would be theoretically or practically meaningful?” The SESOI is set on substantive grounds before data collection—for example, a standardized mean difference smaller than d=0.2d =
0.2 may be too small to justify the cost of a marketing intervention—and the study is powered to detect that threshold. This framing avoids the common error of powering studies on prior literature effect sizes that are themselves upward-biased by publication selection.

Simulation-based power analysis is more flexible than analytic formulas when the design is complex (multilevel, repeated-measures, multiple endpoints, or non-normal outcomes). The simulation encodes the assumed data-generating process, applies the planned analysis, and counts the fraction of simulated studies that return p<αp < \alpha.


set.seed(2024)

# Simulation-based power for a between-subjects t-test
# SESOI: d = 0.30 (small but practically meaningful)

sim_power <- function(n_per_group, d, alpha = 0.05, nsim = 2000) {
  sig <- replicate(nsim, {
    group0 <- rnorm(n_per_group, mean = 0,   sd = 1)
    group1 <- rnorm(n_per_group, mean = d,   sd = 1)
    t.test(group1, group0, var.equal = TRUE)$p.value < alpha
  })
  mean(sig)
}

# Sweep over sample sizes
ns    <- c(50, 100, 150, 200, 300)
pows  <- sapply(ns, sim_power, d = 0.30)

results <- data.frame(n_per_group = ns, power = round(pows, 3))
print(results)
#>   n_per_group power
#> 1          50 0.312
#> 2         100 0.552
#> 3         150 0.745
#> 4         200 0.842
#> 5         300 0.954
cat("\nTarget: 80% power for d = 0.30 requires ~", ns[which(pows >= 0.80)[1]],
    "per group\n")
#> 
#> Target: 80% power for d = 0.30 requires ~ 200 per group




The simulation makes the researcher’s assumptions explicit and auditable. Standard practice is to pre-register the power analysis alongside the hypotheses, so the sample-size decision is on record before any data are seen. Reporting power analysis in published work has increased substantially in recent years—from roughly 9.5% of empirical psychology articles in 2015–2016 to 30% by 2020–2021 across 24 APA-listed journals (Adamkovičová, Čajča, and Vašíček 2024).



36.7.8 Sequential Testing

A limitation of the conventional null-hypothesis testing framework is that the α\alpha level is calibrated for a fixed sample: collecting data until significance is reached, then stopping, inflates the true Type I error rate far above α\alpha. Sequential testing addresses this by specifying in advance when interim analyses will be conducted and how much α\alpha each interim analysis “spends.”

Two approaches are in common use:


	Group sequential designs with formal α\alpha-spending functions (e.g., O’Brien–Fleming, Pocock bounds). The analyst specifies the number of interim looks and a monotone spending function that allocates cumulative α\alpha across looks; the critical value at each look is adjusted upward so that the overall Type I error remains at α\alpha. These designs are standard in clinical trials and increasingly used in A/B testing platforms.


	Sequential probability ratio tests (SPRT) and anytime-valid inference. The SPRT computes a likelihood ratio at every new observation and crosses a pre-specified boundary when evidence is sufficiently strong for either hypothesis. Recent extensions provide e-values and anytime-valid pp-values that remain valid under optional stopping without adjustment, enabling “keep collecting data until we decide” designs with formal error control (Ramdas et al. 2023).




For marketing A/B testing with continuous data collection, the practical alternative is the always-valid inference framework, implemented in commercial platforms (e.g., Optimizely’s Stats Engine) and available in R. The analyst sets a minimum detectable effect and a maximum sample size, and the platform signals when the boundary is crossed in either direction or when the maximum is reached without crossing.



36.7.9 Ethics: The 3Rs

Experiments intervene on living subjects, and the governing ethical framework is the 3Rs of Russell and Burch (1959):2 Replace an invasive procedure with a less invasive (or non-animal, or natural) alternative; Refine procedures to reduce harm and distress; and Reduce the number of participants to the minimum consistent with a valid answer. The Reduce principle has a statistical edge: the minimum sample is set by the power calculation, so an underpowered study is not only wasteful but also unethical, exposing participants to risk without a credible chance of a conclusive result. The 3Rs underlie modern institutional review board (IRB) and research ethics committee requirements; any study involving human participants must secure approval before data collection and adhere to the approved protocol.




36.8 Open Science

The reproducibility crisis of the 2010s—in which a substantial fraction of landmark behavioral science findings failed to replicate in independent studies—forced a reckoning with the research practices that inflated false-positive rates. The result was an open-science infrastructure that is now the expected standard for credible empirical work.


36.8.1 Pre-Registration

Pre-registration time-stamps the hypotheses, design, and analysis plan before data collection begins, in a public registry (AsPredicted, OSF Registries). By separating the confirmatory analysis from the exploratory analysis, pre-registration prevents the two most damaging forms of analytical flexibility:


	Hypothesis-after-results (HARKing): presenting an exploratory finding as if it were a pre-specified hypothesis, inflating the apparent prior probability that any given test was of theoretical interest.

	Outcome switching: testing multiple outcomes and reporting only those that reached significance.



Pre-registration does not make studies immune to problems: it cannot ensure that the theory is correct, the manipulation is valid, or the measure is reliable. As Simmons, Nelson, and Simonsohn (2021) argue—with an analogy to random assignment—pre-registration is “a game changer” precisely because it is narrow: like random assignment, which controls confounds but cannot guarantee external validity, pre-registration controls analytical flexibility but cannot substitute for good measurement and adequate power. Non-pre-registered studies conducted transparently can still be credible; pre-registered studies with flawed designs are not credible because of the time-stamp.

The pre-registration should specify at minimum: the primary hypothesis and its directionality, the key measures and their operationalizations, the sample size and how it was determined, the statistical test and any covariates included, and the exclusion criteria applied before analysis. Deviations from the plan in the published paper should be disclosed and justified.



36.8.2 The pp-Curve

The pp-curve is the distribution of statistically significant pp-values across a set of studies testing the same effect (Simonsohn, Nelson, and Simmons 2014a). Under a true effect, that distribution is right-skewed—many very small pp-values, because a true effect makes extreme test statistics likely. Under no effect but selective reporting (pp-hacking), it is flat or left-skewed—a pile-up just below 0.05, because researchers publish only the highest values that clear the threshold. Inspecting the curve thus diagnoses whether a literature reflects real effects or selective analysis.


A right-skewed pp-curve is the signature of a true effect; a flat or left-skewed curve is the signature of pp-hacking. The latter does not mean no individual study is valid—it means the literature as collected cannot be trusted at face value.



The pp-curve also supports effect-size estimation: the underlying effect can be estimated from the distribution of significant pp-values alone, without access to unpublished studies (the file drawer). The estimate is biased upward because it conditions on significance, but the bias is lower than the naive published-studies mean.



36.8.3 Specification Curve Analysis

Pre-registration disciplines a single analysis. Specification curve analysis (SCA) asks what happens across all defensible analyses (Simonsohn, Simmons, and Nelson 2020a). The researcher enumerates every combination of analysis choices that could reasonably be defended— different covariate sets, outcome transformations, sample exclusions, model families—and estimates the effect for each specification. The output is a graphical “specification curve” that plots every estimate in decreasing order, annotated with the choices that produced it.

SCA has two inferential uses. Descriptively, it reveals whether the focal result is robust—if the effect is consistently in the same direction and significant across the full curve, robustness is strong—or fragile, concentrated in a narrow slice of specifications. Inferentially, a permutation test under the null shuffles treatment assignment, recomputes the curve, and assesses whether the observed median estimate exceeds the permutation distribution; this tests whether the pattern of results is consistent with a null effect across the universe of reasonable analyses.

SCA is implemented in R (the specr package) and Stata and is increasingly expected for papers where specification choices are numerous or contentious. It is the multivariate generalization of a sensitivity analysis: instead of varying one choice at a time, it varies all choices simultaneously and characterizes the full consequence space.



36.8.4 Equivalence Testing

Standard null-hypothesis tests answer “is there any effect?” Equivalence testing answers “is the effect smaller than a meaningful threshold?” The two one-sided tests (TOST) procedure (Daniël Lakens 2017) tests the null hypothesis that the effect is at least as large as the SESOI in absolute value. Both one-sided tests must reject at α\alpha for the analyst to conclude equivalence to zero within the equivalence bounds. Formally, for effect size δ̂\hat\delta and equivalence bounds [−Δ,+Δ][-\Delta,
+\Delta]:

H0,1:δ≤−ΔH0,2:δ≥+Δ.
H_{0,1}: \delta \le -\Delta \qquad H_{0,2}: \delta \ge +\Delta.


Rejecting both H0,1H_{0,1} and H0,2H_{0,2} establishes that the true effect falls within (−Δ,+Δ)(-\Delta, +\Delta)—practically equivalent to zero by the researcher’s pre-specified standard. TOST is the appropriate analysis when a researcher wants to claim that a proposed replication failed or that an intervention has no practically meaningful effect. It is not the same as “failing to reject the null”: a non-significant standard tt-test is uninformative about whether the effect is small; TOST is informative precisely because it has power against the specific alternative that the effect exceeds Δ\Delta.


# TOST equivalence test for a between-subjects comparison
# H0: effect >= delta (either side)
# Equivalence bound: d = 0.20 (effect below this is "practically zero")
set.seed(99)

n     <- 200
group0 <- rnorm(n, mean = 0.00, sd = 1)
group1 <- rnorm(n, mean = 0.05, sd = 1)   # true d ≈ 0.05, near zero

delta  <- 0.20   # equivalence bound in raw units (same SD = 1)

# Two one-sided t-tests
t_lower <- t.test(group1 - group0, mu = -delta, alternative = "greater")
t_upper <- t.test(group1 - group0, mu =  delta, alternative = "less")

cat("TOST lower bound p-value:", round(t_lower$p.value, 4), "\n")
#> TOST lower bound p-value: 0.0018
cat("TOST upper bound p-value:", round(t_upper$p.value, 4), "\n")
#> TOST upper bound p-value: 0.134
cat("Equivalence established (both p < .05):",
    t_lower$p.value < 0.05 & t_upper$p.value < 0.05, "\n")
#> Equivalence established (both p < .05): FALSE






36.8.5 Registered Reports

The most radical open-science reform is the registered report format, now offered by over 300 journals. In a registered report, the introduction, literature review, and methods are peer-reviewed before data collection; acceptance is provisional on the approved methodology. After data collection, the results and discussion are added and the paper is published regardless of whether the outcome is significant, null, or mixed—provided the registered methods were followed.

Registered reports eliminate publication bias at the source by decoupling acceptance from results. They also incentivize well-powered designs with valid measures, because reviewers evaluate only the pre-data sections. Meta-analytic evidence comparing registered versus non-registered studies in the same journals finds that registered reports show substantially smaller effect sizes on average, consistent with the hypothesis that the larger effects in the conventional literature are upward-biased by selective publication. For marketing researchers, a growing number of journals in the field (including the Journal of Marketing Research and Journal of Consumer Research) now accept registered reports.



36.8.6 Open Data, Materials, and Code

Pre-registration governs what was planned; open data, materials, and code govern what was done. The FAIR principles (Findable, Accessible, Interoperable, Reusable) provide an operational standard for data sharing. Platforms include:


	Open Science Framework (OSF): the dominant repository for behavioral science, supporting pre-registration, data hosting, and materials sharing under versioned DOIs.

	ResearchBox: a packaging system that bundles data, analysis code, and materials in a single citable artifact, making exact replication straightforward.

	AsPredicted: focused specifically on pre-registration with a minimal interface.



Open materials mean that a reviewer or reader can audit whether the stimuli, measures, and procedures match the paper’s description. Open analysis code means that every reported number traces to a reproducible computation. Together, these practices address the “computational reproducibility” dimension of the crisis: the finding that a substantial fraction of published statistical results cannot be reproduced from the reported data even without any scientific dispute about the methods.




36.9 Key Takeaways


	Surveys and experiments are both instruments for recovering an unobserved quantity; surveys fail through error (Equation 36.2) and experiments through threats to validity (Table 36.2).

	Measurement is reactive: asking about purchase intentions strengthens the intention–behavior link by roughly 58%, so intentions surveys are mild interventions, not passive forecasts (Chandon, Morwitz, and Reinartz 2005).

	Total survey error separates measurement error (the answers) from representation error (the people), and bias from variance; naming the dominant source dictates the fix (Groves and Lyberg 2010).

	Probability designs license design-based inference through the Horvitz–Thompson estimator (Equation 36.3); non-probability and non-response designs shift the burden from design to modeling the inclusion mechanism.

	Online panels are not interchangeable: Prolific and CloudResearch substantially outperform MTurk on composite quality metrics (67.9%/61.9% vs. 26.4% high-quality participants), and traditional MTurk filters—95% HIT acceptance, 100+ HITs—no longer recover historical quality (Douglas, Ewell, and Brauer 2023; Peer et al. 2022; Kennedy et al. 2021).

	Satisficing (straight-lining, acquiescence, speeding) degrades measurement quality even on high-quality platforms; a multi-indicator quality pipeline (SD flags, time filters, open-ended checks) should be applied before analysis.

	Response styles—social desirability, acquiescence bias, extreme response tendency—introduce systematic variance unrelated to the construct; balanced item wording and design-based remedies (anonymity, RRT, behavioral outcomes) are preferred over post-hoc statistical corrections.

	Anchoring vignettes purge interpersonal incomparability by netting out differential item functioning, identified by response consistency and vignette equivalence (KING et al. 2004).

	Causal claims rest on four validities; demand effects threaten construct validity and are mitigated by cover stories, between-subjects designs, and behavioral outcomes.

	Conjoint experiments (especially choice-based CBC) recover attribute part-worths under realistic competitive choice contexts; best–worst scaling avoids extreme response biases in preference measurement.

	Within-subjects designs dramatically increase power by removing individual differences from the error term; experience sampling extends within-person measurement to naturalistic settings via repeated smartphone surveys.

	Power analysis should target the smallest effect size of interest (SESOI), not the expected effect; simulation-based power makes distributional assumptions explicit (Daniël Lakens, Scheel, and Isager 2018).

	Sequential testing with α\alpha-spending functions or anytime-valid inference allows data collection to stop early when evidence is sufficient, without inflating Type I error.

	Pre-registration eliminates HARKing and outcome switching; specification curve analysis characterizes robustness across all defensible specifications (Simonsohn, Simmons, and Nelson 2020a); TOST establishes practical equivalence to zero (Daniël Lakens 2017); and registered reports eliminate publication bias at the acceptance stage.





36.10 Further Reading

For total survey error the canonical reference is Groves and Lyberg (2010); Krosnick (1991) is the foundational treatment of satisficing and cognitive aspects of survey response. Peer et al. (2022) and Douglas, Ewell, and Brauer (2023) are the current benchmarks for online panel quality comparisons; Kennedy et al. (2021) documents the MTurk fraud timeline. For experiment design, Gerber and Green (2012) is the definitive treatment of field experiments; Shadish, Cook, and Campbell (2002) covers the four-validity framework in depth. The open-science toolkit is developed in Simonsohn, Nelson, and Simmons (2014a) (pp-curve), Simonsohn, Simmons, and Nelson (2020a) (specification curve), Daniël Lakens (2017) and Daniël Lakens, Scheel, and Isager (2018) (equivalence testing and SESOI), and Simmons, Nelson, and Simonsohn (2021) (pre-registration as game changer). Conjoint methods are treated comprehensively in Orme (2020) and in the academic review of P. E. Green and Srinivasan (1990). For within-person and ESM designs, Bolger and Laurenceau (2013) provides the multilevel framework. The measurement scales literature that underlies survey item development is treated in Chapter 35.







1. If πi=0\pi_i = 0 for some unit, that unit can never enter the sample and no weight can resurrect it; the corresponding stratum is structurally invisible and no amount of reweighting recovers it. This is the formal statement of coverage error in Equation 36.2.



2. Russell, W. M. S. and Burch, R. L. (1959), The Principles of Humane Experimental Technique. The 3Rs framework predates and underlies most modern research-ethics review.





37 Preference Measurement

Preference measurement is the problem of recovering, from observable choices or judgments, the latent valuation a consumer places on a product and on each of the attributes that compose it. It is the empirical bridge between what people do—rate, rank, click, buy—and what firms need to know: how much a feature is worth, what a segment will pay, which configuration to launch, and at what price. Where Chapter 11 asks what a brand is worth, this chapter asks the more granular question of what each part of an offering is worth, and supplies the estimators that turn survey or transaction data into those numbers.

The construct that anchors the chapter is the reservation price (also called willingness to pay, WTP): the maximum amount a consumer would pay for a product before preferring to forgo it. Reservation price is not a primitive that can simply be asked for—people are reluctant to reveal price sensitivity, and direct questions bias the answer downward—so it must be inferred from a model of utility. The dominant inferential machinery is conjoint analysis, a family of designed experiments and discrete-choice models that decompose overall preference into attribute-level partworths and, with a price attribute included, express those partworths in dollars.

The chapter proceeds from intuition to formalism to estimation. We first define reservation price and derive it from an additive utility model, making explicit the assumptions that license the derivation. We then develop conjoint analysis as the general framework: its experimental-design logic, its measurement variants (full-profile, choice-based, adaptive, hybrid, self-explicated, MaxDiff), the random-utility model that underlies the modern choice-based form, and the estimators (OLS, multinomial and mixed logit, hierarchical Bayes) that recover heterogeneous partworths. Throughout we flag what breaks identification—confounded designs, scale–heterogeneity confounds, hypothetical bias—because a partworth that is not identified is a number without a referent. Worked, reproducible R code accompanies each major method.


37.1 Reservation Price and the Additive Utility Model

The commercial questions branded around pricing—segmentation, positioning, product-line design, the go/no-go decision on a feature—reduce to a single quantity per consumer: how many dollars of value the consumer attaches to a given configuration. Two routes lead to that quantity. The direct route asks the consumer outright, but self-reported reservation prices are systematically biased downward: respondents understate WTP because they do not wish to appear price insensitive, and because a hypothetical question carries no budget consequence.1 The indirect route, which this chapter develops, recovers reservation price as a derived quantity from a fitted utility model, most commonly the coefficients of a conjoint study.

The indirect route rests on one structural assumption, which should be stated before any result: additive separability of utility across attributes. Consumption utility is taken to equal the sum of the utilities contributed by the product’s attributes, with no interaction among them. Let a product be described by a price PP and by NN non-price attributes, each taking one of several discrete levels. Index the attributes by k=1,…,Nk = 1,\dots,N and let AkA_k denote the level of attribute kk. The additive model writes a consumer’s utility (or rating) as

U=β0+βpP+∑k=1NβkAk+ϵ,(37.1)
U = \beta_0 + \beta_p P + \sum_{k=1}^{N} \beta_k A_k + \epsilon,
 \qquad(37.1)

where the β\beta’s are utility weights (partworths in conjoint language), β0\beta_0 absorbs consumer-specific shifts in the rating scale, βp\beta_p is the marginal utility of price (expected to be negative), and ϵ\epsilon is an idiosyncratic error. Equation Equation 37.1 is the linear, additive special case of the random-utility model formalized in Section 37.2.2; the categorical attributes AkA_k are in practice expanded into level dummies, so each attribute contributes one coefficient per non-baseline level.

The dollar value of one util follows immediately. Because price enters linearly, the marginal rate of substitution between money and utility is the negative reciprocal of the price coefficient. If Δp\Delta p is the price difference between two levels of the price attribute, the dollar value of a unit of utility is

$per util=−Δpβp,(37.2)
\text{\$ per util} = -\frac{\Delta p}{\beta_p},
 \qquad(37.2)

and the utility a consumer derives from attribute kk, expressed per unit of that attribute, is (βk/ΔAk)Ak(\beta_k / \Delta A_k)\,A_k, where ΔAk\Delta A_k is the spacing between adjacent levels of attribute kk. The reservation price for a configuration is then the total utility of its non-price attributes converted to dollars:

r(P)=−Δpβp∑k=1NβkΔAkAk.(37.3)
r(P) = -\frac{\Delta p}{\beta_p}\sum_{k=1}^{N}\frac{\beta_k}{\Delta A_k}\,A_k.
 \qquad(37.3)

The interpretation is exactly the intuition with which we began. A consumer’s reservation price for a product is the sum of the dollar values she places on each of its attributes—each attribute’s partworth, scaled by the dollar value of a util in 11. Two assumptions make Equation 37.3 legitimate, and both fail in identifiable circumstances. First, additivity: if attributes interact (a fast processor is worth more in a laptop with a good screen), the cross-terms omitted from Equation 37.1 are loaded onto the main effects and the partworths are biased. Second, linearity of the price disutility: if βp\beta_p is not constant across the price range—if marginal price sensitivity rises near a budget ceiling—then Δp/βp\Delta p / \beta_p is not a single number and 11 is only a local approximation. We return to both threats once the design machinery is in place.








Sign and scale conventions




We write βp<0\beta_p < 0, so the dollar-per-util conversion in 11 carries an explicit negative sign that makes r(P)r(P) positive for value-adding attributes. In a ratings model the scale of UU is set by the response scale and β0\beta_0 absorbs per-respondent scale heterogeneity; in a choice model (Section 37.2.2) the scale is fixed by normalizing the error variance, which has consequences for cross-respondent comparison that we take up under the scale–heterogeneity confound.









37.2 Conjoint Analysis

Conjoint analysis—originally conjoint measurement, a term inherited from mathematical psychology and psychometrics—is the workhorse for estimating the partworths in Equation 37.1. Its premise is that consumers evaluate products holistically, as bundles, and that the analyst can recover the weight on each attribute by observing evaluations of systematically varied bundles. The name encodes the logic: the joint (“con-joint”) effect of attributes considered together is decomposed into separable contributions.


Conjoint analysis is a decompositional method that estimates the structure of a consumer’s preferences given her overall evaluations of a set of alternatives that are prespecified in terms of levels of different attributes.



The method’s enduring appeal is twofold. It improves the analyst’s ability to assess customers’ true wants—above all their price sensitivity, which direct questioning distorts—and it dissolves the “everything is important” problem that plagues self-reported importance ratings, forcing trade-offs that reveal which attributes genuinely move choice. Netzer et al. (2008) survey the field and organize it around three managerial tasks that conjoint serves—product development, pricing and segmentation, and positioning—together with parallel uses for consumers (recommendation agents), policymakers, and academic researchers; the review traces the field’s movement from designs that maximize statistical efficiency toward designs and adaptive elicitation that also respect managerial and respondent constraints.

A foundational distinction motivates why preference, not perception, is the target. Perception—beliefs about what products exist and what they are like—is largely homogeneous across consumers: people broadly agree that one car is faster than another. Preference—which product a consumer actually wants—is heterogeneous: people who agree on the facts still choose differently (Netzer et al. 2008). Conjoint is a tool for the second object, and its modern forms are built to estimate the distribution of partworths across consumers, not merely their average. The original combinatorial treatment of P. Green and Wind (1975) already contained the core recipe: use an orthogonal array to construct a balanced subset of attribute combinations so that each attribute’s contribution is estimated independently of the others, then collect rankings or ratings over that reduced set. Their catalog of applications—new-product development, package design, pricing and brand alternatives, service design, and industrial (organizational) buying—remains an accurate map of where conjoint is used today.


37.2.1 Designing the Attribute Space

The quality of a conjoint study is fixed before any data are collected, in the choice of attributes and levels. Four design principles recur, and each protects a specific inferential property rather than being mere good practice. Attributes must be actionable—a partworth on a feature the firm cannot build is uninterpretable as a decision input. Their number must be bounded, because respondent cognitive load grows with the dimensionality of each profile and noisy responses inflate ϵ\epsilon in Equation 37.1. Levels must span a feasible and relevant range: every level should be one the firm could actually offer and one the consumer would plausibly encounter, since extrapolating partworths outside the studied range is unsupported. Finally, the number of levels per attribute is itself a design variable with a known artifact—the number-of-levels effect, whereby an attribute is estimated to be more important simply because it is split into more levels, independent of its true importance.2

Under additivity and independence, the number of profiles the design must support equals the number of estimated dummy variables. When the analyst suspects an interaction—a violation of the additive separability that Equation 37.1 assumes—two remedies are available, and they trade respondent effort against bias. One can fold the interacting pair into a single higher-level “super-attribute” whose levels enumerate the relevant combinations, absorbing the interaction into main effects; or one can enlarge the design to include enough profiles to estimate the interaction term explicitly. The first is cheaper but coarsens the attribute space; the second is faithful but costly in profiles.

The mechanism that makes a reduced design estimable is the fractional factorial: a carefully chosen subset of the full factorial that preserves orthogonality among main effects so that partworths remain independently identified. A full factorial over NN attributes with LL levels each contains LNL^N profiles—infeasible for any realistic NN— so the analyst selects a fraction in which the columns of the design matrix remain uncorrelated. Figure 37.1 summarizes the workflow from attribute definition through to managerial action.
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Figure 37.1: The conjoint analysis pipeline, from attribute specification to managerial decision. The estimation step varies by conjoint type (see Table 37.1).








Conjoint is rarely run in isolation. It pairs naturally with factor analysis for reducing a large attribute set to underlying dimensions, with perceptual mapping (multidimensional scaling) for positioning the estimated preferences in a perceptual space, and with cluster analysis for grouping consumers by their partworth vectors into actionable segments—the empirical expression of preference heterogeneity.



37.2.2 The Random-Utility Foundation

The ratings model in Equation 37.1 treats UU as an observed (or directly reported) quantity. Modern conjoint, especially its choice-based form, instead treats UU as latent and observes only the consumer’s choice among alternatives. This is the random-utility model (RUM), the foundation McFadden built for discrete choice (McFadden 1986b, 2001). Consumer ii derives utility from alternative jj in choice set 𝒮t\mathcal{S}_t,

Uijt=𝐱jt⊤𝛃i+εijt,(37.4)
U_{ijt} = \mathbf{x}_{jt}^{\top}\boldsymbol{\beta}_i + \varepsilon_{ijt},
 \qquad(37.4)

where 𝐱jt\mathbf{x}_{jt} collects the attribute levels of alternative jj (including price), 𝛃i\boldsymbol{\beta}_i is consumer ii’s partworth vector, and εijt\varepsilon_{ijt} is an unobserved component. The consumer chooses the alternative of greatest utility, so the analyst observes yit=argmaxj∈𝒮tUijty_{it} = \arg\max_{j \in \mathcal{S}_t} U_{ijt}. The systematic part 𝐱jt⊤𝛃i\mathbf{x}_{jt}^{\top}\boldsymbol{\beta}_i is exactly the additive partworth sum of Equation 37.1; what RUM adds is an explicit stochastic structure on ε\varepsilon that delivers a likelihood for choices.

If the εijt\varepsilon_{ijt} are independent and identically distributed type-I extreme value, the choice probabilities take the multinomial logit (MNL) form,

Pr(yit=j)=exp(𝐱jt⊤𝛃i)∑l∈𝒮texp(𝐱lt⊤𝛃i).(37.5)
\Pr(y_{it} = j) = \frac{\exp(\mathbf{x}_{jt}^{\top}\boldsymbol{\beta}_i)}
{\sum_{l \in \mathcal{S}_t}\exp(\mathbf{x}_{lt}^{\top}\boldsymbol{\beta}_i)}.
 \qquad(37.5)

The aggregate logit of Equation 37.5 (with 𝛃i=𝛃\boldsymbol{\beta}_i = \boldsymbol{\beta} common to all consumers) is the model behind the Peter M. Guadagni and Little (1983b) scanner-data application that launched choice modeling in marketing, and it is the workhorse for demand estimation more broadly (S. Berry, Levinsohn, and Pakes 1995b). Two identification facts must be stated. First, only utility differences are identified: adding a constant to every alternative’s utility leaves choices unchanged, so one alternative’s intercept is normalized to zero. Second, the scale is not separately identified from the partworths: the error variance is normalized (to π2/6\pi^2/6 in the logit), which means estimated 𝛃\boldsymbol{\beta} are confounded with scale. This scale normalization is the root of the scale–heterogeneity confound discussed below. MNL also carries the independence of irrelevant alternatives (IIA) property—the odds of choosing jj over ll are independent of other alternatives— which is implausible when alternatives are close substitutes and which the richer models below relax.



37.2.3 Heterogeneity: Mixed Logit and Hierarchical Bayes

Because preference is heterogeneous, a single 𝛃\boldsymbol{\beta} misrepresents the market and, worse, can produce biased aggregate elasticities. The mixed (random- coefficients) logit lets partworths vary across consumers, 𝛃i∼g(𝛃∣𝛉)\boldsymbol{\beta}_i \sim
g(\boldsymbol{\beta}\mid\boldsymbol{\theta}), and integrates them out of the likelihood:

Pr(yit=j)=∫exp(𝐱jt⊤𝛃)∑l∈𝒮texp(𝐱lt⊤𝛃)g(𝛃∣𝛉)d𝛃.(37.6)
\Pr(y_{it} = j) = \int \frac{\exp(\mathbf{x}_{jt}^{\top}\boldsymbol{\beta})}
{\sum_{l \in \mathcal{S}_t}\exp(\mathbf{x}_{lt}^{\top}\boldsymbol{\beta})}\,
g(\boldsymbol{\beta}\mid\boldsymbol{\theta})\,d\boldsymbol{\beta}.
 \qquad(37.6)

Mixed logit relaxes IIA and accommodates flexible substitution, at the cost of a likelihood with no closed form that must be simulated. In marketing the dominant route to Equation 37.6 is hierarchical Bayes (HB): a Gaussian (or richer) population prior 𝛃i∼𝒩(𝛃‾,𝚺)\boldsymbol{\beta}_i \sim \mathcal{N}(\bar{\boldsymbol{\beta}}, \boldsymbol{\Sigma}) is placed over individual partworths, and Markov chain Monte Carlo recovers a full posterior for each respondent’s partworth vector by borrowing strength across the panel (Rossi 2014b; Greg M. Allenby, Leone, and Jen 1999). HB is what makes individual-level WTP estimable from a handful of choices per respondent—too few to fit a separate model per person—and it is the engine behind commercial choice-based conjoint. The same Bayesian decomposition recovers brand value from choice data by splitting utility into attribute-driven and name-driven components (W. A. Kamakura and Russell 1993; Jedidi, Jagpal, and Manchanda 2003).








The scale–heterogeneity confound




Because the logit fixes the error scale, what looks like heterogeneity in partworths can instead be heterogeneity in scale—how deterministically a respondent chooses. Two respondents with identical relative preferences but different choice consistency will appear to have proportionally different 𝛃i\boldsymbol{\beta}_i. WTP, a ratio of two coefficients (−βk/βp-\beta_k/\beta_p), partially cancels scale, which is one reason WTP is often more stable across respondents than raw partworths—but only if scale is common to the numerator and denominator. Mis-attributing scale to preference is a standard threat to identification in choice-based conjoint.









37.2.4 Variants of Conjoint

Conjoint is a family, not a single method. The variants differ in how preferences are elicited and therefore in what they assume about the respondent and what they can estimate. Table 37.1 contrasts them.




Table 37.1: Conjoint variants by elicitation task and estimator. Ranking and rating full-profile conjoint yield substantively equivalent partworths (Kalish and Nelson 1991).











	Variant
	Elicitation task
	Estimator
	When it fits





	Full-profile
	Rate or rank complete profiles
	OLS / regression on partworths
	Few attributes; ratings interpretable



	Choice-based (CBC)
	Choose one profile from a set
	MNL / mixed logit / HB
	Realistic; recovers WTP and shares



	Adaptive (ACA)
	Tailored questions by prior answers
	Self-explicated + tradeoff, often HB
	Many attributes; shorten survey



	Hybrid
	Self-explicated stage + full-profile/choice
	Two-stage / HB
	Many attributes with efficiency



	Self-explicated
	Rate level desirability and attribute importance
	Weighted compositional sum
	Many attributes; minimal load



	MaxDiff
	Pick most- and least-preferred items
	Best–worst MNL
	Importance ranking of many items










Full-profile conjoint presents complete product descriptions for rating or ranking and estimates the partworths of Equation 37.1 by regression. A classic result is that ranking and rating data, though they look different, recover the same preference structure and need not be treated as fundamentally distinct response modes (Kalish and Nelson 1991).

Choice-based conjoint (CBC), also called discrete-choice conjoint, replaces the rating with a choice among profiles, often including a no-choice option. It is the most behaviorally realistic variant—people choose in markets, they do not rate—and it is estimated with the RUM machinery of Section 37.2.2, yielding WTP and market-share simulations directly. CBC is now the default in commercial practice.

Adaptive conjoint (ACA) varies the choice sets dynamically, conditioning each question on the respondent’s earlier answers to concentrate information where the respondent’s preferences are most uncertain, thereby shortening the survey for high-dimensional attribute spaces. The polyhedral methods of Toubia and Stephen (2013) formalize adaptive question selection as iteratively shrinking the set of partworth vectors consistent with a respondent’s answers, and incentive-aligned and incentive-compatible variants address the hypothetical-bias problem at the elicitation stage. Hybrid conjoint combines a self-explicated stage with full-profile or choice tasks, and self-explicated conjoint dispenses with profiles entirely, asking respondents to rate each level’s desirability and each attribute’s importance and composing partworths from the product—cheap and scalable but vulnerable to the “everything is important” inflation that holistic methods avoid. MaxDiff (best–worst scaling) asks respondents to identify the most- and least-preferred items in a set, a task that produces sharper discrimination among many items than rating scales and is estimated as a best–worst extension of MNL.

A persistent practical problem is missing data in partial profiles—respondents do not see every attribute or level. Eric T. Bradlow, Hu, and Ho (2004) develop a learning-based model that imputes the missing levels by treating the partial profile as informative about the respondent’s inferences, rather than discarding incomplete responses; modern machine- learning approaches extend this to learn preferences from sparse, adaptively collected data (Ding, Li, and Chatterjee 2015). The broader frontier integrates conjoint with text and image data and with structural demand models so that designed-experiment partworths and revealed-preference market data can be reconciled (Netzer, Lattin, and Srinivasan 2008; A. Rao and Wang 2017; Wedel and Kannan 2016).




37.3 Worked Examples

The examples below use the conjoint and AlgDesign packages, which implement the orthogonal-array design and OLS-based partworth estimation of full-profile conjoint. They are deliberately small and reproducible; production CBC studies would substitute the HB estimator of Section 37.2.2.


37.3.1 Generating an Efficient Design

The first task is to reduce a full factorial to an estimable fractional design whose columns remain (near-)orthogonal. The example below specifies a four-attribute product and extracts an orthogonal fraction, then verifies that the selected profiles are mutually near-uncorrelated—the property that keeps partworths independently identified.


library(conjoint)

set.seed(123)

# A four-attribute product; full factorial = 2 x 2 x 2 x 2 = 16 profiles
experiment <- expand.grid(
  Weight   = c("light", "heavy"),
  Price    = c("low", "high"),
  Warranty = c("2yr", "3yr"),
  Battery  = c("10h", "20h")
)

# Reduce to an orthogonal fraction
design  <- caFactorialDesign(data = experiment, type = "orthogonal")
encoded <- caEncodedDesign(design)

# Orthogonality check: off-diagonal correlations should be near zero
round(cor(encoded), 2)
#>          Weight Price Warranty Battery
#> Weight        1     0        0       0
#> Price         0     1        0       0
#> Warranty      0     0        1       0
#> Battery       0     0        0       1






37.3.2 Estimating Partworths and Importances

With a design and a respondent’s preferences in hand, OLS recovers the partworths. The example uses the tea data shipped with the conjoint package: preferences of respondents over tea profiles described by price, variety, kind, and aroma. We estimate one respondent’s partworths, then the aggregate importances—the share of total preference range each attribute commands.


library(conjoint)
data(tea)

# Single-respondent partworths via OLS on the encoded design
caModel(y = tprefm[1, ], x = tprof)
#> 
#> Call:
#> lm(formula = frml)
#> 
#> Residuals:
#>       1       2       3       4       5       6       7       8       9      10 
#>  1.1345 -1.4897  0.3103 -0.2655  0.3103  0.1931  1.5931 -1.4310 -1.4310  1.1207 
#>      11      12      13 
#>  0.3690  1.1931 -1.6069 
#> 
#> Coefficients:
#>                    Estimate Std. Error t value Pr(>|t|)   
#> (Intercept)          3.3937     0.5439   6.240  0.00155 **
#> factor(x$price)1    -1.5172     0.7944  -1.910  0.11440   
#> factor(x$price)2    -1.1414     0.6889  -1.657  0.15844   
#> factor(x$variety)1  -0.4747     0.6889  -0.689  0.52141   
#> factor(x$variety)2  -0.6747     0.6889  -0.979  0.37234   
#> factor(x$kind)1      0.6586     0.6889   0.956  0.38293   
#> factor(x$kind)2     -1.5172     0.7944  -1.910  0.11440   
#> factor(x$aroma)1     0.6293     0.5093   1.236  0.27150   
#> ---
#> Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
#> 
#> Residual standard error: 1.78 on 5 degrees of freedom
#> Multiple R-squared:  0.8184, Adjusted R-squared:  0.5642 
#> F-statistic:  3.22 on 7 and 5 DF,  p-value: 0.1082

# Aggregate attribute importances across all respondents
caImportance(y = tpref, x = tprof)
#> [1] 24.76 32.22 27.15 15.88




The importances sum to 100% and quantify how much of the preference variation each attribute explains. They are the empirical answer to “what matters?”—and, unlike self-reported importance ratings, they are forced to respect trade-offs, which is precisely why conjoint dissolves the “everything is important” pathology.



37.3.3 From Partworths to Willingness to Pay

The managerial payoff is dollar-valued WTP, obtained by dividing each attribute’s partworth by the (negative) price partworth, as in 11. The synthetic example below fits an aggregate model with a numeric price attribute so that the price coefficient is a single slope, then converts non-price partworths to dollars.


set.seed(2024)

# Synthetic full-profile ratings for a 3-attribute product with numeric price
profiles <- expand.grid(
  price    = c(10, 20, 30),          # dollars
  battery  = c(0, 1),                # 0 = 10h, 1 = 20h
  warranty = c(0, 1)                 # 0 = 2yr, 1 = 3yr
)

# True partworths (utils): price hurts, battery and warranty help
beta_true <- c(intercept = 5, price = -0.15, battery = 1.2, warranty = 0.6)
profiles$rating <- with(profiles,
  beta_true["intercept"] + beta_true["price"] * price +
    beta_true["battery"] * battery + beta_true["warranty"] * warranty +
    rnorm(nrow(profiles), sd = 0.1)
)

fit <- lm(rating ~ price + battery + warranty, data = profiles)
b   <- coef(fit)

# Dollar value of one util = -1 / price coefficient  (Delta p = 1 here)
dollars_per_util <- -1 / b["price"]

wtp <- c(
  battery_20h_vs_10h = b["battery"]  * dollars_per_util,
  warranty_3yr_vs_2yr = b["warranty"] * dollars_per_util
)
round(wtp, 2)
#>   battery_20h_vs_10h.battery warranty_3yr_vs_2yr.warranty 
#>                         7.95                         3.26




The recovered WTP—the dollar premium a consumer would pay to upgrade battery life or extend the warranty—is the reservation-price increment of Equation 37.3, attribute by attribute. Summing these increments across a configuration’s upgraded attributes yields the configuration’s total reservation price relative to the baseline product, which is the input that pricing and product-line decisions actually consume.




37.4 Pitfalls and Identification

Three threats recur, each tracing to an assumption made explicit above.

Hypothetical bias. Stated-preference partworths can diverge from revealed behavior because survey choices carry no consequence. Incentive-aligned designs—where the respondent faces a real chance of receiving the chosen option—and the reconciliation of conjoint partworths against market data are the standard defenses (Toubia and Netzer 2017; Ding, Li, and Chatterjee 2015). WTP, being a ratio, is somewhat insulated, but level effects on the absolute scale are not.

Confounded designs. If the fractional factorial is poorly chosen, attribute columns are correlated and their partworths are not separately identified—the design, not the data, determines the estimates. The orthogonality check in the worked example is not decorative; it is the diagnostic that the partworths in Equation 37.1 are recoverable at all.

Heterogeneity and scale. Treating a heterogeneous market with a single aggregate logit biases elasticities through composition; the mixed-logit and HB estimators of Section 37.2.2 exist to fix this. But heterogeneity in choice consistency (scale) masquerades as heterogeneity in preference, so individual-level partworths must be interpreted with the scale– heterogeneity confound in mind. Segmenting on partworth vectors via cluster analysis is sound only after this confound is addressed.

A final, structural caveat returns to additivity. Equation Equation 37.1 and the reservation-price formula Equation 37.3 assume attributes contribute independently. Where they do not—where a feature’s value depends on the presence of another—the analyst must either model the interaction explicitly (more profiles) or absorb it into a higher-level attribute, as discussed in Section 37.2. A partworth estimated under a falsely additive model is biased toward the configurations over-represented in the design, and the WTP derived from it inherits that bias.



37.5 Key Takeaways


	Reservation price is derived, not asked. Direct WTP questions bias downward; the defensible route recovers WTP from a fitted utility model as the partworth-to-price ratio in

	




	Additive separability is the load-bearing assumption. Equations Equation 37.1 and Equation 37.3 hold only when attributes do not interact and price disutility is locally linear; both fail in identifiable ways.

	Choice-based conjoint with random utility is the modern default. The MNL/mixed-logit/HB stack of Section 37.2.2 estimates heterogeneous, individual-level partworths from realistic choice tasks (McFadden 1986b; Rossi 2014b).

	Design determines identification. Orthogonal fractional factorials keep partworths separately estimable; a confounded design produces numbers without referents.

	Mind the confounds. Hypothetical bias, the number-of-levels effect, and the scale–heterogeneity confound each threaten the interpretation of partworths and the WTP derived from them.









1. Direct elicitation is not worthless—open-ended WTP, the Becker–DeGroot– Marschak mechanism, and contingent valuation all have their uses—but for multi-attribute products the indirect route dominates because it yields attribute-level dollar values, not just a single product-level number, and it embeds the valuation in a choice context that disciplines hypothetical bias.



2. The number-of-levels effect is partly a halo of the level count and partly an ordering artifact; it means importance comparisons across attributes with different numbers of levels are not clean. The defensive design is to equalize level counts where possible, or to interpret importances within, not across, attributes.





38 Qualitative Research

Qualitative research generates evidence that is not born as numbers: interview transcripts, open-ended survey responses, field notes, social-media posts, product reviews, and the imagery and video that increasingly dominate consumer expression. To make such evidence cumulative and defensible, researchers code it—assigning categorical or ordinal labels to passages, respondents, or images according to a coding scheme. The credibility of every downstream claim then hinges on a single question: would a second, independent analyst, applying the same scheme, have produced the same labels? If coding is idiosyncratic to the coder, the “findings” are an artifact of who did the reading, not a property of the data. Inter-rater reliability (IRR), also called inter-coder agreement, is the family of statistics that answers this question, and it is the methodological hinge on which qualitative rigor turns.

This concern is not parochial to ethnography. The same machinery governs the quality of any human-labeled dataset: relevance judgments in information retrieval, sentiment labels that train a classifier, diagnostic ratings in medicine, and—of growing importance in marketing—the gold-standard annotations used to validate text- and image-mining pipelines (Chapter 35). Whenever a learned model is benchmarked against “ground truth,” that ground truth is itself a set of human codes whose reliability must be quantified before the benchmark means anything. Reliability is necessary but not sufficient for validity: two coders can agree perfectly on a scheme that measures the wrong construct. The agreement coefficients in this chapter certify consistency; the meaning of the codes is established by the construct-validity arguments of Chapter 35.

The chapter develops the IRR coefficients as a single coherent system rather than a catalog. We begin with the deceptively simple idea of percent agreement and show precisely why it fails. Correcting that failure—subtracting the agreement expected by chance—yields the chance-corrected family that includes Cohen’s and Fleiss’s kappa, Krippendorff’s α\alpha, and Kendall’s WW. We then turn to the intraclass correlation coefficient (ICC) for continuous ratings, which embeds reliability inside a variance-components model and exposes the design assumptions the kappa family leaves implicit. Throughout, intuition leads, the estimator and its assumptions follow in full, and every coefficient is computed on reproducible data.


library(irr)        # agree, kappa2, kappam.fleiss, kappam.light, kripp.alpha, icc
library(DescTools)  # KendallW, ICC, CohenKappa with CIs





38.1 The Chance-Correction Problem

Every chance-corrected agreement coefficient in this chapter is a special case of one idea. Let pop_o be the proportion of items on which raters observed agreement and let pep_e be the proportion of agreement expected if raters labeled items independently at random. The corrected coefficient rescales observed agreement against the headroom that chance leaves:

S=po−pe1−pe=1−1−po1−pe.(38.1)
S = \frac{p_o - p_e}{1 - p_e}
   = 1 - \frac{1 - p_o}{1 - p_e}.
 \qquad(38.1)

The numerator po−pep_o - p_e is agreement beyond chance; the denominator 1−pe1 - p_e is the maximum agreement beyond chance attainable. Thus S=1S = 1 for perfect agreement, S=0S = 0 when observed agreement equals chance, and S<0S < 0 when raters agree less than chance—a diagnostic signal of systematic disagreement, not mere noise. The coefficients differ only in how they define pop_o and, above all, pep_e: how chance is modeled, how many raters and categories are allowed, whether categories are nominal or ordinal, and how partial credit is assigned to near misses. Holding 12 fixed and varying its two inputs organizes the entire family, summarized in Table 38.1.





Table 38.1: A map of inter-rater reliability coefficients. All chance-corrected measures instantiate Equation 12; they differ in the rating scale they assume, the number of raters they admit, and how they model chance agreement and missing data.













	Coefficient
	Raters
	Scale
	Chance corrected
	Handles missing





	Percent agreement
	2+
	Any
	No
	No



	Cohen’s κ
	2
	Nominal
	Yes
	No



	Weighted κ
	2
	Ordinal
	Yes
	No



	Fleiss’s κ
	3+
	Nominal/Ordinal
	Yes
	Limited



	Krippendorff’s α
	2+
	Nominal–Ratio
	Yes
	Yes



	Kendall’s W
	3+
	Ordinal (ranks)
	Yes (ties)
	No



	ICC
	2+
	Interval/Continuous
	Yes
	Limited















38.1.1 Why Raw Agreement Misleads

The naive measure of reliability is percent agreement: the share of items two raters label identically, po=number of agreementsnumber of items×100.
p_o = \frac{\text{number of agreements}}{\text{number of items}} \times 100.
 Its appeal is transparency; its flaw is fatal. Percent agreement credits the agreement two raters would reach even if both labeled items by coin flip, and that baseline grows with category imbalance. Consider a rare event coded present in 5% of items. Two raters who blindly code everything “absent” agree 90% of the time and never once detect the event—yet percent agreement applauds them. The statistic conflates skill with the base rate, so it is uninterpretable across studies with different category distributions. Chance correction (12) exists precisely to strip out this base-rate-driven floor.


data("diagnoses", package = "irr")  # 30 patients, 6 raters, psychiatric dx
head(diagnoses, 5)
#>                    rater1                  rater2                  rater3
#> 1             4. Neurosis             4. Neurosis             4. Neurosis
#> 2 2. Personality Disorder 2. Personality Disorder 2. Personality Disorder
#> 3 2. Personality Disorder        3. Schizophrenia        3. Schizophrenia
#> 4                5. Other                5. Other                5. Other
#> 5 2. Personality Disorder 2. Personality Disorder 2. Personality Disorder
#>             rater4           rater5      rater6
#> 1      4. Neurosis      4. Neurosis 4. Neurosis
#> 2         5. Other         5. Other    5. Other
#> 3 3. Schizophrenia 3. Schizophrenia    5. Other
#> 4         5. Other         5. Other    5. Other
#> 5      4. Neurosis      4. Neurosis 4. Neurosis
agree(diagnoses[, 1:2])             # raw percent agreement, raters 1 and 2
#>  Percentage agreement (Tolerance=0)
#> 
#>  Subjects = 30 
#>    Raters = 2 
#>   %-agree = 73.3




The diagnoses data record six psychiatrists independently assigning each of 30 patients to one of five diagnostic categories—a canonical nominal-coding problem isomorphic to coding open-ended responses into themes. Raw agreement looks reassuring, but we cannot yet say whether it reflects genuine reliability or the prevalence of common diagnoses.




38.2 Cohen’s Kappa: Two Raters, Nominal Categories

Cohen (1960) supplied the first widely adopted correction for two raters and nominal categories. Cohen’s κ\kappa takes pop_o as the observed proportion of exact agreement and models chance under the assumption that each rater applies their own marginal distribution of category usage independently of the other:

κ=po−pe1−pe,pe=∑k=1Kp̂1kp̂2k,(38.2)
\kappa = \frac{p_o - p_e}{1 - p_e},
\qquad
p_e = \sum_{k=1}^{K} \hat{p}_{1k}\,\hat{p}_{2k},
 \qquad(38.2)

where p̂1k\hat{p}_{1k} and p̂2k\hat{p}_{2k} are the marginal proportions with which rater 1 and rater 2 use category kk, and KK is the number of categories. The product p̂1kp̂2k\hat{p}_{1k}\,\hat{p}_{2k} is the chance probability that both land on category kk when acting independently; summing over kk gives total expected agreement. Substituting into 12 yields the coefficient. Cohen’s κ\kappa presumes a fixed pair of raters (the marginals are specific to those two coders) and exhaustive, mutually exclusive categories, and it treats every disagreement as equally severe—appropriate when categories are nominal but wasteful when they are ordinal.

To read a κ\kappa value, the field relies on the verbal benchmarks of Landis and Koch (1977), reproduced in Table 38.2. These thresholds are conventions, not laws: they ignore KK (a given κ\kappa is harder to achieve with few categories) and the cost of disagreement, so they should anchor judgment rather than replace it.





Table 38.2: Benchmarks for chance-corrected agreement following Landis and Koch (1977). The bands are interpretive conventions, not significance thresholds, and do not adjust for the number of categories.






	Kappa range
	Interpretation





	< 0.00
	Poor (worse than chance)



	0.00 – 0.20
	Slight



	0.21 – 0.40
	Fair



	0.41 – 0.60
	Moderate



	0.61 – 0.80
	Substantial



	0.81 – 1.00
	Almost perfect















38.2.1 Weighting Ordinal Disagreements

When categories are ordered—Likert intensities, severity grades, sentiment from very negative to very positive—treating a one-step miss as harshly as a five-step miss discards information. Weighted kappa generalizes Equation 38.2 by attaching a disagreement weight wjkw_{jk} to each cell of the K×KK \times K rating table, with wkk=0w_{kk} = 0 on the diagonal and weights increasing in the distance |j−k||j-k| off it. Both observed and expected disagreement are then weighted:

κw=1−∑j,kwjkpo,jk∑j,kwjkpe,jk,(38.3)
\kappa_w = 1 - \frac{\sum_{j,k} w_{jk}\, p_{o,jk}}{\sum_{j,k} w_{jk}\, p_{e,jk}},
 \qquad(38.3)

where po,jkp_{o,jk} is the observed and pe,jk=p̂1jp̂2kp_{e,jk} = \hat{p}_{1j}\hat{p}_{2k} the chance proportion of the (j,k)(j,k) cell. Two weighting schemes dominate. Linear weights, wjk=|j−k|w_{jk} = |j-k|, penalize disagreement in proportion to the number of steps; quadratic weights, wjk=(j−k)2w_{jk} = (j-k)^2, penalize large discrepancies far more steeply. The choice is substantive: quadratic weights are appropriate when a two-category error is much worse than two one-category errors, and—usefully—the quadratically weighted κ\kappa coincides with a two-way intraclass correlation under mild conditions, linking the kappa and ICC families.1


dx2 <- diagnoses[, c("rater1", "rater2")]
kappa2(dx2, weight = "unweighted")  # nominal: all disagreements equal
#>  Cohen's Kappa for 2 Raters (Weights: unweighted)
#> 
#>  Subjects = 30 
#>    Raters = 2 
#>     Kappa = 0.651 
#> 
#>         z = 7 
#>   p-value = 2.63e-12
kappa2(dx2, weight = "equal")       # linear weights for ordinal scales
#>  Cohen's Kappa for 2 Raters (Weights: equal)
#> 
#>  Subjects = 30 
#>    Raters = 2 
#>     Kappa = 0.633 
#> 
#>         z = 5.43 
#>   p-value = 5.52e-08
kappa2(dx2, weight = "squared")     # quadratic weights penalize large gaps
#>  Cohen's Kappa for 2 Raters (Weights: squared)
#> 
#>  Subjects = 30 
#>    Raters = 2 
#>     Kappa = 0.655 
#> 
#>         z = 3.91 
#>   p-value = 9.37e-05




The accompanying zz-test reports whether κ\kappa exceeds zero; a pp-value below 0.05 indicates raters agree more than chance. That is a low bar—rejecting κ=0\kappa = 0 is not evidence of good reliability—so the point estimate read against Table 38.2, with a confidence interval, remains the substantive summary. DescTools::CohenKappa() returns that interval directly.


DescTools::CohenKappa(table(dx2$rater1, dx2$rater2), conf.level = 0.95)
#>     kappa    lwr.ci    upr.ci 
#> 0.6511628 0.4557884 0.8465372







38.3 Fleiss’s Kappa: Many Raters

Cohen’s κ\kappa is structurally limited to two raters. Coding teams routinely use three or more, and—as in the diagnoses study—the particular raters assigned to an item may vary. Equation 38.2 cannot accommodate this because its pep_e is built from two specific raters’ marginals. Fleiss’s kappa generalizes to any number of raters by redefining agreement per item rather than per rater pair, and by assuming the raters for each item are a random draw from a larger pool, so a single category distribution describes chance for all items.

For nn items, mm raters per item, and KK categories, let nikn_{ik} be the number of raters who assign item ii to category kk. The per-item observed agreement is the proportion of agreeing rater pairs, Pi=1m(m−1)(∑k=1Knik2−m),
P_i = \frac{1}{m(m-1)} \left( \sum_{k=1}^{K} n_{ik}^2 - m \right),
 and P‾=1n∑iPi\bar{P} = \tfrac{1}{n}\sum_i P_i is mean observed agreement. Expected agreement uses the pooled category proportions p‾k=1nm∑inik\bar{p}_k = \tfrac{1}{nm}\sum_i n_{ik}, giving P‾e=∑k=1Kp‾k2,κFleiss=P‾−P‾e1−P‾e.(38.4)
\bar{P}_e = \sum_{k=1}^{K} \bar{p}_k^2,
\qquad
\kappa_{\text{Fleiss}} = \frac{\bar{P} - \bar{P}_e}{1 - \bar{P}_e}.
 \qquad(38.4)

This is again 12, now with multi-rater definitions of observed and expected agreement. The key identifying assumption—that raters are exchangeable draws from a common pool—is what permits a single p‾k\bar{p}_k to stand in for every item’s chance baseline; it is appropriate when coders are interchangeable but not when specific, non-substitutable experts are deliberately paired.


kappam.fleiss(diagnoses)  # all six raters; no fixed-pairing assumption
#>  Fleiss' Kappa for m Raters
#> 
#>  Subjects = 30 
#>    Raters = 6 
#>     Kappa = 0.43 
#> 
#>         z = 17.7 
#>   p-value = 0




A related multi-rater measure, Light’s kappa, instead averages Cohen’s κ\kappa over every pair of raters (Cohen 1960). It retains Cohen’s pairwise, fixed-rater chance model while summarizing across the team, and is preferable when raters are not exchangeable—each pair’s marginals are honored before averaging.


kappam.light(diagnoses)  # mean of pairwise Cohen's kappa
#>  Light's Kappa for m Raters
#> 
#>  Subjects = 30 
#>    Raters = 6 
#>     Kappa = 0.459 
#> 
#>         z = 2.31 
#>   p-value = 0.0211






38.4 Krippendorff’s Alpha: A General Reliability Coefficient

The kappa family carries assumptions that real coding violates: it presumes complete data (every rater codes every item), a fixed measurement level, and—for Fleiss—exchangeable raters. Krippendorff’s α\alpha dispenses with these. It is the most general agreement coefficient: it accommodates any number of raters, missing values, unequal numbers of raters per item, and any measurement level—nominal, ordinal, interval, or ratio—through a single pluggable difference function. Rather than correcting observed agreement, α\alpha is built on observed and expected disagreement:

α=1−DoDe,(38.5)
\alpha = 1 - \frac{D_o}{D_e},
 \qquad(38.5)

which is 12 rearranged: writing S=1−(1−po)/(1−pe)S = 1 - (1-p_o)/(1-p_e) and identifying 1−po1 - p_o with observed disagreement DoD_o and 1−pe1 - p_e with expected disagreement DeD_e makes the equivalence explicit. The observed disagreement DoD_o aggregates, over all pairs of ratings of the same item, a metric δ2(c,c′)\delta^2(c,c') measuring how far apart categories cc and c′c' are; the expected disagreement DeD_e aggregates the same metric over all pairs drawn from the data irrespective of item, i.e., under independence. The genius of the construction is that the measurement level enters only through δ2\delta^2: it is an indicator 𝟙[c≠c′]\mathbb{1}[c \neq c'] for nominal data, a squared rank distance for ordinal data, and (c−c′)2(c-c')^2 for interval data. One estimator therefore spans all scales, and because DoD_o and DeD_e are computed over coincidences (pairs of available ratings) rather than complete records, missing data are handled natively.

For interpretation, Shelley and Krippendorff (1984) recommend treating α≥0.80\alpha \geq 0.80 as acceptable reliability and α≥0.667\alpha \geq 0.667 as the lowest threshold at which tentative conclusions may be drawn—a deliberately conservative bar reflecting the coefficient’s use as a gatekeeper for publishable coding.


Reliability data must be reproducible: a coefficient certifies that the data would arise again under independent coding by other competent coders applying the same instructions. By this standard, variables with α<0.667\alpha < 0.667 should not be analyzed, and only α≥0.80\alpha \geq 0.80 licenses confident substantive claims (Shelley and Krippendorff 1984).



The following example—four observers rating twelve units, with missing entries coded NA—computes α\alpha under each measurement level so the role of δ2\delta^2 is visible: the same coincidences yield different coefficients purely because the distance between categories is defined differently.


ratings_mat <- matrix(
  c(1, 1, NA, 1, 2, 2, 3, 2, 3, 3, 3, 3,
    3, 3, 3, 3, 2, 2, 2, 2, 1, 2, 3, 4,
    4, 4, 4, 4, 1, 1, 2, 1, 2, 2, 2, 2,
    NA, 5, 5, 5, NA, NA, 1, 1, NA, NA, 3, NA),
  nrow = 4, byrow = TRUE      # 4 observers (rows) x 12 units (columns)
)
kripp.alpha(ratings_mat, method = "nominal")   # delta = 1[c != c']
#>  Krippendorff's alpha
#> 
#>  Subjects = 12 
#>    Raters = 4 
#>     alpha = -0.0658
kripp.alpha(ratings_mat, method = "ordinal")   # rank-distance metric
#>  Krippendorff's alpha
#> 
#>  Subjects = 12 
#>    Raters = 4 
#>     alpha = 0.166
kripp.alpha(ratings_mat, method = "interval")  # squared difference
#>  Krippendorff's alpha
#> 
#>  Subjects = 12 
#>    Raters = 4 
#>     alpha = 0.179
kripp.alpha(ratings_mat, method = "ratio")     # ratio-scale metric
#>  Krippendorff's alpha
#> 
#>  Subjects = 12 
#>    Raters = 4 
#>     alpha = 0.083




Moving from nominal to interval typically raises α\alpha when most disagreements are between adjacent categories, because the metric awards partial credit for near misses—exactly the ordinal logic of weighted kappa, generalized. Reporting the measurement level alongside the coefficient is therefore essential: an unqualified “α=0.74\alpha = 0.74” is incomplete.



38.5 Kendall’s W: Agreement Among Rankings

Some qualitative tasks ask raters not to categorize items but to rank them: ordering brand concepts by appeal, prioritizing themes by salience, or sorting stimuli. Agreement is then concordance among orderings, and the natural coefficient is Kendall’s coefficient of concordance WW. For mm raters each ranking nn objects, let RiR_i be the sum of ranks object ii receives. If raters agree, some objects accumulate consistently high rank sums and others consistently low, so the RiR_i are dispersed; if raters are random, every object draws a middling sum and the RiR_i cluster. WW normalizes the realized dispersion by its maximum:

W=12∑i=1n(Ri−R‾)2m2(n3−n),R‾=m(n+1)2,(38.6)
W = \frac{12 \sum_{i=1}^{n} \left(R_i - \bar{R}\right)^2}{m^2\,(n^3 - n)},
\qquad
\bar{R} = \frac{m(n+1)}{2},
 \qquad(38.6)

where the denominator m2(n3−n)/12m^2(n^3-n)/12 is the variance of the rank sums under perfect agreement, so W∈[0,1]W \in [0,1] with 11 denoting unanimous ordering and 00 denoting no association.2 Under the null of no concordance, m(n−1)Wm(n-1)W is approximately χn−12\chi^2_{n-1}, giving a significance test; the correction for tied ranks reduces the denominator accordingly.


rankings <- cbind(
  rater1 = c(1, 6, 3, 2, 5, 4),
  rater2 = c(1, 5, 6, 2, 4, 3),
  rater3 = c(2, 3, 6, 5, 4, 1)
)
DescTools::KendallW(rankings, test = TRUE)
#> 
#>  Kendall's coefficient of concordance W
#> 
#> data:  rankings
#> Kendall chi-squared = 8.5238, df = 5, subjects = 6, raters = 3, p-value
#> = 0.1296
#> alternative hypothesis: W is greater 0
#> sample estimates:
#>        W 
#> 0.568254






38.6 Intraclass Correlation: Reliability as Variance Decomposition

When ratings are continuous—perceived quality on a 0–100 scale, sentiment scores, expert intensity judgments—agreement becomes a question about variance. The intraclass correlation coefficient (ICC) of Shrout and Fleiss (1979) asks: of all the variation in the ratings, how much is true between-subject signal versus rater noise? Intuitively, a measurement is reliable when subjects differ from one another far more than raters differ on the same subject. The ICC formalizes this as the share of total variance attributable to subjects.

The ICC is defined inside a variance-components model. Let yijy_{ij} be the rating of subject ii by rater jj. The two-way model decomposes it as yij=μ+αi+βj+εij,αi∼𝒩(0,σα2),βj∼𝒩(0,σβ2),εij∼𝒩(0,σε2),(38.7)
y_{ij} = \mu + \alpha_i + \beta_j + \varepsilon_{ij},
\qquad
\alpha_i \sim \mathcal{N}(0, \sigma_\alpha^2),\;
\beta_j \sim \mathcal{N}(0, \sigma_\beta^2),\;
\varepsilon_{ij} \sim \mathcal{N}(0, \sigma_\varepsilon^2),
 \qquad(38.7)

where μ\mu is the grand mean, αi\alpha_i the subject effect (the signal we want to measure reliably), βj\beta_j the rater effect (systematic leniency or severity of rater jj), and εij\varepsilon_{ij} residual error. The variance components are estimated from the rating table’s mean squares by analysis of variance. The ICC is then a ratio of variance components, but which ratio depends on three design decisions that must be stated before estimation, because they change the estimand—not merely its estimate:


	Model. A one-way model treats only subjects as random and folds rater and error into a single residual; it applies when each subject is rated by a different, randomly chosen set of raters. A two-way model adds a rater effect βj\beta_j and applies when the same raters score every subject.

	Definition: agreement vs. consistency. Absolute agreement counts rater bias σβ2\sigma_\beta^2 as error—two raters who are perfectly correlated but offset by ten points do not agree. Consistency excludes σβ2\sigma_\beta^2, asking only whether raters rank-order subjects alike. Use agreement when the rating’s absolute level is interpreted; consistency when only relative standing matters.

	Unit: single vs. average. Report reliability of a single rater’s score when one coder will rate future items, or of the average of kk raters when the mean of the panel is the operative measurement. Averaging suppresses error, so the average-measure ICC is mechanically higher (the Spearman–Brown relationship).



The two-way, absolute-agreement, single-measure ICC makes these choices concrete: ICC(agreement,1)=σα2σα2+σβ2+σε2.(38.8)
\text{ICC}(\text{agreement}, 1) =
\frac{\sigma_\alpha^2}
     {\sigma_\alpha^2 + \sigma_\beta^2 + \sigma_\varepsilon^2}.
 \qquad(38.8) The consistency variant simply drops σβ2\sigma_\beta^2 from the denominator, mechanically raising the coefficient; the gap between the two quantifies how much rater bias inflates apparent agreement. Figure 38.1 maps the decisions to the estimand.
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Figure 38.1: Choosing an ICC. The three design decisions of Shrout and Fleiss (1979)—model, definition, and unit—jointly determine which variance ratio is estimated. Each choice changes the estimand, so it must be justified by the rating design, not chosen to maximize the coefficient.








The anxiety data—three raters scoring the same twenty subjects—illustrate the two-way, absolute-agreement, single-measure case.


data("anxiety", package = "irr")
icc(anxiety,
    model = "twoway",      # same raters score all subjects
    type  = "agreement",   # absolute level matters; counts rater bias as error
    unit  = "single")      # reliability of one rater's score
#>  Single Score Intraclass Correlation
#> 
#>    Model: twoway 
#>    Type : agreement 
#> 
#>    Subjects = 20 
#>      Raters = 3 
#>    ICC(A,1) = 0.198
#> 
#>  F-Test, H0: r0 = 0 ; H1: r0 > 0 
#>  F(19,39.7) = 1.83 , p = 0.0543 
#> 
#>  95%-Confidence Interval for ICC Population Values:
#>   -0.039 < ICC < 0.494




DescTools::ICC() reports all six ICC forms of Shrout and Fleiss (1979) at once, which is the disciplined way to expose how sensitive the conclusion is to the design assumptions: a reliability that looks “substantial” as a consistency, average-measure coefficient can collapse as a single-rater, absolute-agreement coefficient.


panel <- cbind(
  rater1 = c(9, 6, 8, 7, 10, 6),
  rater2 = c(2, 1, 4, 1,  5, 2),
  rater3 = c(5, 3, 6, 2,  6, 4),
  rater4 = c(8, 2, 8, 6,  9, 7)
)
DescTools::ICC(panel)
#> 
#> Intraclass correlation coefficients 
#>                          type   est F-val df1 df2    p-val lwr.ci upr.ci
#> Single_raters_absolute   ICC1 0.166  1.79   5  18 0.164769     NA     NA
#> Single_random_raters     ICC2 0.290 11.03   5  15 0.000135     NA     NA
#> Single_fixed_raters      ICC3 0.715 11.03   5  15 0.000135     NA     NA
#> Average_raters_absolute ICC1k 0.443  1.79   5  18 0.164769     NA     NA
#> Average_random_raters   ICC2k 0.620 11.03   5  15 0.000135     NA     NA
#> Average_fixed_raters    ICC3k 0.909 11.03   5  15 0.000135     NA     NA
#> 
#>  Number of subjects = 6     Number of raters = 4




Here the raters track one another’s ordering of subjects well but sit at very different absolute levels (rater 1 is systematically generous, rater 2 severe). Consistency ICCs are accordingly high while agreement ICCs are low—a textbook case of why Equation 38.8, not the consistency form, is the honest choice when the score’s level will be interpreted.



38.7 Choosing and Reporting a Coefficient

The coefficients are not interchangeable, and selecting one post hoc to maximize the reported number is a form of specification search. The choice is dictated by the data’s structure—measurement level, number of raters, presence of missing values, and whether the rating’s absolute level carries meaning—as mapped in Table 38.1 and Figure 38.1. Krippendorff’s α\alpha is the safest default for categorical coding because it degrades gracefully to the others’ use cases while tolerating missing data and any measurement level; the kappa coefficients remain standard and expected in many literatures; the ICC is mandatory for continuous ratings.

Three reporting disciplines separate credible IRR from box-checking. First, report the coefficient with a confidence interval, not a bare point estimate: a κ\kappa of 0.70 from 20 items is far weaker evidence than the same value from 500. Second, state every assumption that defines the estimand—the measurement level and difference metric for α\alpha, the model/definition/unit triple for the ICC—because, as the examples show, the same data yield materially different coefficients under different assumptions. Third, remember that reliability bounds but does not establish validity: a perfectly reliable code can still measure the wrong construct, and the validity argument belongs to Chapter 35. High agreement earns the right to interpret the codes; it does not, by itself, make the interpretation correct.



38.8 Key Takeaways


	Inter-rater reliability is the methodological hinge of qualitative coding and of every human-labeled “ground truth” used to validate text- and image-mining models (Chapter 35).

	Raw percent agreement is uninterpretable because it credits agreement expected from category base rates; all defensible coefficients chance-correct via

	




	The kappa family (Equation 38.2, Equation 38.3, Equation 38.4) handles nominal and ordinal categories; weighting awards partial credit for near misses on ordered scales (Cohen 1960; Landis and Koch 1977).

	Krippendorff’s α\alpha (Equation 38.5) is the general coefficient—any number of raters, missing data, any measurement level—and its thresholds gatekeep publishable coding (Shelley and Krippendorff 1984); Kendall’s WW (Equation 38.6) handles rankings.

	For continuous ratings, the ICC (Equation 38.7, Equation 38.8) embeds reliability in a variance-components model whose model/definition/unit choices change the estimand and must be justified by the design, not the result (Shrout and Fleiss 1979).

	Report coefficients with confidence intervals and explicit assumptions, and never mistake reliability for validity.









1. The numerical equivalence of quadratically weighted κ\kappa and the two-way ICC holds when the marginal rating distributions are equal across raters; it fails as the marginals diverge, which is one reason ICC is preferred when raters use the scale with systematically different generosity (a prevalence or bias problem the unweighted κ\kappa also suffers, the so-called kappa paradox).



2. WW relates linearly to the mean Spearman rank correlation r‾s\bar{r}_s across all rater pairs via W=[(m−1)r‾s+1]/mW = [(m-1)\bar{r}_s + 1]/m. Because WW is bounded in [0,1][0,1] it cannot represent systematic disagreement (negative association), which r‾s\bar{r}_s can—a limitation to keep in mind when raters may be genuinely opposed rather than merely noisy.





39 Industrial Organization

Industrial organization (IO) studies how firms behave in markets, how that behavior maps into prices, product variety, and welfare, and how researchers can recover the deep parameters—preferences, costs, conduct—that generate observed market outcomes. For marketing, IO is the structural backbone: it supplies the demand systems that price a product line, the equilibrium concepts that turn one firm’s pricing problem into an industry forecast, and the identification arguments that let an analyst run counterfactuals—what would happen to prices, shares, and surplus if two firms merged, if a new product entered, or if a regulator capped a fee. Where reduced-form marketing analytics describe correlations, structural IO builds an economic model whose estimated primitives remain invariant under the policy change being studied, so that the model can be re-solved under the new regime.

This chapter develops the toolkit in the order a modeler actually uses it. It opens with the methodological frame: the core questions of IO, the modeling tools (demand, constrained profit maximization, game theory, comparative statics), and the discipline of turning a question into a solvable model. It then builds consumer demand from two directions. The classical approach treats a representative consumer choosing continuous quantities, yielding the elegant Slutsky/Roy machinery, the CES and quasi-linear special cases, diversion ratios, and the homothetic-surplus family that makes multiproduct pricing tractable. The discrete-choice approach treats heterogeneous consumers each picking one option from a menu, which is how modern empirical IO and quantitative marketing estimate demand for differentiated products. We give each model its formal definition, its estimator, its identifying assumptions, and the failures that break identification—price endogeneity, zero-valued shares, selection on unobservables—and we close with the frontier applications in marketing: dynamic pricing of new products, behavioral price discrimination in channels, email contact policy, and multi-sided platforms. Code is runnable and seeded throughout. The companion structural-econometrics machinery appears in Chapter 23 and in the demand-estimation discussions elsewhere in the book; here the emphasis is on the economic models themselves.


39.1 The IO Research Program

Three questions organize the field. First, why do firms behave as we observe—why this price, this product line, this bundle, this contract? Second, what are the effects of that behavior on consumers, rivals, and employees, and against which welfare standard should those effects be judged? Third, how can we design better strategy for firms and better policy for regulators? The first question is positive, the second normative, and the third prescriptive; a complete IO study usually touches all three, because a counterfactual that improves firm profit and one that improves consumer surplus are different optimizations over the same estimated model.

Three methodological approaches answer these questions and are complementary rather than competing. The theoretical approach builds a model and derives predictions; the empirical approach estimates the model from data, tests its predictions, and runs counterfactual and welfare analysis; the experimental and behavioral approach manipulates conditions to isolate causal mechanisms and to discipline the behavioral assumptions the other two impose. The structural empirical tradition that dominates this chapter fuses the first two: it writes down a theoretical model of demand and conduct, then estimates its primitives so the model can be re-solved under hypothetical policies.


39.1.1 Building an IO Model

A study begins with an idea—a question drawn from the literature in IO and adjacent fields, or from the world (a news item, a consulting engagement, an unexplained pattern in data). The idea is then expressed through a small set of modeling tools that recur across nearly every IO paper, summarized in Figure 39.1.
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Figure 39.1: The structural IO modeling workflow, from question to welfare statement. Each stage constrains the next: the demand system feeds the firm’s first-order conditions, which define equilibrium, whose comparative statics answer the counterfactual.








The first tool is a model of consumer demand for the products or services in question. The modeler decides whether consumers choose among single or multiple products, single or multiple units, and whether products are differentiated—and if so, whether they are substitutes or complements, and whether differentiation is vertical (everyone agrees more is better, as with quality) or horizontal (consumers disagree about the ideal variety, as with location or flavor). Demand complementarities deserve special attention because they reshape strategy: when products are complements, raising one price depresses demand for both, so a monopolist who internalizes the cross-effect charges lower prices than two independent firms would, and the complementarity can itself become a barrier to entry. Network effects, multi-sided markets, and ecosystems are demand complementarities operating across consumers or across platform sides rather than within a single basket.

The second tool is profit maximization subject to constraints. The modeler specifies choice variables and an objective, then layers on the constraints that make the problem economically interesting: technology constraints from the cost side; consumer participation constraints (the consumer must prefer buying to not buying), which rationalize bundling and tied selling and let contracts act as entry barriers; arbitrage constraints that limit price discrimination across consumers who can resell; and incentive constraints in principal–agent settings, which generate second-degree price discrimination (self-selection across a menu) and franchise contracts. The third tool is game theory, treated next. The fourth is comparative static analysis: with exogenous parameters and policy variables on one side and endogenous equilibrium variables on the other, the modeler asks how the optimum or equilibrium shifts as a parameter moves—the formal content of every “what if” the study can answer.



39.1.2 Game-Theoretic Models

Strategic interaction among firms is modeled non-cooperatively or cooperatively. Non-cooperative models come in two forms. Normal-form (simultaneous-move) games specify a set of players, a strategy set for each, and a payoff function for each, and solve for Nash equilibrium in whatever strategic variable is relevant—price (Bertrand), quantity (Cournot), capacity, advertising, or location. Extensive-form (sequential-move) games capture first-mover advantages, entry deterrence, and collusion sustained through repeated interaction, where the threat of future punishment supports prices above the static equilibrium. Cooperative models, used heavily in channel and platform settings, center on Nash bargaining: two parties split the gains from agreement according to their bargaining power, relative to a threat point (the disagreement payoff). The Nash-in-Nash refinement embeds bilateral Nash bargains inside a larger non-cooperative game—each upstream–downstream pair bargains taking all other negotiated prices as given—and has become the workhorse for modeling negotiated wholesale prices in vertical markets.


A profile of strategies is a Nash equilibrium if no player can raise its own payoff by unilaterally deviating, holding all rivals’ strategies fixed. In a pricing game this means each firm’s price is a best response to its rivals’ prices, so the equilibrium price vector solves all firms’ first-order conditions simultaneously.



The output of this machinery is a set of results, after which—per the discipline of the field—the modeler pauses to ask whether the results make intuitive sense before trusting them. A written IO study then motivates the question (with examples, statistics, prior work, and policy stakes), states the approach and headline findings, constructs the model, derives the equilibrium and its comparative statics, and closes with limitations and extensions.




39.2 Consumer Demand

The central modeling primitive is a demand system: a description of how the quantities consumers buy respond to firms’ offers—prices, qualities, versions, advertising, warranties. Three questions drive the demand modeler. How should demand be formally specified given the product and the market? What properties must a demand system (more than one product) satisfy to be internally consistent? And how can the system be estimated so that own-price elasticities, cross-price elasticities, and diversion ratios can be computed and fed into a pricing or merger analysis?

Demand is fundamentally a matching process between a population of consumers—each with observable and unobservable characteristics—and a set of products with their own observable and unobservable characteristics. The microeconomics and IO literatures offer three routes through this matching problem: classical consumer theory with continuous choices; discrete-choice models with heterogeneous tastes, which accommodate horizontal differentiation, vertical differentiation, or both; and hybrid discrete–continuous models in which the consumer first chooses which product and then how much. The next two parts develop the classical and discrete-choice routes in turn.



39.3 Classical Consumer Demand

A representative consumer with utility U(q0,q1,…,qn)U(q_0, q_1, \dots, q_n) and income II, facing prices 𝐩=(p1,…,pn)\mathbf{p} = (p_1, \dots, p_n), chooses continuous quantities 𝐪=(q1,…,qn)\mathbf{q} = (q_1, \dots, q_n) to solve

maxq0,…,qnU(q0,q1,…,qn)s.t.q0+∑i=1npiqi≤I,(39.1)
\max_{q_0, \dots, q_n} \; U(q_0, q_1, \dots, q_n)
\quad \text{s.t.} \quad q_0 + \sum_{i=1}^n p_i q_i \le I,
 \qquad(39.1)

where q0q_0 is a numeraire good with normalized price p0=1p_0 = 1. The solution is the Walrasian (or Marshallian) demand system qi=Di(𝐩,I)q_i = D_i(\mathbf{p}, I), and substituting it back into UU gives the indirect utility V(𝐩,I)V(\mathbf{p}, I).

This system is not an arbitrary set of functions; it inherits a rigid structure from optimization, and that structure is what makes the classical approach powerful. Two identities encode it. Roy’s identity recovers demand from the indirect utility,

qi(𝐩,I)=−∂V/∂pi∂V/∂I,(39.2)
q_i(\mathbf{p}, I) = -\,\frac{\partial V / \partial p_i}{\partial V / \partial I},
 \qquad(39.2)

so the entire demand system is implicit in a single scalar function VV. The Slutsky equation decomposes the response of demand to a price change into a substitution effect (the compensated, or Hicksian, derivative ∂hi/∂pj\partial h_i / \partial p_j) and an income effect,

∂hi(𝐩,u)∂pj=∂qi(𝐩,I)∂pj+∂qi(𝐩,I)∂Iqj(𝐩,I).(39.3)
\frac{\partial h_i(\mathbf{p}, u)}{\partial p_j}
= \frac{\partial q_i(\mathbf{p}, I)}{\partial p_j}
+ \frac{\partial q_i(\mathbf{p}, I)}{\partial I}\, q_j(\mathbf{p}, I).
 \qquad(39.3)

The matrix of compensated derivatives—the Slutsky substitution matrix—is symmetric and negative semi-definite. Symmetry is the testable fingerprint of utility maximization: absent income effects, the cross-price response of good ii to pjp_j equals that of good jj to pip_i. Negative semi-definiteness encodes the law of demand, that compensated own-price effects are non-positive.


39.3.1 CES Sub-Utility and the Taste for Variety

A leading special case separates the numeraire from a bundle of differentiated goods, U=U(q0,Q)U = U(q_0, Q), with the differentiated goods aggregated by a constant elasticity of substitution (CES) sub-utility. Taking U=q0QU = q_0 Q with

Q=(∑i=1nqiρ)1/ρ,ρ≤1,(39.4)
Q = \Big( \sum_{i=1}^n q_i^{\rho} \Big)^{1/\rho}, \qquad \rho \le 1,
 \qquad(39.4)

delivers the CES demand system. The parameter ρ\rho controls substitutability: the elasticity of substitution is 1/(1−ρ)1/(1-\rho), so ρ∈(0,1)\rho \in (0,1) makes the goods imperfect substitutes (elasticity above one), ρ→1\rho \to 1 makes them perfect substitutes, and ρ→0\rho \to 0 approaches Cobb–Douglas. The CES form is the standard tool for studying product variety, because the consumer values having many distinct varieties even at equal total quantity—the “love of variety” that justifies entry of differentiated competitors.

To derive demand, write the consumer problem over n+1n+1 goods with the multiplicative specification

U=q0[∑i=1nqiρ]1/ρ,ρ∈(0,1),
U = q_0 \Big[ \sum_{i=1}^n q_i^{\rho} \Big]^{1/\rho}, \qquad \rho \in (0,1),


subject to the budget P0q0+∑i=1nPiqi=MP_0 q_0 + \sum_{i=1}^n P_i q_i = M. The Lagrangian is

ℒ=q0[∑i=1nqiρ]1/ρ+λ(M−P0q0−∑i=1nPiqi).
\mathcal{L} = q_0 \Big[ \sum_{i=1}^n q_i^{\rho} \Big]^{1/\rho}
+ \lambda \Big( M - P_0 q_0 - \sum_{i=1}^n P_i q_i \Big).


The first-order condition for the numeraire, ∂ℒ/∂q0=[∑iqiρ]1/ρ−P0λ=0\partial \mathcal{L}/\partial q_0 = \big[\sum_i q_i^{\rho}\big]^{1/\rho} - P_0\lambda = 0, identifies the marginal utility of income with the aggregate QQ scaled by price, [∑iqiρ]1/ρ=P0λ\big[\sum_i q_i^{\rho}\big]^{1/\rho} = P_0 \lambda. The condition for a differentiated good,

∂ℒ∂qi=q0[∑i=1nqiρ]1/ρ−1qiρ−1−Piλ=0,
\frac{\partial \mathcal{L}}{\partial q_i}
= q_0 \Big[ \sum_{i=1}^n q_i^{\rho} \Big]^{1/\rho - 1} q_i^{\rho - 1} - P_i \lambda = 0,


gives q0[∑iqiρ]1/ρ−1qiρ−1=Piλq_0 \big[\sum_i q_i^{\rho}\big]^{1/\rho - 1} q_i^{\rho-1} = P_i \lambda. Dividing the two conditions eliminates λ\lambda and yields the direct CES demand; solving instead for PiP_i yields the inverse demand. The economic reading is the one above: with ρ∈(0,1)\rho \in (0,1) the varieties are imperfect substitutes.



39.3.2 Quasi-Linear Utility and the Absence of Income Effects

A second special class drops income effects entirely. With quasi-linear utility,

U=q0+u(q1,…,qn),(39.5)
U = q_0 + u(q_1, \dots, q_n),
 \qquad(39.5)

substituting the budget constraint turns the consumer problem into

maxq1,…,qnu(q1,…,qn)−∑i=1npiqi+I,
\max_{q_1, \dots, q_n} \; u(q_1, \dots, q_n) - \sum_{i=1}^n p_i q_i + I,


with first-order conditions ∂u/∂qi=pi\partial u / \partial q_i = p_i. Because II enters additively, the demands for the nn differentiated goods are independent of income (provided income is large enough that q0>0q_0 > 0). All income is absorbed by the numeraire, and the maximized utility is V=v(p1,…,pn)+IV = v(p_1, \dots, p_n) + I, where v(⋅)v(\cdot) is the consumer-surplus function. This additive separability is what makes quasi-linear utility the default for welfare analysis in IO: changes in consumer surplus are read directly off vv, untangled from income.

The structure delivers three results used repeatedly below. First, demand is the negative gradient of surplus, −∂v/∂pi=qi(𝐩)-\partial v / \partial p_i = q_i(\mathbf{p}), a special case of Roy’s identity (Equation 39.2). Second, the Jacobian of the demand system, J=(∂qi(𝐩)/∂pj)n×nJ = \big( \partial q_i(\mathbf{p}) / \partial p_j \big)_{n \times n}, is symmetric and negative semi-definite—the Slutsky matrix (Equation 39.3) stripped of income terms. Third, the construction can be reverse-engineered: if an observed demand system has a symmetric, negative-definite Jacobian, it is rationalizable by a representative consumer maximizing a concave quasi-linear utility, recovered by substituting the inverse demand into the first-order conditions and integrating the resulting system of partial differential equations ∂u/∂qi=pi(q)\partial u / \partial q_i = p_i(q). Recovering uu in turn enables exact welfare statements.


39.3.2.1 Substitutes, Complements, and Diversion

With n=2n = 2, the sign of the cross-effect classifies the goods. They are demand-substitutes if good jj’s demand rises with pip_i and demand-complements if it falls. Applying Cramer’s rule to the first-order conditions of quasi-linear maximization,

|J|∂q1∂p2=|J|∂q2∂p1=−u12=−u21,(39.6)
|J|\, \frac{\partial q_1}{\partial p_2}
= |J|\, \frac{\partial q_2}{\partial p_1}
= -\,u_{12} = -\,u_{21},
 \qquad(39.6)

where |J|>0|J| > 0 by negative definiteness (strict concavity of uu). The products are therefore demand-substitutes when u12=u21<0u_{12} = u_{21} < 0 and demand-complements when u12=u21>0u_{12} = u_{21} > 0: the sign of the utility cross-partial governs the substitution relationship.

The diversion ratio quantifies substitution and is the single most important demand statistic in merger analysis. For imperfect substitutes, it measures how much of the demand lost from raising p1p_1 is recaptured by product 2,

d12=∂q2/∂p1−∂q1/∂p1>0.(39.7)
d_{12} = \frac{\partial q_2 / \partial p_1}{-\,\partial q_1 / \partial p_1} > 0.
 \qquad(39.7)

Intuitively, if a consumer prefers coffee brand A but buys brand B when A’s price rises (or A is out of stock), sales “divert” from A to B; d12d_{12} is the fraction of A’s lost sales that lands on B. Negative definiteness of the substitution matrix imposes a discipline on the pair of diversion ratios,

∂q1∂p1∂q2∂p2−∂q2∂p1∂q1∂p2>0⇔d12d21<1,
\frac{\partial q_1}{\partial p_1}\frac{\partial q_2}{\partial p_2}
- \frac{\partial q_2}{\partial p_1}\frac{\partial q_1}{\partial p_2} > 0
\quad \Longleftrightarrow \quad d_{12}\, d_{21} < 1,


so two goods cannot each divert most of their lost sales to the other. The empirically estimable version, for products AA and BB with quantities and prices (QA,PA,QB,PB)(Q_A, P_A, Q_B, P_B), is

DAB=ΔQB/ΔPAΔQA/ΔPA,(39.8)
D_{AB} = \frac{\Delta Q_B / \Delta P_A}{\Delta Q_A / \Delta P_A},
 \qquad(39.8)

the change in BB’s quantity per unit change in AA’s price, normalized by AA’s own quantity response. The following seeded example simulates two products and estimates the diversion ratio from first differences.


set.seed(123)
n <- 100
price_A <- runif(n, 5, 10)
price_B <- runif(n, 5, 10)
quantity_A <- 100 - 5 * price_A + rnorm(n)
quantity_B <-  80 - 4 * price_B + rnorm(n)

# Diversion ratio from first differences (eq. of D_AB)
delta_QA <- diff(quantity_A)
delta_PA <- diff(price_A)
delta_QB <- diff(quantity_B)

D_AB <- mean(delta_QB / delta_PA) / mean(delta_QA / delta_PA)
D_AB
#> [1] 4.606575





library(ggplot2)
plot_df <- data.frame(delta_PA, delta_QA, delta_QB)
ggplot(plot_df, aes(x = delta_PA)) +
  geom_point(aes(y = delta_QA), color = "blue", alpha = 0.5) +
  geom_point(aes(y = delta_QB), color = "red",  alpha = 0.5) +
  geom_smooth(aes(y = delta_QA), method = "lm", color = "blue", se = FALSE) +
  geom_smooth(aes(y = delta_QB), method = "lm", color = "red",  se = FALSE) +
  labs(x = "Change in price of A", y = "Change in quantity",
       title = "Change in quantity vs. change in price of A",
       subtitle = "Blue: product A   Red: product B") +
  theme_minimal()





[image: ]

Change in quantity of each product against the change in product A’s price. Product A (blue) responds steeply to its own price; product B (red) is comparatively unresponsive, so little demand diverts from A to B.










39.3.3 The Linear Demand System from Quadratic Utility

The most-used closed-form demand system comes from a quasi-linear quadratic utility. Over two differentiated goods,

U(q0,q1,q2)=q0+α1q1+α2q2−12[β1q12+2γq1q2+β2q22],(39.9)
U(q_0, q_1, q_2) = q_0 + \alpha_1 q_1 + \alpha_2 q_2
- \tfrac{1}{2}\big[ \beta_1 q_1^2 + 2\gamma\, q_1 q_2 + \beta_2 q_2^2 \big],
 \qquad(39.9)

with αi>0\alpha_i > 0, βi>0\beta_i > 0, and β1β2−γ2>0\beta_1 \beta_2 - \gamma^2 > 0 (concavity). The first-order conditions are the inverse (linear) demands,

p1=α1−β1q1−γq2,p2=α2−β2q2−γq1,(39.10)
p_1 = \alpha_1 - \beta_1 q_1 - \gamma q_2, \qquad
p_2 = \alpha_2 - \beta_2 q_2 - \gamma q_1,
 \qquad(39.10)

and inverting this linear system gives the direct demands with constant diversion ratios. The cross-partial of utility is exactly ∂2U/∂q1∂q2=γ\partial^2 U / \partial q_1 \partial q_2
= \gamma, so γ\gamma is the substitution parameter: under the sign convention of Equation 39.6, a positive cross-partial signals complements and a negative one signals substitutes. Two parameterization styles appear in practice. Treating γ\gamma as a free parameter captures the relationship directly and flexibly. Tying the curvature to substitution by setting β1=β2=1−γ\beta_1 = \beta_2 = 1 - \gamma is more parsimonious but restrictive: it forces own-curvature to move with the cross-effect, which can be arbitrary when theory offers no guidance.


39.3.3.1 The Shubik–Levitan Normalization

A subtle defect of the raw quadratic form is that adding products mechanically changes the scale of demand. Richard and Martin (1980) propose a normalization that separates the number of products from their substitutability. With

u(q1,…,qn)=α∑i=1nqi−n2(1+γ)[∑i=1nqi2+γn(∑i=1nqi)2],(39.11)
u(q_1, \dots, q_n) = \alpha \sum_{i=1}^n q_i
- \frac{n}{2(1+\gamma)}\Big[ \sum_{i=1}^n q_i^2
+ \frac{\gamma}{n}\Big( \sum_{i=1}^n q_i \Big)^2 \Big],
 \qquad(39.11)

where α>0\alpha > 0 and γ∈[0,∞)\gamma \in [0, \infty) indexes substitutability, the demand system becomes

qi=1n[α−pi(1+γ)+γn∑j=1npj].(39.12)
q_i = \frac{1}{n}\Big[ \alpha - p_i(1+\gamma) + \frac{\gamma}{n} \sum_{j=1}^n p_j \Big].
 \qquad(39.12)

This form has two properties that make it the standard for oligopoly-variety models. The aggregate demand Q=∑iqi=α−1n∑jpjQ = \sum_i q_i = \alpha - \tfrac{1}{n}\sum_j p_j does not depend on the degree of substitution γ\gamma, and under symmetric prices pi=pp_i = p the aggregate Q=α−pQ = \alpha - p does not depend on the number of products nn. Holding the “market” fixed while varying competition and variety is exactly what one wants when asking how entry or differentiation reshapes equilibrium.

The normalization supports two instructive applications. In the first, a downstream buyer with revenue u(q1,q2)u(q_1, q_2) faces a market-share restriction imposed by the seller of product 1: q1/(q1+q2)≥sq_1/(q_1 + q_2) \ge s or q1=0q_1 = 0, where s∈[0,1]s \in [0,1] is the required share and s=1s = 1 is an exclusive contract. The buyer solves maxq1,q2u(q1,q2)−p1q1−p2q2\max_{q_1, q_2} u(q_1, q_2) - p_1 q_1 - p_2 q_2 subject to that constraint, and the linear-quadratic utility yields a constrained demand q(p,s)q(p, s) whose comparative statics in pp and ss reveal how share-based contracts distort purchasing. In the second, a demand system satisfies the strong-complements property if the ratio qi*(p)/q1*(p)q_i^*(p)/q_1^*(p) is independent of p1p_1 for i=2,…,ni = 2, \dots, n. This is equivalent to the statement that, for any constant marginal costs ci>0c_i > 0, the monopolist’s problem maxp∑i(pi−ci)qi*(p)\max_p \sum_i (p_i - c_i) q_i^*(p) sets pi*=cip_i^* = c_i for i=2,…,ni = 2, \dots, n: when goods are strong complements, the multiproduct monopolist prices the complementary goods at marginal cost and earns its margin entirely on the base good. Writing v(p)=u(q*(p))−∑ipiqi*(p)v(p) = u(q^*(p)) - \sum_i p_i q_i^*(p) for indirect utility, the maximum profit conditional on delivering the consumer at least uu, π(u)=maxp{∑i(pi−ci)qi*(p):v(p)≥u}\pi(u) = \max_p \{ \sum_i (p_i - c_i) q_i^*(p) : v(p) \ge u \}, is decreasing and concave in the promised surplus.




39.3.4 Equilibrium Pricing and Cost Pass-Through

The demand system is only half the model; the other half is firm conduct. Suppose two single-product firms with constant marginal costs c1,c2c_1, c_2 set prices simultaneously. Firm 1 maximizes π1(p1,p2)=(p1−c1)q1(p1,p2)\pi_1(p_1, p_2) = (p_1 - c_1) q_1(p_1, p_2), with first-order condition

q1+(p1−c1)∂q1∂p1=0,(39.13)
q_1 + (p_1 - c_1)\frac{\partial q_1}{\partial p_1} = 0,
 \qquad(39.13)

and symmetrically for firm 2. The pair of conditions defines the Bertrand–Nash equilibrium prices (p1*,p2*)(p_1^*, p_2^*). A key comparative static is cost pass-through (CPT)—how an equilibrium price responds to a marginal-cost shock—with own and cross rates

CPT11=∂p1*∂c1,CPT22=∂p2*∂c2,CPT12=∂p1*∂c2,CPT21=∂p2*∂c1.(39.14)
CPT_{11} = \frac{\partial p_1^*}{\partial c_1}, \quad
CPT_{22} = \frac{\partial p_2^*}{\partial c_2}, \quad
CPT_{12} = \frac{\partial p_1^*}{\partial c_2}, \quad
CPT_{21} = \frac{\partial p_2^*}{\partial c_1}.
 \qquad(39.14)

Pass-through is the quantity a regulator or analyst needs to predict how a tax, tariff, or input-cost shock reaches consumers, and it depends on the curvature of demand, not merely its slope.

When the two firms merge or collude, the combined entity becomes a multiproduct monopolist maximizing joint profit π(p1,p2)=(p1−c1)q1+(p2−c2)q2\pi(p_1, p_2) = (p_1 - c_1) q_1 + (p_2 - c_2) q_2, with first-order conditions

∂π∂p1=q1+(p1−c1)∂q1∂p1+(p2−c2)∂q2∂p1=0,∂π∂p2=q2+(p2−c2)∂q2∂p2+(p1−c1)∂q1∂p2=0.(39.15)
\begin{aligned}
\frac{\partial \pi}{\partial p_1}
&= q_1 + (p_1 - c_1)\frac{\partial q_1}{\partial p_1}
+ (p_2 - c_2)\frac{\partial q_2}{\partial p_1} = 0,\\[4pt]
\frac{\partial \pi}{\partial p_2}
&= q_2 + (p_2 - c_2)\frac{\partial q_2}{\partial p_2}
+ (p_1 - c_1)\frac{\partial q_1}{\partial p_2} = 0.
\end{aligned}
 \qquad(39.15)

The monopolist’s conditions differ from the competitive ones (Equation 39.13) by the extra cross-effect term (pj−cj)∂qj/∂pi(p_j - c_j)\,\partial q_j / \partial p_i: the merged firm internalizes the demand it steals from itself. For substitutes this raises both prices above the Bertrand level—the classic unilateral-effects concern in merger review—while pass-through rates CPTMCPT^M generally differ from the competitive case because the monopolist accounts for cross-effects when passing through cost shocks. Table 39.1 contrasts the two regimes.




Table 39.1: Bertrand competition versus joint pricing under the same linear demand system. The single structural difference—internalizing cross-demand—drives the price and pass-through divergence.










	Feature
	Bertrand competition
	Multiproduct monopoly / collusion





	First-order condition
	own margin × own slope only
	own margin + cross-margin × cross-slope



	Internalizes cross-effects
	no
	yes



	Equilibrium prices (substitutes)
	lower
	higher



	Cost pass-through
	own-cost driven
	reflects internalized cross-effects



	Treatment of rival product
	competitor
	own product line










The consumer side of this model is closed by consumer surplus. Integrating each inverse demand from Equation 39.10 below the price gives CSi=∫0qipi(qi′,q−i)dqi′−piqiCS_i = \int_0^{q_i} p_i(q_i', q_{-i})\,dq_i' - p_i q_i, and total surplus is CS=CS1+CS2CS = CS_1 + CS_2; this is the welfare object compared across the competitive and monopoly regimes.



39.3.5 Properties of Multiproduct Demand and the Symmetry of Cross-Effects

For a single product, demand q=D(p)q = D(p) is downward-sloping, q′(p)<0q'(p) < 0, with price elasticity ϵ(p)=−q′(p)p/q\epsilon(p) = -q'(p)\,p/q. With multiple products the new content is the cross-price structure. A linear system

q1=α1−β11p1+γ12p2+⋯,q2=α2−β22p2+γ21p1+⋯,
\begin{aligned}
q_1 &= \alpha_1 - \beta_{11} p_1 + \gamma_{12} p_2 + \cdots,\\
q_2 &= \alpha_2 - \beta_{22} p_2 + \gamma_{21} p_1 + \cdots,
\end{aligned}


has own-price effects ∂qi/∂pi<0\partial q_i / \partial p_i < 0 and cross-price effects whose sign is positive for substitutes and negative for complements. A foundational result is that the cross-effects are symmetric, ∂q1/∂p2=∂q2/∂p1\partial q_1 / \partial p_2 = \partial q_2 / \partial p_1, whenever consumers have quasi-linear utility (no income effect). The derivation makes the source of symmetry explicit. From maxq1,q2u(q1,q2)−p1q1−p2q2\max_{q_1, q_2} u(q_1, q_2) - p_1 q_1 - p_2 q_2 the first-order conditions u1(q1*,q2*)=p1u_1(q_1^*, q_2^*) = p_1 and u2(q1*,q2*)=p2u_2(q_1^*, q_2^*) = p_2 hold; differentiating the system with respect to p1p_1,

u11∂q1*∂p1+u12∂q2*∂p1=1,u21∂q1*∂p1+u22∂q2*∂p1=0,
\begin{aligned}
u_{11}\frac{\partial q_1^*}{\partial p_1} + u_{12}\frac{\partial q_2^*}{\partial p_1} &= 1,\\
u_{21}\frac{\partial q_1^*}{\partial p_1} + u_{22}\frac{\partial q_2^*}{\partial p_1} &= 0,
\end{aligned}


and solving yields

∂q2*∂p1=−u21u11u22−u12u21,∂q1*∂p2=−u12u11u22−u12u21.
\frac{\partial q_2^*}{\partial p_1} = -\,\frac{u_{21}}{u_{11}u_{22} - u_{12}u_{21}},
\qquad
\frac{\partial q_1^*}{\partial p_2} = -\,\frac{u_{12}}{u_{11}u_{22} - u_{12}u_{21}}.


Because u12=u21u_{12} = u_{21} (Young’s theorem on the symmetry of cross-partials), the two cross-effects are equal. This is the Slutsky symmetry of Equation 39.3 with the income terms switched off.

When income effects are present, symmetry of the uncompensated cross-effects no longer follows automatically. Slutsky symmetry holds for the compensated derivatives,

∂hi∂pj=∂qi∂pj+∂qi∂Iqj=∂hj∂pi=∂qj∂pi+∂qj∂Iqi,
\frac{\partial h_i}{\partial p_j}
= \frac{\partial q_i}{\partial p_j} + \frac{\partial q_i}{\partial I} q_j
= \frac{\partial h_j}{\partial p_i}
= \frac{\partial q_j}{\partial p_i} + \frac{\partial q_j}{\partial I} q_i,


so the observed (uncompensated) cross-effects are equal only if the income terms balance, i.e. if ∂qi∂I/qi=∂qj∂I/qj\frac{\partial q_i}{\partial I}/q_i = \frac{\partial q_j}{\partial I}/q_j. The empirical reading is useful: if the data show equal uncompensated cross-price effects, that is consistent evidence for either no income effect, or income effects that scale the two goods’ consumption proportionally—an additional rupee of income expands consumption of both goods in the same relative measure. Two normalizations make the cross-versus-own comparison concrete: assuming −∂qi/∂pi>∂qj/∂pi-\partial q_i / \partial p_i > \partial q_j / \partial p_i keeps the diversion ratio below one, and assuming −∂qi/∂pi>∂qi/∂pj-\partial q_i / \partial p_i > \partial q_i / \partial p_j keeps the indirect diversion ratio below one. Own- and cross-price elasticities are defined analogously by scaling each derivative by p/qp/q.

The classical, continuous approach has real strengths: the tight algebraic structure of the demand system delivers clean pricing strategies and exact welfare statements. But it pays little attention to product characteristics—quality, location, timing, availability, the consumer’s information about a product’s existence and quality—and it does not formally model the heterogeneity of consumer preferences. Discrete-choice models, developed in Section 39.5, are designed precisely to address these gaps.



39.3.6 Tractable Multiproduct Demand: Homothetic Surplus

A frontier question is which multiproduct demand systems are simultaneously rich enough to be realistic and tractable enough to solve. Armstrong and Vickers (2018) answer it by characterizing the demand systems whose consumer surplus is homothetic, a property that collapses a high-dimensional pricing problem into a one-dimensional one. Begin with the representative consumer’s quasi-linear problem: utility u(q)u(q) with u(0)=0u(0) = 0, increasing and strictly concave, choosing qq to solve maxqu(q)−p⋅q\max_q u(q) - p
\cdot q. The inverse demand is the gradient p(q)=∇u(q)p(q) = \nabla u(q), total revenue is R(q)=q⋅∇u(q)R(q) = q \cdot \nabla u(q), and consumer surplus is

s(q)=u(q)−q⋅∇u(q).(39.16)
s(q) = u(q) - q \cdot \nabla u(q).
 \qquad(39.16)


Proposition (Armstrong and Vickers 2018). Consumer surplus s(q)s(q) is homothetic in qq if and only if utility takes the form u(q)=h(q)+g(f(q)), u(q) = h(q) + g\big(f(q)\big),  where hh and ff are homogeneous of degree one and gg is concave with g(0)=0g(0) = 0.



This is a far wider class than the systems whose surplus is homothetic in prices (the case h=0h = 0), and it exposes exactly three degrees of freedom—the functions f(q)f(q), h(q)h(q), and g(⋅)g(\cdot)—that the modeler can choose to match data while preserving tractability. The “if” direction is instructive. Inverse demand is p(q)=∇h(q)+g′(f(q))∇f(q)p(q) = \nabla h(q) + g'(f(q))\,\nabla f(q), and since q⋅∇h(q)≡h(q)q \cdot \nabla h(q) \equiv
h(q) for a degree-one homogeneous function, revenue is R(q)=h(q)+g′(f(q))f(q)R(q) = h(q) + g'(f(q)) f(q), so surplus reduces to s(q)=g(f(q))−g′(f(q))f(q)s(q) = g(f(q)) - g'(f(q)) f(q)—a monotone function of the single composite f(q)f(q).

The proof technique is a change to “polar coordinates” that pays off conceptually. Write q=f(q)⋅qf(q)q = f(q) \cdot \tfrac{q}{f(q)}, where q/f(q)q/f(q) is homogeneous of degree zero and depends only on the ray from the origin (the mix of products), while f(q)f(q)—the composite quantity—measures how far along that ray the bundle lies. The consumer’s problem then separates into two stages. Surplus u(q)−p⋅q=g(f(q))−f(q)p⋅q−h(q)f(q)u(q) - p\cdot q = g(f(q)) - f(q)\frac{p\cdot q - h(q)}{f(q)} is maximized, for any fixed f(q)f(q), by minimizing p⋅q−h(q)f(q)\frac{p\cdot q - h(q)}{f(q)}; define the composite price

ϕ(p)≡minq≥0p⋅q−h(q)f(q),(39.17)
\phi(p) \equiv \min_{q \ge 0} \frac{p \cdot q - h(q)}{f(q)},
 \qquad(39.17)

which is increasing and concave in pp. By the envelope theorem the optimal relative quantities are qr(p)≡∇ϕ(p)q^r(p) \equiv \nabla \phi(p). Given those, the consumer chooses the composite quantity QQ to maximize the concave objective g(Q)−Qϕ(p)g(Q) - Q\,\phi(p), whose solution Q̂(ϕ(p))\hat{Q}(\phi(p)) is the demand for the composite. The full demand function factors as q(p)=Q̂(ϕ(p))×qr(p)q(p) = \hat{Q}(\phi(p)) \times q^r(p): the consumer picks a mix from relative prices and a scale from the composite price, and all prices with the same ϕ(p)\phi(p) induce the same composite quantity through the inverse relation ϕ(p)=g′(Q̂)\phi(p) = g'(\hat{Q}).

Three examples show the family’s reach. The linear system u(q)=aq−12q⊤Bqu(q) = aq -
\tfrac{1}{2} q^\top B q with a>0a > 0 and BB positive definite gives p(q)=a−Bqp(q) = a - Bq and decomposes as h(q)=aqh(q) = aq, f(q)=q⊤Bqf(q) = \sqrt{q^\top B q}, g(f)=−12f2g(f) = -\tfrac{1}{2}f^2, and s(q)=12f(q)2s(q) = \tfrac{1}{2} f(q)^2. The logit system qi(p)=e(ai−pi)/μk+∑je(aj−pj)/μq_i(p) = \frac{e^{(a_i - p_i)/\mu}}{k + \sum_j e^{(a_j - p_j)/\mu}} corresponds to surplus v(p)=μlog(1+1k∑je(aj−pj)/μ)v(p) = \mu \log\!\big(1 + \tfrac{1}{k}\sum_j e^{(a_j - p_j)/\mu}\big), with the decomposition f(q)=∑jqjf(q) = \sum_j q_j (total quantity), g(f)=−μ(flogf+(1−f)log(1−f))g(f) = -\mu\big(f\log f + (1-f)\log(1-f)\big), and s(q)=−μlog(1−f(q))s(q) = -\mu\log(1 - f(q)). The complementary-products example captures hardware-plus-services: if q1q_1 is the number of access units (hardware) and each requires services y=q2/q1y = q_2/q_1, gross utility is u(q1,q2)=q1û(q2/q1)+g(q1)u(q_1, q_2) = q_1 \hat{u}(q_2/q_1) + g(q_1), an instance with f(q)=q1f(q) = q_1, so surplus depends only on the number of access units. The ratio q2/q1q_2/q_1 is independent of p1p_1—precisely the strong-complements property of Section 39.3— with the implication that the monopolist prices services to extract the base-good margin.




39.4 Vertical Differentiation: Quality

Differentiation is vertical when augmenting a product characteristic benefits all consumers: everyone prefers higher quality, faster delivery, longer battery life. The canonical model gives a consumer of type θ\theta utility

u={θs−pif she buys quality s at price p,0if she does not buy,(39.18)
u =
\begin{cases}
\theta s - p & \text{if she buys quality } s \text{ at price } p,\\
0 & \text{if she does not buy,}
\end{cases}
 \qquad(39.18)

where s>0s > 0 is quality (common knowledge), utility is separable in quality and price, and θ>0\theta > 0 is a taste parameter—the consumer’s marginal willingness to pay for quality—distributed across the population with density f(θ)f(\theta) and cdf F(θ)F(\theta) on [θ_,θ‾][\underline{\theta}, \bar{\theta}]. Firms know the distribution but not any individual’s θ\theta. The defining feature is unanimity: every consumer prefers higher ss, in contrast to horizontal differentiation where consumers disagree about the ideal variety.

One quality. When a single quality ss is offered at price pp, a type θ\theta buys iff θs−p≥0\theta s - p \ge 0, i.e. θ≥p/s\theta \ge p/s. With NN identical consumers, aggregate demand is

D(p)=N[1−F(p/s)],(39.19)
D(p) = N\big[1 - F(p/s)\big],
 \qquad(39.19)

which is downward-sloping. Under the uniform FF, D(p)=N(1−p/s)D(p) = N(1 - p/s) for p≤sp \le s and zero otherwise. Unlike classical demand, quality ss enters explicitly, so the model can speak to quality choice, not just price.

Two qualities. Offering a product line s1<s2s_1 < s_2 (with p1<p2p_1 < p_2) lets the firm screen consumers and extract more surplus—the logic of second-degree price discrimination. A type θ\theta buys s1s_1 iff θs1−p1≥0\theta s_1 - p_1 \ge 0 and θs1−p1≥θs2−p2\theta s_1 - p_1 \ge \theta s_2 - p_2; she buys s2s_2 iff θs2−p2≥0\theta s_2 - p_2 \ge 0 and θs2−p2≥θs1−p1\theta s_2 - p_2 \ge \theta s_1 - p_1. Three cutoffs—p1/s1p_1/s_1, p2/s2p_2/s_2, and the indifference type θ*≡(p2−p1)/(s2−s1)\theta^* \equiv (p_2 - p_1)/(s_2 - s_1)—partition consumers across not buying, buying low, and buying high. The configuration depends on which good offers more quality per dollar. If the high good dominates on quality-per-dollar (p2/s2≤p1/s1p_2/s_2 \le p_1/s_1), the low good is driven out and only s2s_2 sells; otherwise both sell, with the low good serving an interior band of types. Collecting both cases,

D1(p1,p2)={0if p1p2≥s1s2,N[F(p2−p1s2−s1)−F(p1s1)]if p1p2<s1s2,(39.20)
D_1(p_1, p_2) =
\begin{cases}
0 & \text{if } \tfrac{p_1}{p_2} \ge \tfrac{s_1}{s_2},\\[4pt]
N\big[F(\tfrac{p_2 - p_1}{s_2 - s_1}) - F(\tfrac{p_1}{s_1})\big] & \text{if } \tfrac{p_1}{p_2} < \tfrac{s_1}{s_2},
\end{cases}
 \qquad(39.20)

D2(p1,p2)={N[1−F(p2s2)]if p1p2≥s1s2,N[1−F(p2−p1s2−s1)]if p1p2<s1s2.(39.21)
D_2(p_1, p_2) =
\begin{cases}
N\big[1 - F(\tfrac{p_2}{s_2})\big] & \text{if } \tfrac{p_1}{p_2} \ge \tfrac{s_1}{s_2},\\[4pt]
N\big[1 - F(\tfrac{p_2 - p_1}{s_2 - s_1})\big] & \text{if } \tfrac{p_1}{p_2} < \tfrac{s_1}{s_2}.
\end{cases}
 \qquad(39.21)

Under the uniform special case F(θ)=θF(\theta) = \theta on [0,1][0,1], the interior cross-price derivatives are ∂D1/∂p2=∂D2/∂p1=N/(s2−s1)>0\partial D_1 / \partial p_2 = \partial D_2 / \partial p_1 = N/(s_2 -
s_1) > 0: the two qualities are substitutes, and the strength of substitution scales inversely with the quality gap s2−s1s_2 - s_1. Widening the quality ladder softens competition between the firm’s own tiers—the structural reason a multiproduct firm spaces its versions apart.

The taste parameter θ\theta admits a measurable interpretation: it can stand for willingness to pay for quality and is often linked to income, the most observable axis of consumer heterogeneity. If consumers differ in income and utility is U=u(I−p)+sU = u(I - p) + s, a first-order Taylor expansion of uu around II recovers the quasi-linear form θs−p\theta s - p with θ\theta tied to the marginal utility of income, making the abstract taste parameter empirically grounded.



39.5 Discrete-Choice Demand

Discrete-choice models replace the continuous-quantity consumer with one who selects a single alternative from a menu, which is how modern empirical IO and quantitative marketing estimate demand for differentiated products. The payoff is twofold: a small number of preference parameters generates the full matrix of own- and cross-price elasticities, and demand can be predicted for new or hypothetical products by projecting them into characteristic space. Figure 39.2 traces the lineage of models this section develops, from the workhorse logit through its corrections for heterogeneity and endogeneity to the frontier estimators for zero shares and multi-sided markets.
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Figure 39.2: Lineage of discrete-choice demand models. Each arrow relaxes a limitation of the parent: random coefficients break the IIA restriction, BLP adds price endogeneity, and the frontier estimators handle zero shares and platform externalities.









39.5.1 Random Utility and the Multinomial Logit

McFadden (1986b) frames market research through economic choice theory: a consumer is an “optimizing black box” mapping inputs (product attributes, socioeconomic features, market information, history, constraints) to outputs (purchase decisions, consumption levels). The behavioral premise is that individuals maximize a preference order influenced by perceptions, attitudes, and past decisions, with commodities represented as bundles of attributes. The intellectual debt is explicit: Thurstone’s 1927 random utility idea—choice of the momentarily most beneficial alternative—was revived by Luce in 1959 and married, by the mid-1960s, to a multidimensional attribute representation of goods, producing the multinomial logit. McFadden’s program is to model the cognitive process inside the black box using experimental data on consumer cognition, because historical field data may not reveal how consumers would respond to genuinely new product designs. The constructs that populate the box—product perceptions, general attitudes, preferences, decision protocols, and behavioral intentions—are measured by psychometric instruments (multidimensional scaling for perceptions, factor analysis for tastes, verbal protocols for decision-making, conjoint analysis for preferences), and the central challenge is to turn those psychometric indicators into market forecasts that can be validated. Laboratory elicitation is attractive for its precise control, ability to study not-yet-marketed innovations, and low cost, but only field validation is fully convincing, and the literature warns that incentive-poor experiments may mispredict real behavior.

The multinomial logit (MNL) is the workhorse random-utility model. With a choice set C={1,…,M}C = \{1, \dots, M\} and scale values (strict utilities) ViV_i, the probability of choosing ii is

PC(i)=exp(Vi)∑j∈Cexp(Vj).(39.22)
P_C(i) = \frac{\exp(V_i)}{\sum_{j \in C} \exp(V_j)}.
 \qquad(39.22)

The scale values are functions of alternatives’ attributes, can interact with individual characteristics and choice-set features, and usually take an additively separable linear form Vi=𝐗i𝛃V_i = \mathbf{X}_i \boldsymbol{\beta}. The closed form follows from assuming the unobserved utility component is i.i.d. type-I extreme value (double exponential). The MNL inherits Luce’s independence of irrelevant alternatives (IIA) axiom,

PA(i)PA(j)=PC(i)PC(j)∀i,j∈A⊆C,(39.23)
\frac{P_A(i)}{P_A(j)} = \frac{P_C(i)}{P_C(j)}
\qquad \forall\, i, j \in A \subseteq C,
 \qquad(39.23)

which states that the relative odds of two alternatives do not depend on what else is available. IIA is a double-edged property. It buys real advantages: inference about many alternatives from paired comparisons, easy demand forecasting for new alternatives, a clean link between choice probabilities and ranking data (ideal for conjoint), and the closed form itself. But it is often unrealistic—it forces a uniform substitution response to any one alternative’s attribute change, at odds with the clustered similarity patterns of real markets (the “red bus / blue bus” problem), and this defect, too, traces to the extreme-value error assumption.

The literature addresses IIA in three ways: test for it empirically; modify the MNL so scale values depend on choice-set features; or switch models. The alternatives include multinomial probit (MNP), which permits arbitrary correlation patterns through normally distributed utilities at the cost of high-dimensional integration; nested MNL, the marketing standard, which groups similar alternatives so IIA holds only within nests; generalized extreme value; and elimination-by-aspects variants (HEBA, elimination by strategy). Consumer heterogeneity is handled by random- coefficients MNL (the marketing standard for breaking IIA), fixed-coefficient specifications, or hierarchical Bayesian models. Estimation is normally by maximum likelihood, though richer models demand more computation: hierarchical models arrange alternatives in a preference tree and choose by eliminating clusters, while MNP and random-coefficients MNP rely on Monte Carlo simulation for both estimation and forecasting. A low-dimensional factor-analytic structure on the covariance matrix keeps MNP tractable, and the hybrid model of Westin and Talvitie makes choice probabilities logit with scale values linear in random taste parameters. The simulated moments estimator of McFadden (1986a) makes high-dimensional MNP practical: it is consistent and asymptotically normal while requiring only one Monte Carlo draw per observation, and it supplies computationally feasible instruments and a covariance estimator for hypothesis testing. Market demand is then the sum of individual choice probabilities, approximated either by microsimulation (Monte Carlo sampling over the population, the more flexible route, which reflects population heterogeneity when the model carries fixed-effect parameters) or by segmenting the population and summing representative probabilities. Forecasting additionally requires external projections of prices, attributes, demographics, and population size.

A distinctive strand of McFadden (1986b) incorporates psychometric data directly into the choice model. Perceptions and attitudes—scaled metrically—shape the utility function and the product-attribute scales, formalized in a latent-variable system that links measured causes and indicators to a utility-maximizing choice protocol. Psychometricians favor fixed-effect descriptions of individual heterogeneity; marketing favors random-effect models for their parsimony, forecast accuracy, and flexibility. A practical sequential estimator first regresses the psychometric indicators to recover the latent variables, then estimates the choice model on the fitted latents; a more efficient estimator integrates over the latent-variable distribution by maximum likelihood, with the simulated-moments estimator as a lighter alternative. Conjoint analysis is the experimental engine for this program: it gathers laboratory choice data in simulated markets plus self-explicated attribute importances, and—because everything is exogenous by design—it can be used much like real market data for forecasting, with choice-based conjoint the gold standard for mimicking reality. Its validity hinges on the stability of preferences across task framings and incentives, the structure of the preference map, and the cognitive congruence of experimental and market tasks. Because the MNL’s IIA structure is a maintained assumption when conjoint data are summarized this way, it must be tested: auxiliary regressions detect omitted variables and interactions, and the tests of McFadden–Tye–Train and Hausman–McFadden gauge IIA, with power depending on the variables already in the base model and the capacity to discriminate among nesting structures.



39.5.2 Differentiated-Products Demand and Price Endogeneity

The defining obstacle in estimating differentiated-products demand is price endogeneity arising from unobserved product characteristics. Steven T. Berry (1994a) gives the structural interpretation: a demand error represents unobserved demand influences—style, design, perceived quality, durability—that the econometrician cannot measure but that firms observe and price against. Because high-ξ\xi products carry both higher demand and higher prices, the correlation between price and the demand error biases naive estimates and can even produce upward-sloping fitted demand curves, exactly the anomaly Trajtenberg documents in CT scanners and Berry, Levinsohn, and Pakes confirm in automobiles. For homogeneous goods this is a standard endogeneity problem fixable with instrumental variables on a constant-elasticity system ln(qj)=αj+∑kηjkln(pk)+ϵj\ln(q_j) = \alpha_j + \sum_k \eta_{jk}\ln(p_k) + \epsilon_j, where ηjk\eta_{jk} is the elasticity of good jj to price kk. But in discrete-choice models price and ξ\xi enter demand non-linearly, so linear IV cannot be applied directly.

There is also a dimensionality problem. A system of NN goods has N2N^2 elasticities, infeasible to estimate freely. Imposing a priori restrictions (setting some cross-elasticities to zero or to common values) is arbitrary and weakly grounded in theory. The discrete-choice solution is to project demand onto a low-dimensional characteristic space: consumer utility depends on product characteristics and a few random taste parameters, market demand aggregates individual choices, and all elasticities are derived from the handful of utility parameters—which also lets the model predict demand for new and dissimilar products and move freely between aggregate demand and the underlying utility. The cost is the discrete-choice straitjacket: it rules out buying multiple items, struggles with dynamics, and imposes parametric structure. This program descends from McFadden (1974) and Bresnahan’s (1987) vertical model of autos, both of which model utility over characteristics, allow an outside good, and use price-setting firms’ first-order conditions—while, like most of the empirical literature, treating characteristics as exogenous even as prices are determined within the model.

Steven T. Berry (1994a) resolves the non-linear IV problem with the mean-utility inversion. The data are RR independent markets; market rr has NrN_r single-product firms; product jj in market rr has observed characteristics zjr∈ℝKzz_{jr} \in
\mathbb{R}^{K_z} (affecting demand xjx_j and marginal cost wjw_j) and unobserved characteristics (ξj,ωj)(\xi_j, \omega_j), where ξj\xi_j shifts demand and ωj\omega_j shifts cost. The unobservables are assumed mean-independent of observed characteristics and independent across markets, so (𝐳,𝛏,𝛚)(\mathbf{z}, \boldsymbol{\xi}, \boldsymbol{\omega}) are exogenous to pricing. Consumer ii’s utility for product jj is U(xj,ξj,pj,νi,θd)U(x_j, \xi_j, p_j,
\nu_i, \theta_d), with νi\nu_i a consumer-specific term. The leading random- coefficients specification is

uij=xjβ̃−αpj+ξj+ϵij,(39.24)
u_{ij} = x_j \tilde{\beta} - \alpha p_j + \xi_j + \epsilon_{ij},
 \qquad(39.24)

where the taste for characteristic kk is β̃k=βk+σkζik\tilde{\beta}_k = \beta_k + \sigma_k
\zeta_{ik} with βk\beta_k the mean taste and ζik\zeta_{ik} i.i.d. standard normal across consumers and characteristics. Substituting,

uij=xjβ+ξj−αpj+νij,νij=∑kxjkσkζik+ϵij,(39.25)
u_{ij} = x_j \beta + \xi_j - \alpha p_j + \nu_{ij},
\qquad
\nu_{ij} = \sum_k x_{jk}\,\sigma_k\,\zeta_{ik} + \epsilon_{ij},
 \qquad(39.25)

where νij\nu_{ij} is a mean-zero, heteroskedastic error capturing the random tastes. Collecting the terms common to all consumers defines the mean utility

δj≡xjβ−αpj+ξj.(39.26)
\delta_j \equiv x_j \beta - \alpha p_j + \xi_j.
 \qquad(39.26)

The estimator’s insight is that observed market shares can be inverted to recover the δj\delta_j, which are linear in the demand error ξj\xi_j; instrumental variables can then be applied to that linear equation. We make the inversion explicit in Section 39.5.3, where the zero-share problem is also confronted. The companion papers extend the framework to equilibrium: S. Berry, Levinsohn, and Pakes (1995a) estimates automobile prices in market equilibrium with supply-side first-order conditions, and S. Berry, Levinsohn, and Pakes (2004a) combine micro (individual) and macro (aggregate) data to sharpen identification of the new-car demand system.



39.5.3 Zero-Valued Market Shares

The BLP machinery assumes every product has a strictly positive share, because the share inversion takes logs. Real retail data violate this constantly: Dubé, Hortaçsu, and Joo (2021) report that in scanner data, products with literally zero sales are ubiquitous—30.7% of store-day-product observations in their ice-cream application record no sale—and these zeros persist even in large consumer populations, so they are not sampling noise. The standard fixes are ad hoc and biased: imputing a tiny share (say sj=10−12s_j = 10^{-12}) makes results sensitive to the arbitrary small number, dropping zero-share observations discards information and, worse, induces selection bias when zeros are systematic, and common data sources (IRI, Nielsen) silently exclude zero-sales products. Dubé, Hortaçsu, and Joo (2021) build an estimator that treats the zeros as informative through a regime-switching selection model and a pairwise-difference GMM.

The demand side is a random-coefficients logit. With a consideration set J={1,…,J+1}J = \{1,
\dots, J+1\} where J+1J+1 is the outside option (pJ+1=0p_{J+1} = 0), household hh with budget yy maximizes U(𝐪,y;θh)=∑j=1J+1(χjhqj)exp(αhq0)U(\mathbf{q}, y; \theta^h) = \sum_{j=1}^{J+1} (\chi_j^h q_j)
\exp(\alpha^h q_0) over discrete consumption, where perceived quality is χjh=exp(xj′βh+ξj+ϵjh)\chi_j^h =
\exp(x_j'\beta^h + \xi_j + \epsilon_j^h), xjx_j are exogenous attributes, ξj\xi_j is an unobserved vertical characteristic, βh\beta^h are taste parameters, and αh\alpha^h is the marginal value of the numeraire. The choice-specific indirect utilities are

ujh=αh(y−pj)+xj′βh+ξj+ϵjh,uJ+1h=αhy+ϵJ+1h,(39.27)
u_j^h = \alpha^h(y - p_j) + x_j'\beta^h + \xi_j + \epsilon_j^h,
\qquad
u_{J+1}^h = \alpha^h y + \epsilon_{J+1}^h,
 \qquad(39.27)

with ϵjh\epsilon_j^h i.i.d. extreme value and preferences θh=(αh,βh)′∼Fθ(⋅;Θ)\theta^h = (\alpha^h,
\beta^h)' \sim F_\theta(\cdot; \Theta). The predicted share integrates the logit probability over the taste distribution,

πj(𝐩,𝐱,ξ;Θ)=∫exp(αhpj+xj′βh+ξj)1+∑k=1Jexp(αhpk+xk′βh+ξk)dFθ(θh;Θ),(39.28)
\pi_j(\mathbf{p}, \mathbf{x}, \xi; \Theta)
= \int \frac{\exp(\alpha^h p_j + x_j'\beta^h + \xi_j)}
{1 + \sum_{k=1}^J \exp(\alpha^h p_k + x_k'\beta^h + \xi_k)}\,
dF_\theta(\theta^h; \Theta),
 \qquad(39.28)

and is always strictly positive, which is exactly why the model alone cannot rationalize an observed zero.

The fix is a product-selection stage. For each product an indicator dj=𝟏(ϕ(pj,xj,𝐰̃j)+ηj>0)d_j = \mathbf{1}
\big(\phi(p_j, x_j, \tilde{\mathbf{w}}_j) + \eta_j > 0\big) governs whether jj enters the consumer’s choice set, where 𝐰̃j\tilde{\mathbf{w}}_j are selection-shifting factors (stock-outs, feature ads, in-store displays) that move a product’s consideration but not its consumption value (Mehta, Rajiv, and Srinivasan 2003), and ηj\eta_j is a continuous selection shock. Observed shares then follow a regime switch,

πj(𝐩,𝐱,ξ;Θ)={∫exp(αhpj+xj′βh+ξj)1+∑k∈Cexp(αhpk+xk′βh+ξk)dFθdj=1,0dj=0,(39.29)
\pi_j(\mathbf{p}, \mathbf{x}, \xi; \Theta) =
\begin{cases}
\displaystyle \int \frac{\exp(\alpha^h p_j + x_j'\beta^h + \xi_j)}
{1 + \sum_{k \in C} \exp(\alpha^h p_k + x_k'\beta^h + \xi_k)}\, dF_\theta & d_j = 1,\\[10pt]
0 & d_j = 0,
\end{cases}
 \qquad(39.29)

with CC the realized choice set. The econometric danger is selection on unobservables: demand and selection shocks can be correlated, cov(ξj,ηj)≠0\mathrm{cov}(\xi_j,
\eta_j) \ne 0. The motivating example is a locally sourced premium item (high ξj\xi_j) that retailers give scarce shelf space and stock thinly (high non-selection), so quality and consideration move together; if shelf-space and inventory data are unavailable, the correlation is unavoidable.

Identification rests on BLP’s moment condition E(ξj∣𝐳j)=0E(\xi_j \mid \mathbf{z}_j) = 0, where 𝐳j\mathbf{z}_j stacks attributes xjx_j and excluded price shifters 𝐫̃j\tilde{\mathbf{r}}_j. Steven T. Berry (1994a) proves the share map sj=πj(𝐩,𝐱,ξ;Θ)s_j = \pi_j(\mathbf{p},
\mathbf{x}, \xi; \Theta) is invertible in the demand shocks, ξ(Θ)=π−1(𝐱,𝐬;Θ)\xi(\Theta) = \pi^{-1}
(\mathbf{x}, \mathbf{s}; \Theta), and S. Berry, Levinsohn, and Pakes (1995b) propose the GMM estimator built on the empirical analogue of E(ξj(Θ)∣𝐳j)=0E(\xi_j(\Theta) \mid \mathbf{z}_j) = 0. With any zero share the inversion fails. Dropping zeros invokes the weaker condition E[ξj∣𝐳j,dj=1]=0E[\xi_j \mid \mathbf{z}_j,
d_j = 1] = 0, valid only under selection-at-random (cov(ξj,ηj)=0\mathrm{cov}(\xi_j, \eta_j) = 0); under selection on unobservables it fails and GMM is inconsistent. Reduced-form prices are modeled additively, pj=Π(𝐫j;g)+υjp_j = \Pi(\mathbf{r}_j; g) + \upsilon_j with supply shock υj\upsilon_j, which is reasonable under cost-plus grocery pricing and supports a control-function correction for endogenous prices.

The solution is pairwise differencing. Assume the demand shock decomposes through the non-selection propensity μj\mu_j as ξj=ι(μj)+ζj\xi_j = \iota(\mu_j) + \zeta_j with E[ζj∣μj,𝐳]=0E[\zeta_j
\mid \mu_j, \mathbf{z}] = 0 for a smooth increasing ι(⋅)\iota(\cdot). Then for a pair of products with equal propensities the selection terms cancel, yielding the moment

E[ξi−ξj∣𝐳i,𝐳j,μi=μj,di=dj=1]=0.(39.30)
E[\xi_i - \xi_j \mid \mathbf{z}_i, \mathbf{z}_j, \mu_i = \mu_j, d_i = d_j = 1] = 0.
 \qquad(39.30)

In the homogeneous-logit case the inverted demand is ln(sj/s0)=αpj+xj′β+ι(μj)+ζj\ln(s_j/s_0) = \alpha p_j + x_j'
\beta + \iota(\mu_j) + \zeta_j, and differencing two products with μi=μj\mu_i = \mu_j eliminates the unknown selection function,

ln(si/s0)−ln(sj/s0)=α(pi−pj)+(xi−xj)′β+(ζi−ζj),(39.31)
\ln(s_i/s_0) - \ln(s_j/s_0) = \alpha(p_i - p_j) + (x_i - x_j)'\beta + (\zeta_i - \zeta_j),
 \qquad(39.31)

so the conditional moment E[ζi−ζj∣⋯]=E[ξi−ξj∣⋯]=0E[\zeta_i - \zeta_j \mid \cdots] = E[\xi_i - \xi_j \mid \cdots]
= 0 identifies (α,β)(\alpha, \beta) without ever logging a zero share. The price is that the utility intercept is differenced away and cannot be identified.

Estimation is a three-step procedure. Stage 1 estimates the pricing equation pj=Π(𝐫j;g)+υjp_j =
\Pi(\mathbf{r}_j; g) + \upsilon_j (known functional form) with a n\sqrt{n}-consistent ĝ\hat{g}, forms residuals υ̂j=pj−Π(𝐫j;ĝ)\hat{\upsilon}_j = p_j - \Pi(\mathbf{r}_j; \hat{g}), and builds the control vector 𝐰j′=(υ̂j,𝐰̃j′)\mathbf{w}_j' = (\hat{\upsilon}_j, \tilde{\mathbf{w}}_j'); under the distributional exclusion restriction, pjp_j and xjx_j are excluded from 𝐰j\mathbf{w}_j. Stage 2 estimates the selection propensity nonparametrically by Nadaraya–Watson kernel regression,

μ̂(𝐰j)=1−∑kdkH(𝐰k−𝐰jbn)∑kH(𝐰k−𝐰jbn),(39.32)
\hat{\mu}(\mathbf{w}_j) = 1 - \frac{\sum_k d_k\, H\!\big(\tfrac{\mathbf{w}_k - \mathbf{w}_j}{b_n}\big)}
{\sum_k H\!\big(\tfrac{\mathbf{w}_k - \mathbf{w}_j}{b_n}\big)},
 \qquad(39.32)

with kernel HH and bandwidth bnb_n. Stage 3 is the pairwise-difference weighted GMM (PDWGMM) estimator. Writing Δ\Delta for the differencing operator over product pairs, gi,j(Θ)=Δ𝐳i,jΔξi,j(Θ)g_{i,j}(\Theta) = \Delta \mathbf{z}_{i,j}\,\Delta \xi_{i,j}(\Theta), kernel weights ŵi,j=hnd−1κ((μ̂i−μ̂j)/hnd)\hat{w}_{i,j} = h_{n_d}^{-1}\kappa\big((\hat{\mu}_i - \hat{\mu}_j)/h_{n_d}\big) that upweight pairs with similar propensities, and a GMM weight matrix Φ\Phi, the estimator solves

ΘPDWGMM=argmin(Θ,ξ)2n(n−1)∑i=1n−1∑j=i+1nŵi,j𝐠i,j(Θ)′Φ𝐠i,j(Θ)s.t.𝐬=π(𝐩,𝐱,ξ;Θ),(39.33)
\Theta^{\text{PDWGMM}} = \arg\min_{(\Theta, \xi)}
\frac{2}{n(n-1)} \sum_{i=1}^{n-1} \sum_{j=i+1}^{n}
\hat{w}_{i,j}\, \mathbf{g}_{i,j}(\Theta)'\, \Phi\, \mathbf{g}_{i,j}(\Theta)
\quad \text{s.t.}\quad \mathbf{s} = \pi(\mathbf{p}, \mathbf{x}, \xi; \Theta),
 \qquad(39.33)

with the share constraint imposed only where shares are positive.

Monte Carlo evidence sharpens the stakes. Under selection on unobserved demand (scenario a), PDWGMM recovers the mean parameters accurately while the drop-zero estimator overstates the price coefficient by roughly 150%. When zeros are missing at random (scenario b) both estimators are accurate, and PDWGMM loses no precision. With strictly positive shares (scenario c) PDWGMM needs no first two stages and matches the drop-zero estimates. In the ice-cream application—nonpremium brands (Breyers, Dean’s, Edy’s, store brand), the 48-oz size that is 98.5% of sales, two stores, Thursdays, January 2013–June 2014, 14,907 product-store observations—price endogeneity is instrumented by unit cost and its square, and consideration is instrumented by UPC- and brand-level feature advertising. Across six estimators (random-coefficients and homogeneous logit, each with PDWGMM, drop-zero, and where applicable Heckman and impute corrections), the imputed-share correction is unstable, PDWGMM’s mean price coefficient is significantly lower (demand more elastic) than drop-zero’s, the hypothesis of equal mean elasticities is rejected at 5%, and the Heckman two-step resembles drop-zero. The methodological contribution is to accommodate zero shares within aggregate discrete-choice demand—extensible to CES demand—rather than papering over them.



39.5.4 Multi-Sided Markets

Platforms—marketplaces, payment networks, operating systems—create value through cross-side network externalities: a buyer’s utility rises with the number of sellers, and vice versa. Tan and Zhou (2021) extend the discrete-choice framework to such settings by letting a consumer’s utility incorporate an externality term ϕi(𝐱k)\phi_i(\mathbf{x}^k) that depends on participation on the platform’s other side. This converts the demand system into a fixed point—each side’s demand depends on the other side’s realized participation—so entry and competition analysis must account for feedback that is absent in single-sided markets. Adding a competitor or a new platform shifts not only the direct substitution among options but also the externality each side confers on the other, which is why competition and entry in multi-sided markets can have welfare effects that single-sided intuition gets backwards.




39.6 Structural Applications in Marketing

The discrete-choice and dynamic-pricing apparatus underwrites a body of empirical marketing work that estimates structural primitives and runs managerial counterfactuals. Four applications illustrate the range.

Dynamic pricing of new products. Cosguner and Seetharaman (2022) confront a limitation of the Generalized Bass Model (GBM): although the Bass diffusion model is the standard new- product sales forecaster, the GBM extension responds only to percentage changes in marketing variables, not their levels, so it cannot prescribe an optimal launch price. The authors propose utility-based generalizations—the Bass–Gumbel and Bass–Logit diffusion models (BGDM, BLDM)—that ground diffusion in discrete choice and therefore prescribe both the launch price and the post-launch price path. Across four product categories both models outperform the GBM in predicting new-product sales, the paper supplies methods to estimate them when no prior sales data exist, contrasts the BLDM’s optimal pricing policy with the GBM’s across parameter ranges, and offers a computationally light routine—extensible to competitive, multiproduct settings—for managers to set dynamic pricing and advertising.

Behavioral price discrimination in channels. Cosguner, Chan, and Seetharaman (2017) study behavioral price discrimination (BPD) when consumers face switching costs, so price elasticity varies over time and not only across customers as in prior work. Estimating a dynamic pricing model on cola-category data, they find that retailers profit more by delegating coupon customization and data analytics to manufacturers than by managing coupons themselves, that retailers can profit substantially by selling their customer databases to manufacturers, and that—despite gaining data access—manufacturers earn lower profits, evidence that customer information confers channel power on the retailer. Strikingly, conditioning BPD on only the most recent purchase is a simple, cheap policy that materially shifts profitability, so customer information drives channel dynamics even when used coarsely.

Email contact policy. Xi Zhang and Cosguner (2017) address an understudied but profitable channel by modeling customer email-open behavior jointly with purchases in a unified hidden-Markov and copula framework, using data from a U.S. home-improvement retailer. Two findings matter for practice: active email readers are not necessarily active buyers (and vice versa), and email volume affects short- and long-run profitability non-linearly. Their decision-support system locates an interior optimum—around seven emails—where deviating is costly: sending four rather than seven loses about 32% of per-customer lifetime profit, and sending ten loses about 16%. Over- and under- communicating both destroy value, so frequency must be tuned, not maximized.

Online word of mouth and sales. Pradeep K. Chintagunta, Gopinath, and Venkataraman (2010) estimate the effect of nationwide online user reviews on local box-office performance at the designated-market-area (DMA) level, confronting three identification threats: spatial aggregation across heterogeneous markets, serial correlation from staged film rollout, and other unobserved serial correlation. Using daily ticket sales for 148 of 874 films over 16 months with Yahoo! Movies ratings, and instrumenting ratings with the staged release across markets, they find that review valence (sentiment), not volume, drives local sales—reversing the volume-dominates conclusion of studies that use aggregated national data, which their disaggregated design shows to be an artifact of aggregation. The rollout-based instrument for review endogeneity generalizes to any industry with sequential product releases.

These applications share a structural logic that distinguishes IO-style marketing from reduced-form analysis: each estimates preference and cost primitives that are invariant to the policy being studied, then re-solves the model under the counterfactual—a new price path, a different coupon regime, an altered email cadence, a changed information environment—to compute the managerially relevant outcome.



39.7 Key Takeaways


	Industrial organization supplies the structural primitives—demand systems, equilibrium concepts, and identification arguments—that let an analyst run policy counterfactuals, in contrast to reduced-form analytics that describe correlations.

	The classical, continuous-quantity approach yields the Slutsky/Roy machinery, the CES and quasi-linear special cases, and clean diversion ratios (Equation 39.7); its symmetry of cross-effects (Equation 39.3) is the empirical fingerprint of utility maximization, and the homothetic-surplus family of Armstrong and Vickers (2018) makes multiproduct pricing tractable by reducing it to a composite-price problem.

	Vertical differentiation makes quality explicit in demand (Equation 39.19) and shows why a multiproduct firm spaces its quality tiers apart to soften internal competition.

	Discrete-choice models recover the full elasticity matrix from a few preference parameters and predict demand for new products, but the multinomial logit’s IIA restriction (Equation 39.23) forces unrealistic substitution, motivating random coefficients, nested logit, and probit.

	Price endogeneity from unobserved characteristics is the central estimation obstacle; Steven T. Berry (1994a) solves it by inverting market shares to recover mean utilities

	that are linear in the demand error and amenable to instrumental variables.




	Zero-valued market shares break the share inversion and, when driven by selection on unobservables, bias the drop-zero estimator severely; the pairwise-difference GMM of Dubé, Hortaçsu, and Joo (2021) (Equation 39.33) restores consistency by differencing out the selection function.

	Structural marketing applications—dynamic new-product pricing, behavioral price discrimination in channels, email contact policy, and online word of mouth—estimate policy-invariant primitives and re-solve the model under counterfactuals to answer managerial questions.





39.8 Further Reading

The structural-econometrics toolkit underlying this chapter—GMM, simulation estimation, and the marketing–finance event-study machinery—is developed in Chapter 23. The classical demand foundations connect to the welfare and pricing material throughout the pricing chapters; the discrete-choice estimators here are the demand-side complement to the supply-side conduct models. For the homothetic-surplus characterization and its pricing implications see Armstrong and Vickers (2018); for the canonical share-inversion estimator and its equilibrium extensions, Steven T. Berry (1994a), S. Berry, Levinsohn, and Pakes (1995b), S. Berry, Levinsohn, and Pakes (1995a), and S. Berry, Levinsohn, and Pakes (2004a); for the choice-theoretic foundations of market research, McFadden (1986b) and McFadden (1986a); and for the frontier treatment of zero shares and platform competition, Dubé, Hortaçsu, and Joo (2021) and Tan and Zhou (2021). The structural marketing applications—Cosguner and Seetharaman (2022), Cosguner, Chan, and Seetharaman (2017), Xi Zhang and Cosguner (2017), and Pradeep K. Chintagunta, Gopinath, and Venkataraman (2010)—are entry points to the empirical literature that puts these models to work.



39.9 Full-semester seminar reading map

The discrete-choice and structural material developed above is, in most doctoral programs, only the first movement of a full-semester sequence in structural econometrics / empirical industrial organization (EIO). This section appends a 13–14 week seminar reading map that situates the chapter’s BLP-style demand model inside the broader EIO pipeline—demand, then supply and conduct, then counterfactuals, taught first for static markets and then again for dynamic ones. Every reading carries a Crossref-verified version-of-record DOI (copied verbatim from the source syllabus, verified 2026-06-21); where a work has no entry in this book’s bibliography it is named in full rather than cited by key. Foundational canon is marked [F] and frontier / actively-contested methods [R].


39.9.1 The semester arc

The structural-IO seminar is organized as a single methodological pipeline taught twice—once for static markets and once for dynamic ones. The spine is the demand–supply equilibrium model of a differentiated-products oligopoly: students first learn to estimate demand for differentiated products (logit, nested logit, and the random-coefficients/BLP workhorse), then to layer a supply side (Bertrand–Nash pricing, markups, conduct) on top, and finally to use the estimated structural parameters to run counterfactuals (mergers, new goods, price regulation, taxes). This static arc—roughly the first half of the term—is where the field’s identification arguments, instruments, and estimation algorithms (GMM, the BLP nested fixed point, and MPEC) are taught most carefully, because every later model reuses them.

The second half generalizes the same logic to settings where agents are forward-looking. Consumers become dynamic when goods are durable or storable; firms become dynamic when they invest, enter, or exit. The methodological payload here is dynamic discrete choice—Rust’s nested fixed point and the conditional-choice- probability (CCP) shortcut of Hotz–Miller—extended to dynamic games via two-step estimators. The seminar then surveys the major application areas that have organized the field’s recent agenda: entry and market structure, auctions, two-sided/platform markets, and consumer search and consideration. The term typically closes on the active frontier where machine learning meets structural estimation (heterogeneous treatment effects, text-as-data, high-dimensional demand) and on a recurring debate that runs through the whole course: structural vs. reduced-form / “credible” design-based inference. Pedagogically, most programs intertwine three threads every week: the economic model and its equilibrium concept; the econometrics of what is identified, from what variation, under what exclusion restrictions; and computation—students are expected to code estimators (increasingly in Python with PyBLP, or in Julia/MATLAB) and replicate a canonical paper. The marketing version of the seminar leans harder on individual-level scanner/CRM data, consumer heterogeneity, micro-moments, and managerial counterfactuals than the economics version, which leans toward antitrust and policy.



39.9.2 Week 1 — Foundations: the structural approach and the modeling cycle

Topic: What the structural approach buys and what it costs, and the demand–supply– counterfactual loop that organizes the rest of the term.

Subtopics: What “structural” buys you (welfare, counterfactuals, extrapolation) vs. its costs (assumptions, computation); the demand–supply–counterfactual loop; the structural vs. reduced-form debate.

Methods: Reading a structural paper; mapping primitives → estimating equations → counterfactual.

Key readings:


	[F] Steven T. Berry (1994b) — Berry, S. (1994), “Estimating Discrete-Choice Models of Product Differentiation,” RAND Journal of Economics 25(2): 242–262. doi:10.2307/2555829. The mean-utility inversion that makes aggregate differentiated-products demand estimable—the conceptual on-ramp to the whole field.

	[F] Nevo, A. (2000), “A Practitioner’s Guide to Estimation of Random-Coefficients Logit Models of Demand,” Journal of Economics & Management Strategy 9(4): 513–548. doi:10.1162/105864000567954. The teaching reference that turns BLP into runnable code; a near-universal Week 1–3 reading.



Debate: When are structural assumptions worth their cost vs. a clean natural experiment?



39.9.3 Week 2 — Discrete-choice demand I: logit and nested logit

Topic: Random-utility demand and the substitution patterns that logit and nested logit can and cannot represent.

Subtopics: Random utility; IIA and its failures; the logit “red bus/blue bus” problem; nested logit and the substitution-pattern fix; aggregate vs. individual data.

Methods: Deriving choice probabilities; computing own- and cross-price elasticities; handling the “outside good.”

Key readings:


	[F] Steven T. Berry (1994a) — Berry, S. (1994), RAND J. Econ. 25(2): 242–262. doi:10.2307/2555829. (Re-used) the mean-utility inversion specializes cleanly to logit and nested logit.



Debate: Is IIA an acceptable approximation, or does it doom logit for policy work?



39.9.4 Week 3 — Discrete-choice demand II: random coefficients / BLP

Topic: The random-coefficients demand-and-supply workhorse and the endogeneity problem it solves.

Subtopics: Unobserved product characteristics (ξ) and price endogeneity; random coefficients for flexible substitution; the contraction mapping; BLP instruments.

Methods: GMM with the BLP nested fixed point; constructing demand-side instruments; micro-moments.

Key readings:


	[F] S. Berry, Levinsohn, and Pakes (1995a) — Berry, S., Levinsohn, J., & Pakes, A. (1995), “Automobile Prices in Market Equilibrium,” Econometrica 63(4): 841–890. doi:10.2307/2171802. The foundational random-coefficients demand-and-supply paper; the workhorse of the field.

	[F] Nevo, A. (2001), “Measuring Market Power in the Ready-to-Eat Cereal Industry,” Econometrica 69(2): 307–342. doi:10.1111/1468-0262.00194. The canonical applied BLP study; introduces brand-specific intercepts and panel structure to control for ξ.

	[R] S. Berry, Levinsohn, and Pakes (2004a) — Berry, S., Levinsohn, J., & Pakes, A. (2004), “Differentiated Products Demand Systems from a Combination of Micro and Macro Data: The New Car Market,” Journal of Political Economy 112(1): 68–105. doi:10.1086/379939. Shows how consumer-level micro-moments sharpen identification of heterogeneity; the template for modern marketing applications.



Debate: What variation actually identifies the random coefficients, and how fragile is it to weak instruments?



39.9.5 Week 4 — Identification & instruments in demand estimation

Topic: What differentiated-products demand identifies nonparametrically, and which instruments deliver it.

Subtopics: Price endogeneity; cost-shifters, Hausman, and BLP-type instruments; nonparametric identification of demand; instrument relevance and validity.

Methods: Exclusion restrictions; testing instrument strength; the “connected substitutes” condition.

Key readings:


	[R] Berry, S. & Haile, P. (2014), “Identification in Differentiated Products Markets Using Market Level Data,” Econometrica 82(5): 1749–1797. doi:10.3982/ECTA9027. Establishes nonparametric identification of differentiated-products demand and supply; reframes BLP’s parametric choices as identification, not just estimation.



Debate: Are the standard instruments (rival characteristics, cost shifters) credible, and what do they identify nonparametrically?



39.9.6 Week 5 — Estimation & computation: GMM, NFP, and MPEC

Topic: How the BLP estimator is actually computed, and how much numerical choices move published results.

Subtopics: GMM objective and weighting; the nested fixed-point (NFP) algorithm; MPEC (constrained optimization) as an alternative; numerical pitfalls (tight inner loops, local minima); modern software.

Methods: Coding the contraction; MPEC vs. NFP; optimal instruments; supply-side moments; PyBLP.

Key readings:


	[R] Dubé, J.-P., Fox, J. T., & Su, C.-L. (2012), “Improving the Numerical Performance of Static and Dynamic Aggregate Discrete Choice Random Coefficients Demand Estimation,” Econometrica 80(5): 2231–2267. doi:10.3982/ecta8585. Reformulates BLP estimation as MPEC, showing the NFP inner-loop tolerance can bias estimates; reshaped how the field computes BLP.

	[R] C. Conlon and Gortmaker (2020) — Conlon, C. & Gortmaker, J. (2020), “Best Practices for Differentiated Products Demand Estimation with PyBLP,” RAND Journal of Economics 51(4): 1108–1161. doi:10.1111/1756-2171.12352. The current computational standard and the software most students now use; consolidates two decades of practical lessons.



Debate: How much do numerical choices (tolerances, optimizers, starting values) drive published BLP results?



39.9.7 Week 6 — Supply, conduct, and markups

Topic: Adding the supply side—recovering marginal costs and markups, and testing how firms compete.

Subtopics: Bertrand–Nash pricing with differentiated products; recovering marginal costs from the first-order conditions; testing conduct (Cournot vs. Bertrand vs. collusion); identification of the conduct parameter.

Methods: Inverting FOCs for markups/marginal costs; ownership matrices; conduct tests.

Key readings:


	[F] Bresnahan, T. F. (1982), “The Oligopoly Solution Concept Is Identified,” Economics Letters 10(1–2): 87–92. doi:10.1016/0165-1765(82)90121-5. The original result that demand rotations identify the conduct parameter; foundation of the “new empirical IO.”

	[F] Nevo, A. (1998), “Identification of the Oligopoly Solution Concept in a Differentiated-Products Industry,” Economics Letters 59(3): 391–395. doi:10.1016/s0165-1765(98)00061-5. Extends conduct identification to differentiated products; the bridge from Bresnahan to BLP-style supply.

	[F] Nevo, A. (2001), Econometrica 69(2): 307–342. doi:10.1111/1468-0262.00194. (Re-used) recovers cereal markups and decomposes them into cost, markup, and portfolio effects.



Debate: Can conduct be credibly tested, or must it be assumed? (the “testing vs. calibrating conduct” problem)



39.9.8 Week 7 — Counterfactuals & merger / policy simulation

Topic: Using estimated demand and supply to recompute equilibria under mergers, new goods, and policy changes.

Subtopics: Recomputing equilibrium prices under new ownership (mergers), new goods, taxes/regulation; welfare and consumer surplus from logit/BLP; passthrough; the role of supply-side assumptions in counterfactuals.

Methods: Solving for post-merger equilibrium; computing compensating variation; sensitivity of counterfactuals to conduct.

Key readings:


	[F] Nevo, A. (2000), J. Econ. & Mgmt. Strategy 9(4): 513–548. doi:10.1162/105864000567954. (Re-used) lays out the merger-simulation mechanics that follow directly from estimated demand and FOCs.

	[F] Petrin (2002) — Petrin, A. (2002), “Quantifying the Benefits of New Products: The Case of the Minivan,” Journal of Political Economy 110(4): 705–729. doi:10.1086/340779. The canonical “value of a new good” counterfactual; shows how micro-data discipline the welfare numbers.



Debate: How much do counterfactuals depend on un-tested supply assumptions and out-of-sample extrapolation?



39.9.9 Week 8 — Dynamic demand: durable and storable goods

Topic: Forward-looking consumers and the bias from ignoring durability or stockpiling.

Subtopics: Forward-looking consumers; the durable-goods problem (Coase) and intertemporal price discrimination; stockpiling and storable goods; dynamic demand estimation.

Methods: Solving consumer dynamic programs; integrating dynamics into BLP-style demand; managing the state space.

Key readings:


	[R] Gowrisankaran, G. & Rysman, M. (2012), “Dynamics of Consumer Demand for New Durable Goods,” Journal of Political Economy 120(6): 1173–1219. doi:10.1086/669540. The workhorse framework for estimating dynamic demand for durables (digital camcorders); falling prices and forward-looking buyers.

	[R] Hendel, I. & Nevo, A. (2006), “Measuring the Implications of Sales and Consumer Inventory Behavior,” Econometrica 74(6): 1637–1673. doi:10.1111/j.1468-0262.2006.00721.x. Shows how ignoring consumer stockpiling biases demand elasticities; the canonical storable-goods paper.

	[R] Nair, H. (2007), “Intertemporal Price Discrimination with Forward-Looking Consumers: Application to the US Market for Console Video-Games,” Quantitative Marketing and Economics 5(3): 239–292. doi:10.1007/s11129-007-9026-4. The marketing-canon dynamic-demand application; links forward-looking demand to optimal dynamic pricing.



Debate: How to handle expectations about future prices/products without overfitting the dynamics?



39.9.10 Week 9 — Dynamic discrete choice: Rust and CCP

Topic: Single-agent dynamic programming and the two-step shortcut that makes it estimable.

Subtopics: Single-agent dynamic programming; the nested fixed-point (Rust) estimator; conditional-choice-probability (Hotz–Miller) inversion; finite dependence; the curse of dimensionality.

Methods: Value-function iteration; CCP estimation; simulation of dynamic programs.

Key readings:


	[F] Rust, J. (1987), “Optimal Replacement of GMC Bus Engines: An Empirical Model of Harold Zurcher,” Econometrica 55(5): 999–1033. doi:10.2307/1911259. The foundational single-agent dynamic discrete-choice model and nested fixed-point estimator.

	[F] Hotz, V. J. & Miller, R. A. (1993), “Conditional Choice Probabilities and the Estimation of Dynamic Models,” Review of Economic Studies 60(3): 497–529. doi:10.2307/2298122. The CCP inversion that avoids the full dynamic-programming solution; the basis for all modern two-step dynamic estimators.

	[R] Aguirregabiria, V. & Mira, P. (2010), “Dynamic Discrete Choice Structural Models: A Survey,” Journal of Econometrics 156(1): 38–67. doi:10.1016/j.jeconom.2009.09.007. The standard survey tying NFP, CCP, and two-step methods together; the module’s roadmap.



Debate: NFP (full solution) vs. CCP (two-step)—efficiency vs. tractability and robustness.



39.9.11 Week 10 — Dynamic games: entry, exit, and investment

Topic: Extending dynamic discrete choice to oligopoly games with strategic interaction.

Subtopics: Markov-perfect equilibrium; the Ericson–Pakes framework; two-step estimators for dynamic games; multiplicity of equilibria.

Methods: Estimating policy functions; forward simulation; handling equilibrium multiplicity.

Key readings:


	[R] Bajari, P., Benkard, C. L., & Levin, J. (2007), “Estimating Dynamic Models of Imperfect Competition,” Econometrica 75(5): 1331–1370. doi:10.1111/j.1468-0262.2007.00796.x. The general two-step (BBL) estimator for dynamic oligopoly games; a foundational frontier method.

	[R] Pakes, A., Ostrovsky, M., & Berry, S. (2007), “Simple Estimators for the Parameters of Discrete Dynamic Games (with Entry/Exit Examples),” RAND Journal of Economics 38(2): 373–399. doi:10.1111/j.1756-2171.2007.tb00073.x. A tractable moment-based estimator for entry/exit games; widely taught alongside BBL.

	[R] Aguirregabiria, V. & Mira, P. (2007), “Sequential Estimation of Dynamic Discrete Games,” Econometrica 75(1): 1–53. doi:10.1111/j.1468-0262.2007.00731.x. The nested pseudo-likelihood (NPL) estimator for dynamic games; the third pillar of the estimation toolkit.



Debate: How to estimate games with multiple equilibria, and how credible are the Markov/MPE assumptions?



39.9.12 Week 11 — Static entry and market structure

Topic: What entry patterns alone reveal about competition when prices and quantities are unobserved.

Subtopics: Entry as a revealed-preference inequality; ordered/sequential entry; what entry thresholds reveal about competition and fixed costs; market structure without price/quantity data.

Methods: Estimating entry models from count/threshold data; inequality-based inference; identifying fixed costs.

Key readings:


	[F] Bresnahan, T. F. & Reiss, P. C. (1991), “Entry and Competition in Concentrated Markets,” Journal of Political Economy 99(5): 977–1009. doi:10.1086/261786. The foundational entry-threshold approach: how the number of firms a market supports reveals competitive conduct.

	[F] Bresnahan, T. F. & Reiss, P. C. (1990), “Entry in Monopoly Markets,” Review of Economic Studies 57(4): 531–553. doi:10.2307/2298085. The companion paper formalizing entry decisions in small isolated markets; the empirical setup students replicate.



Debate: What can entry patterns identify about competition when prices and quantities are unobserved?



39.9.13 Week 12 — Auctions

Topic: Structural inversion from observed bids to the underlying distribution of bidder valuations.

Subtopics: First-price sealed-bid auctions and the equilibrium bid function; structural inversion from bids to valuations; nonparametric identification; private vs. common values; risk aversion.

Methods: Inverting the bid function; kernel estimation of bid densities; testing for common values.

Key readings:


	[F] Guerre, E., Perrigne, I., & Vuong, Q. (2000), “Optimal Nonparametric Estimation of First-Price Auctions,” Econometrica 68(3): 525–574. doi:10.1111/1468-0262.00123. The GPV two-step nonparametric estimator that recovers the value distribution from observed bids; the canonical structural-auctions paper.

	[R] Campo, S., Guerre, E., Perrigne, I., & Vuong, Q. (2011), “Semiparametric Estimation of First-Price Auctions with Risk-Averse Bidders,” Review of Economic Studies 78(1): 112–147. doi:10.1093/restud/rdq001. Extends GPV to risk-averse bidders and the identification of preferences; the frontier reading for the module.



Debate: Private vs. common values and the limits of identification from bid data alone.



39.9.14 Week 13 — Two-sided markets and platforms

Topic: Structural estimation of indirect network effects and platform pricing across two customer groups.

Subtopics: Network effects across two customer groups; platform pricing and the “see-saw”; vertical integration and exclusivity; structural estimation of indirect network effects.

Methods: Estimating cross-side externalities; modeling adoption on both sides; platform counterfactuals.

Key readings:


	[F] Rysman, M. (2004), “Competition Between Networks: A Study of the Market for Yellow Pages,” Review of Economic Studies 71(2): 483–512. doi:10.1111/0034-6527.00512. The foundational structural estimation of a two-sided market with indirect network effects.

	[R] Lee, R. S. (2013), “Vertical Integration and Exclusivity in Platform and Two-Sided Markets,” American Economic Review 103(7): 2960–3000. doi:10.1257/aer.103.7.2960. A structural model of platform competition (video-game consoles) with exclusive content; the modern platform-IO template.



Debate: Identifying network effects vs. unobserved quality, and the welfare effects of platform exclusivity.



39.9.15 Week 14 — Consumer search & consideration; ML + structural; synthesis

Topic: Limited demand from search and inattention, and where machine learning complements or substitutes for economic structure.

Subtopics: Sequential vs. simultaneous search; consideration sets vs. full-information demand; search/switching costs; machine learning for high-dimensional demand, heterogeneity, and unstructured data; the structural-vs-design-based debate revisited.

Methods: Estimating search models; consideration-set inference; integrating ML predictors and heterogeneity into structural objectives.

Key readings:


	[R] De los Santos, B., Hortaçsu, A., & Wildenbeest, M. R. (2012), “Testing Models of Consumer Search Using Data on Web Browsing and Purchasing Behavior,” American Economic Review 102(6): 2955–2980. doi:10.1257/aer.102.6.2955. Uses clickstream data to discriminate between sequential and fixed-sample search; the canonical empirical search paper.

	[R] Honka, E. (2014), “Quantifying Search and Switching Costs in the US Auto Insurance Industry,” RAND Journal of Economics 45(4): 847–884. doi:10.1111/1756-2171.12073. A marketing-canon structural search-and-consideration model separating search costs from switching costs.

	[R] Gentzkow, M., Kelly, B., & Taddy, M. (2019), “Text as Data,” Journal of Economic Literature 57(3): 535–574. doi:10.1257/jel.20181020. The reference survey for bringing unstructured text into structural/empirical work; anchors the ML-meets-structural discussion.

	[R] Wager, S. & Athey, S. (2018), “Estimation and Inference of Heterogeneous Treatment Effects Using Random Forests,” Journal of the American Statistical Association 113(523): 1228–1242. doi:10.1080/01621459.2017.1319839. Causal/generalized forests for flexible heterogeneity; the entry point for ML-based heterogeneity in demand and policy.



Debate: Search vs. preferences vs. inattention as competing explanations for “limited” demand; and where ML complements vs. substitutes for structure.



39.9.16 Foundational vs. frontier at a glance

Foundational [F] — the canon every student must master. Berry 1994 (the share inversion); BLP 1995 (random coefficients); Nevo 2000/2001 (applied BLP, markups, merger simulation); Bresnahan 1982 and Nevo 1998 (conduct identification); Rust 1987 (single- agent DDC) and Hotz–Miller 1993 (CCP); Bresnahan–Reiss 1990/1991 (entry); Guerre–Perrigne–Vuong 2000 (auctions); Rysman 2004 (two-sided markets); with Nevo’s 2000 practitioner’s guide and Petrin 2002 (counterfactuals / new goods) as the teaching and applied backbone.

Frontier [R] — methods still moving and actively contested. Berry–Haile 2014 (nonparametric identification, which reframes what BLP identifies); Dubé–Fox–Su 2012 (MPEC) and Conlon–Gortmaker 2020 (PyBLP best practices), as computation keeps evolving; Bajari–Benkard–Levin 2007, Pakes–Ostrovsky–Berry 2007, and Aguirregabiria–Mira 2007/2010 (dynamic games and two-step estimation); Gowrisankaran–Rysman 2012, Hendel–Nevo 2006, and Nair 2007 (dynamic demand); Lee 2013 (platforms, bundling, vertical integration); De los Santos–Hortaçsu–Wildenbeest 2012 and Honka 2014 (search/consideration); and Gentzkow–Kelly–Taddy 2019 together with Wager–Athey 2018 (text-as-data and generalized random forests) at the ML + structural frontier.



39.9.17 How this reading map expands

The arc above is meant to deepen within modules rather than sprawl into disconnected topics; the demand → supply/conduct → counterfactual spine, taught static-then-dynamic, stays fixed. The most productive directions to extend it are:


	Demand frontier. Add micro-BLP with consumer-level data and the newer PyBLP micro-moment workflow, plus nonparametric and “demand for characteristics” approaches building on Berry–Haile.

	Conduct-testing renaissance. The post-2020 literature on testing firm conduct with instruments deserves its own subsection (paired with Bresnahan 1982 as the historical anchor) once those version-of-record DOIs are confirmed.

	Dynamic games at scale. Add moment-inequality and machine-learning approaches to large state spaces, and reinforcement-learning solution methods for dynamic oligopoly.

	Platforms / digital markets. Expand Week 13 into two weeks as the platform-IO and digital-advertising auction literatures mature (sponsored search, ad auctions, recommendation systems).

	Search & inattention. Track the growing marketing literature on consideration sets, rational inattention, and search with rich clickstream/CRM data.

	ML + structural. The fastest-moving module: double machine learning, causal forests, deep learning for demand, and LLM/text-as-data for product attributes and reviews, with the methodological debate about combining flexible prediction with economic structure.

	Marketing-specific counterfactuals. Deepen managerial counterfactuals—dynamic pricing, advertising and targeting, product-line and assortment, and CRM/ personalization—each tied back to the estimated structural model.



Every new reading added here should carry a Crossref-verified version-of-record DOI before inclusion, and should attach to an existing module rather than open a new front.






40 Causal Inference and Field Experiments

Marketing decisions are causal claims in disguise. “Spend another dollar on search advertising and we will earn three” is a statement about a counterfactual world that did not happen—the sales the firm would have realized had it not spent the dollar. A correlation between advertising and sales, however precisely estimated, does not license that statement, because the firm chose how much to advertise, and it chose to advertise more precisely where and when it expected to sell more. The gap between what we measure (an association in observational data) and what we want to know (the effect of an intervention we control) is the central problem of this chapter, and of empirical marketing more broadly.

This chapter develops the modern toolkit for closing that gap. It begins with the potential-outcomes framework, the language in which a causal effect is defined before any estimator is chosen, and shows why the naive comparison of treated and untreated units is biased by selection. It then treats randomized experiments and online A/B tests as the benchmark that solves selection by design, and the four leading quasi-experimental designs—difference-in-differences (DiD), instrumental variables (IV), regression discontinuity (RD), and the synthetic control method (SCM)—as strategies for recovering causal effects when randomization is infeasible. Each method is presented the same way: the intuition first, then the estimator, then the identifying assumptions, and—most important—what breaks identification and how a reader can tell. Throughout, the running applications are the two domains where causal inference has reshaped marketing practice: advertising measurement and pricing.

The stakes are not academic. A decade of large-scale field experiments has shown that observational and even quasi-experimental estimates of advertising’s return can be off not by a few percent but by an order of magnitude, and sometimes carry the wrong sign (Lewis and Rao 2015; Gordon, Zettelmeyer, et al. 2019b). A marketing scientist who cannot distinguish a credible causal estimate from an incredible one is a liability to the firm. By the end of this chapter the reader will be able to state the estimand, choose a design, defend its assumptions, implement the estimator in R, and diagnose the most common failures.


40.1 Semester arc

This chapter is organized as a fourteen-week doctoral seminar in causal inference and field experiments, tuned to quantitative-marketing applications—advertising measurement, pricing, promotions, and digital/platform experimentation. The arc matches how the topic is taught in the empirical track of top programs (MIT, Chicago Booth, Stanford GSB, Berkeley, Wharton, Columbia, Kellogg, NYU Stern, and the economics and statistics departments marketing students cross-register into). The single organizing question is what makes the treatment as-good-as-randomly assigned, conditional on what we observe and how we designed the study?

The first third establishes the framework (potential outcomes and the assignment mechanism), the gold standard (randomized experiments and large-scale A/B testing), and the realistic case where randomization is absent (selection on observables, and why regression is not magic). The ordering is deliberate: students internalize the experimental ideal before judging how far an observational design falls short of it. The middle third is a tour of quasi-experimental designs, each motivated by a different source of as-good-as-random variation: instrumental variables, difference-in-differences, regression discontinuity, synthetic control, panel/event-study methods, and matching/weighting. A recurring theme is that the past decade re-litigated the workhorses—most dramatically the two-way fixed-effects DiD estimator, long the default, shown to be badly biased under staggered adoption and heterogeneous effects. The seminar treats this episode as the field’s central methodological cautionary tale: a method can be standard, published thousands of times, and still wrong. The final third turns to the machine-learning and marketing-platform frontier: ML for heterogeneous treatment effects; advertising measurement when effects are tiny relative to sales noise; the experimental designs platforms actually use (ghost ads, PSA holdouts, geo experiments); incrementality, pricing, and targeting-policy evaluation; and the interference/spillover problems that break SUTVA in marketplaces and social networks. The course closes on the question every marketing dissertation must answer: given that the effect is real but small and the platform is non-stationary, what is the credible research design, and can it scale?

The standing textbooks for the whole course are Imbens and Rubin’s Causal Inference for Statistics, Social, and Biomedical Sciences (Cambridge, 2015, the potential-outcomes spine), Angrist and Pischke’s Mostly Harmless Econometrics (Princeton, 2009, the applied quasi-experimental workhorse), Cunningham’s Causal Inference: The Mixtape (Yale, 2021, a modern code-forward synthesis), and Wooldridge’s Econometric Analysis of Cross Section and Panel Data, 2nd ed. (MIT, 2010, the panel/fixed-effects reference). Each weekly module below names its topic, subtopics, methods, key readings (with DOI links and a one-line rationale; foundational works are marked [F], frontier works [R]), and central debate. The detailed derivations, R simulations, and worked marketing examples that follow the weekly map—the potential-outcomes algebra, the A/B-power simulation, the DiD/IV/RD/SCM code, and the design-comparison table—are the seminar’s lab sessions; they are kept intact and cross-referenced from the weeks they support.


40.1.1 Week 1 — Potential Outcomes and the Assignment Mechanism

Topic. [F] The Neyman–Rubin potential-outcomes model as the language in which a causal effect is defined before any estimator is chosen.

Subtopics. The fundamental problem of causal inference; SUTVA; the estimands (ATE, ATT, CATE); the assignment mechanism as the central object; “no causation without manipulation”; causal versus predictive questions.

Methods. Writing an estimand precisely; distinguishing estimand / identification / estimation / inference; recognizing when a question is causal versus descriptive. Worked algebra in Section 40.2 below.

Key readings.


	Rubin, D. B. (1974). “Estimating Causal Effects of Treatments in Randomized and Nonrandomized Studies.” Journal of Educational Psychology 66(5), 688–701. doi:10.1037/h0037350 — [F] the founding statement of the potential-outcomes framework.

	Holland, P. W. (1986). “Statistics and Causal Inference.” Journal of the American Statistical Association 81(396), 945–960. doi:10.1080/01621459.1986.10478354 — [F] formalizes the framework and the “no causation without manipulation” doctrine; the field’s conceptual touchstone.

	Imbens, G. W. & Rubin, D. B. (2015). Causal Inference for Statistics, Social, and Biomedical Sciences, Part I. Cambridge University Press (book) — [F] potential outcomes and the assignment mechanism, in book length.



Debate. Is “manipulation” required for causality (what of immutable characteristics)? ATE versus ATT versus policy-relevant estimands; design-based versus model-based inference.



40.1.2 Week 2 — Randomized Experiments and A/B Testing at Scale

Topic. [F]→[R] Randomization as the assignment mechanism that identifies the ATE, scaled up to industrial web experimentation.

Subtopics. Fisher’s sharp null and randomization inference versus Neyman’s repeated-sampling inference; covariate balance, stratification, and blocking; CUPED-style variance reduction; the engineering of web experimentation, sample-ratio mismatch, peeking/optional stopping, and the experimentation platform as an organizational artifact.

Methods. Running Fisherian permutation tests; computing Neyman variance; designing stratified/clustered assignment; variance reduction; diagnosing sample-ratio mismatch. Lab: the A/B-power simulation in Section 40.3 below (Figure 40.2).

Key readings.


	Kohavi, R., Longbotham, R., Sommerfield, D. & Henne, R. M. (2009). “Controlled Experiments on the Web: Survey and Practical Guide.” Data Mining and Knowledge Discovery 18(1), 140–181. doi:10.1007/s10618-008-0114-1 — [R] the practitioner canon for industrial-scale A/B testing; the pitfalls students will actually hit.

	Bojinov, I. & Shephard, N. (2019). “Time Series Experiments and Causal Estimands: Exact Randomization Tests and Trading.” Journal of the American Statistical Association 114(528), 1665–1682. doi:10.1080/01621459.2018.1527225 — [R] extends design-based randomization inference to single-unit, switchback-style time-series experiments (directly relevant to one-market pricing/ad tests).

	Imbens, G. W. & Rubin, D. B. (2015). Causal Inference…, Part II. Cambridge University Press (book) — [F] classical randomized experiments; Fisher and Neyman inference.



Debate. Fisher versus Neyman inference; fixed-horizon versus sequential/always-valid testing; how much can web A/B testing actually learn given non-stationarity and short windows?



40.1.3 Week 3 — Regression and Selection on Observables

Topic. [F] The conditional-independence (unconfoundedness) assumption and what regression actually estimates under it.

Subtopics. Regression as a weighting/comparison estimator and what it estimates under heterogeneity; “bad controls” and collider bias; the overlap/common-support condition; omitted-variable bias and sensitivity.

Methods. Specifying a credible conditioning set; drawing causal DAGs to spot bad controls and colliders; checking overlap; OVB sensitivity bounds. The selection-bias decomposition is derived in Section 40.2.1 below.

Key readings.


	Athey, S. & Imbens, G. W. (2017). “The State of Applied Econometrics: Causality and Policy Evaluation.” Journal of Economic Perspectives 31(2), 3–32. doi:10.1257/jep.31.2.3 — [R] the modern map of identification strategies and where selection-on-observables sits among them; assigned as the course’s strategic overview.

	Angrist, J. D. & Pischke, J.-S. (2009). Mostly Harmless Econometrics, ch. 3. Princeton University Press (book) — [F] regression and the conditional-independence assumption; the “bad control” problem.

	Imbens, G. W. & Rubin, D. B. (2015). Causal Inference…, Part III. Cambridge University Press (book) — [F] unconfoundedness and regression.



Debate. When is “control for everything” self-defeating? How much faith can selection-on-observables ever earn without a design?



40.1.4 Week 4 — Instrumental Variables

Topic. [F] Recovering causal effects from an exogenous shifter of an endogenous treatment.

Subtopics. The IV/2SLS estimator; the LATE theorem and the monotonicity/exclusion/relevance assumptions; compliers and what LATE is the effect for; weak instruments; judge/examiner and shift-share designs; IV in marketing (price endogeneity, demand estimation).

Methods. 2SLS and its LATE interpretation; first-stage F / weak-IV diagnostics; reasoning about exclusion and monotonicity in a real application. Lab: the demand-estimation IV simulation in Section 40.5 below.

Key readings.


	Imbens, G. W. & Angrist, J. D. (1994). “Identification and Estimation of Local Average Treatment Effects.” Econometrica 62(2), 467–475. doi:10.2307/2951620 — [F] the LATE theorem; redefines what IV identifies under heterogeneity.

	Angrist, J. D., Imbens, G. W. & Rubin, D. B. (1996). “Identification of Causal Effects Using Instrumental Variables.” Journal of the American Statistical Association 91(434), 444–455. doi:10.1080/01621459.1996.10476902 — [F] embeds IV in potential outcomes; the canonical compliers/defiers exposition.

	Angrist, J. D. & Pischke, J.-S. (2009). Mostly Harmless Econometrics, ch. 4. Princeton University Press (book) — [F] applied IV and weak-instrument diagnostics.



Debate. Is LATE a “policy-relevant” estimand or an artifact of the instrument? Are most instruments’ exclusion restrictions defensible?



40.1.5 Week 5 — Difference-in-Differences I: Foundations and the 2×2

Topic. [F] The canonical 2×2 DiD and the parallel-trends assumption.

Subtopics. Event-study/pre-trend plots; clustered and serially correlated standard errors; placebo and pre-trend tests; DiD for marketing launches, entry, and policy/regulatory shocks.

Methods. Building event-study plots; testing parallel pre-trends; clustering and wild-cluster bootstrap; placebo tests. Lab: the DiD panel simulation in Section 40.4 below.

Key readings.


	Bertrand, M., Duflo, E. & Mullainathan, S. (2004). “How Much Should We Trust Differences-in-Differences Estimates?” The Quarterly Journal of Economics 119(1), 249–275. doi:10.1162/003355304772839588 — [F] exposes serial-correlation underestimation of DiD standard errors; the inference cautionary tale.

	Card, D. & Krueger, A. B. (2000). “Minimum Wages and Employment: A Case Study of the Fast-Food Industry in New Jersey and Pennsylvania: Reply.” American Economic Review 90(5), 1397–1420. doi:10.1257/aer.90.5.1397 — [F] the verified record for the canonical minimum-wage DiD program; the design that made DiD a default tool. (The original Card & Krueger 1994 AER article is (DOI to verify).)

	Angrist, J. D. & Pischke, J.-S. (2009). Mostly Harmless Econometrics, ch. 5. Princeton University Press (book) — [F] DiD and fixed effects, the classical treatment.



Debate. Is parallel trends testable, or only falsifiable on pre-periods? How much should inference (not point estimates) drive DiD credibility?



40.1.6 Week 6 — Difference-in-Differences II: Staggered Adoption and the TWFE Critique

Topic. [R] The field’s central recent methodological episode: why two-way fixed-effects DiD is biased under staggered timing and heterogeneous effects, and the family of robust estimators that replaced it.

Subtopics. “Forbidden comparisons” and negative weights; decomposition diagnostics; the new robust estimators (group-time ATTs, interaction-weighted event studies, imputation); choosing among them; honest pre-trends.

Methods. Running Goodman-Bacon decompositions; estimating the Callaway–Sant’Anna, Sun–Abraham, and Borusyak–Jaravel–Spiess estimators and reconciling them; honest pre-trend (HonestDiD-style) sensitivity. The TWFE failure is introduced in the DiD discussion at Section 40.4.

Key readings.


	Goodman-Bacon, A. (2021). “Difference-in-Differences with Variation in Treatment Timing.” Journal of Econometrics 225(2), 254–277. doi:10.1016/j.jeconom.2021.03.014 — [R] the decomposition showing TWFE is a weighted average of all 2×2s, including “forbidden” already-treated comparisons.

	de Chaisemartin, C. & d’Haultfœuille, X. (2020). “Two-Way Fixed Effects Estimators with Heterogeneous Treatment Effects.” American Economic Review 110(9), 2964–2996. doi:10.1257/aer.20181169 — [R] proves TWFE can put negative weights on treatment effects; offers a robust alternative.

	Callaway, B. & Sant’Anna, P. H. C. (2021). “Difference-in-Differences with Multiple Time Periods.” Journal of Econometrics 225(2), 200–230. doi:10.1016/j.jeconom.2020.12.001 — [R] the group-time ATT estimator that is now a default robust DiD.

	Sun, L. & Abraham, S. (2021). “Estimating Dynamic Treatment Effects in Event Studies with Heterogeneous Treatment Effects.” Journal of Econometrics 225(2), 175–199. doi:10.1016/j.jeconom.2020.09.006 — [R] fixes contamination of event-study coefficients; the interaction-weighted estimator.

	Borusyak, K., Jaravel, X. & Spiess, J. (2024). “Revisiting Event-Study Designs: Robust and Efficient Estimation.” Review of Economic Studies 92(5), 3253–3285. doi:10.1093/restud/rdae007 — [R] the imputation (efficient) estimator and a unifying view of event-study designs.

	Roth, J., Sant’Anna, P. H. C., Bilinski, A. & Poe, J. (2023). “What’s Trending in Difference-in-Differences? A Synthesis of the Recent Econometrics Literature.” Journal of Econometrics 235(2), 2218–2244. doi:10.1016/j.jeconom.2023.03.008 — [R] the synthesis/decision guide assigned as the week’s anchor.



Debate. Which robust estimator, when? Is the efficient imputation estimator’s stronger modeling worth it? How much published DiD work is invalidated?



40.1.7 Week 7 — Regression Discontinuity Designs

Topic. [F]→[R] Identifying the local effect at a known assignment threshold, with modern robust inference.

Subtopics. Sharp and fuzzy RDD; continuity-based versus local-randomization views; bandwidth/kernel choice and the bias–variance tradeoff; manipulation/sorting tests (density discontinuity); RDD in marketing (loyalty-tier thresholds, ad-auction reserve prices, eligibility cutoffs).

Methods. Local-polynomial estimation; MSE-optimal and CER-optimal bandwidths; density (McCrary-style) manipulation tests; placebo cutoffs. Lab: the loyalty-tier RD simulation in Section 40.6 below (Figure 40.3).

Key readings.


	Imbens, G. W. & Lemieux, T. (2008). “Regression Discontinuity Designs: A Guide to Practice.” Journal of Econometrics 142(2), 615–635. doi:10.1016/j.jeconom.2007.05.001 — [F] the practitioner’s guide that standardized RDD practice.

	Calonico, S., Cattaneo, M. D. & Titiunik, R. (2014). “Robust Nonparametric Confidence Intervals for Regression-Discontinuity Designs.” Econometrica 82(6), 2295–2326. doi:10.3982/ecta11757 — [R] robust bias-corrected inference and data-driven bandwidths; the modern default.



Debate. Continuity versus local-randomization framing; how local is “local,” and external validity at the cutoff; robustness to bandwidth.



40.1.8 Week 8 — Synthetic Control

Topic. [F]→[R] Constructing a single treated unit’s counterfactual from a weighted average of donors.

Subtopics. The synthetic-control estimator as a data-driven weighted comparison; placebo/permutation inference; pre-treatment fit and donor-pool selection; extensions—generalized synthetic control (interactive fixed effects), synthetic DiD, and Bayesian structural-time-series “CausalImpact” (geo/ad applications).

Methods. Constructing donor pools and weights; permutation/placebo inference; choosing among SC / synthetic DiD / gsynth / CausalImpact for a marketing case. Lab: the single-market SCM simulation in Section 40.7 below (Figure 40.4).

Key readings.


	Abadie, A., Diamond, A. & Hainmueller, J. (2010). “Synthetic Control Methods for Comparative Case Studies: Estimating the Effect of California’s Tobacco Control Program.” Journal of the American Statistical Association 105(490), 493–505. doi:10.1198/jasa.2009.ap08746 — [F] the canonical synthetic-control method and placebo inference.

	Abadie, A. (2021). “Using Synthetic Controls: Feasibility, Data Requirements, and Methodological Aspects.” Journal of Economic Literature 59(2), 391–425. doi:10.1257/jel.20191450 — [F] the authoritative how-to/when-not-to review.

	Arkhangelsky, D., Athey, S., Hirshberg, D. A., Imbens, G. W. & Wager, S. (2021). “Synthetic Difference-in-Differences.” American Economic Review 111(12), 4088–4118. doi:10.1257/aer.20190159 — [R] unifies SC and DiD; the frontier estimator for panel comparisons.

	Xu, Y. (2017). “Generalized Synthetic Control Method: Causal Inference with Interactive Fixed Effects Models.” Political Analysis 25(1), 57–76. doi:10.1017/pan.2016.2 — [R] the SC ⇄ factor-model bridge for multiple treated units.

	Brodersen, K. H., Gallusser, F., Koehler, J., Remy, N. & Scott, S. L. (2015). “Inferring Causal Impact Using Bayesian Structural Time-Series Models.” The Annals of Applied Statistics 9(1), 247–274. doi:10.1214/14-aoas788 — [R] the “CausalImpact” approach used widely for ad/geo impact at platforms.



Debate. Is placebo inference valid with few units? Convex-weight restriction versus regression-based panel methods; overfitting pre-treatment fit.



40.1.9 Week 9 — Panel and Event-Study Methods

Topic. [F]→[R] The causal content of fixed-effects and event-study panel estimators, and the design-based view of panel experiments.

Subtopics. Fixed-effects and first-difference estimators and their causal content; event-study specification and dynamic treatment effects; the finite-population, design-based view of panel/switchback experiments; matrix-completion / factor approaches; serial-correlation-robust inference.

Methods. Specifying dynamic event studies correctly (cf. Week 6); design-based versus model-based panel inference; matrix-completion estimation. Connects to the TWFE specification at Section 40.4.

Key readings.


	Bojinov, I., Rambachan, A. & Shephard, N. (2021). “Panel Experiments and Dynamic Causal Effects: A Finite Population Perspective.” Quantitative Economics 12(4), 1171–1196. doi:10.3982/qe1744 — [R] design-based estimands for panel/switchback experiments; ties experiments to event studies (directly relevant to platform rollouts).

	Athey, S. & Imbens, G. W. (2017). “The State of Applied Econometrics: Causality and Policy Evaluation.” Journal of Economic Perspectives 31(2), 3–32. doi:10.1257/jep.31.2.3 — [R] situates panel/matrix-completion approaches within the broader toolkit (read here for the panel sections; reprised from Week 3).

	Wooldridge, J. M. (2010). Econometric Analysis of Cross Section and Panel Data, 2nd ed., panel chapters. MIT Press (book) — [F] the FE/FD reference treatment.



Debate. When is FE identifying a causal effect versus an artifact? Design-based versus model-based panel inference; overlap with the staggered-DiD literature.



40.1.10 Week 10 — Matching and Weighting

Topic. [F]→[R] Balancing observables via the propensity score, up to high-dimensional balancing.

Subtopics. The propensity score and its balancing property; matching, subclassification, and inverse-propensity weighting; doubly-robust / AIPW estimation; covariate-balancing and entropy/approximate-residual balancing in high dimensions; observational ad-effect estimation and its failure modes.

Methods. Estimating and diagnosing propensity scores; assessing overlap and balance; AIPW/doubly-robust estimation; balancing weights. Motivated by the observational-versus-experimental ad-measurement evidence at Section 40.3.1.

Key readings.


	Rosenbaum, P. R. & Rubin, D. B. (1983). “The Central Role of the Propensity Score in Observational Studies for Causal Effects.” Biometrika 70(1), 41–55. doi:10.1093/biomet/70.1.41 — [F] defines the propensity score and the balancing theorem.

	Hirano, K., Imbens, G. W. & Ridder, G. (2003). “Efficient Estimation of Average Treatment Effects Using the Estimated Propensity Score.” Econometrica 71(4), 1161–1189. doi:10.1111/1468-0262.00442 — [F] efficient IPW; why the estimated score helps.

	Abadie, A. & Imbens, G. W. (2016). “Matching on the Estimated Propensity Score.” Econometrica 84(2), 781–807. doi:10.3982/ecta11293 — [R] correct inference for propensity-score matching (a long-standing error).

	Athey, S., Imbens, G. W. & Wager, S. (2018). “Approximate Residual Balancing: Debiased Inference of Average Treatment Effects in High Dimensions.” Journal of the Royal Statistical Society Series B 80(4), 597–623. doi:10.1111/rssb.12268 — [R] frontier balancing for many covariates; bridges to ML (Week 11).



Debate. Matching versus weighting versus doubly-robust; can balancing ever substitute for a design? The “propensity-score paradox” (over-trimming).



40.1.11 Week 11 — Machine Learning for Heterogeneous Treatment Effects

Topic. [R] Estimating the CATE and learning targeting policies with modern ML.

Subtopics. The CATE and policy learning; causal trees/forests and honest splitting; double/debiased ML (Neyman-orthogonal moments, cross-fitting); generalized random forests; targeting and best-linear-projection summaries of heterogeneity.

Methods. Fitting causal forests / DML with cross-fitting; estimating CATEs and the best-linear-projection of the CATE; constructing and validating targeting policies. The CATE estimand is defined at Section 40.2.

Key readings.


	Athey, S. & Imbens, G. (2016). “Recursive Partitioning for Heterogeneous Causal Effects.” Proceedings of the National Academy of Sciences 113(27), 7353–7360. doi:10.1073/pnas.1510489113 — [F] the “causal tree” with honest estimation; foundation of the HTE-by-ML program.

	Wager, S. & Athey, S. (2018). “Estimation and Inference of Heterogeneous Treatment Effects Using Random Forests.” Journal of the American Statistical Association 113(523), 1228–1242. doi:10.1080/01621459.2017.1319839 — [R] causal forests with valid pointwise confidence intervals.

	Athey, S., Tibshirani, J. & Wager, S. (2019). “Generalized Random Forests.” The Annals of Statistics 47(2), 1148–1178. doi:10.1214/18-aos1709 — [R] the general forest-as-local-estimator framework behind grf.

	Chernozhukov, V., Chetverikov, D., Demirer, M., Duflo, E., Hansen, C., Newey, W. & Robins, J. (2018). “Double/Debiased Machine Learning for Treatment and Structural Parameters.” The Econometrics Journal 21(1), C1–C68. doi:10.1111/ectj.12097 — [R] orthogonalization plus cross-fitting; the dominant ML-for-causal-inference recipe.

	Athey, S. & Imbens, G. W. (2019). “Machine Learning Methods That Economists Should Know About.” Annual Review of Economics 11, 685–725. doi:10.1146/annurev-economics-080217-053433 — [R] the survey assigned as the week’s bridge from prediction to causal ML.



Debate. Inference after model selection; do flexible HTE estimates replicate? Heterogeneity discovery versus confirmatory testing; orthogonality versus plug-in bias.



40.1.12 Week 12 — Platforms and Marketing I: Advertising Measurement

Topic. [R] The marketing-specific core: measuring advertising effects when they are tiny relative to sales variance.

Subtopics. The “unfavorable economics” of ad measurement; intent-to-treat designs, PSA/holdout controls, and ghost ads; selection/endogeneity in ad delivery; experiments versus observational methods for ad ROI; advertising-as-signal measured experimentally.

Methods. Powering ad experiments and MDE calculations; ITT versus exposure effects and the ghost-ad/PSA logic; benchmarking observational estimators against RCTs. Worked motivation in Section 40.3.1 below.

Key readings.


	Lewis, R. A. & Rao, J. M. (2015). “The Unfavorable Economics of Measuring the Returns to Advertising.” The Quarterly Journal of Economics 130(4), 1941–1973. doi:10.1093/qje/qjv023 — [F] shows even huge experiments struggle to detect ad effects; sets the statistical-power agenda for the field (Lewis and Rao 2015).

	Johnson, G. A., Lewis, R. A. & Nubbemeyer, E. I. (2017). “Ghost Ads: Improving the Economics of Measuring Online Ad Effectiveness.” Journal of Marketing Research 54(6), 867–884. doi:10.1509/jmr.15.0297 — [R] the ghost-ads design: a clean, low-cost counterfactual for would-be-exposed users (J. S. Johnson, Friend, and Lee 2017).

	Gordon, B. R., Zettelmeyer, F., Bhargava, N. & Chapsky, D. (2019). “A Comparison of Approaches to Advertising Measurement: Evidence from Big Field Experiments at Facebook.” Marketing Science 38(2), 193–225. doi:10.1287/mksc.2018.1135 — [R] observational methods badly mismeasure ad lift versus RCT benchmarks (Gordon, Zettelmeyer, et al. 2019b).

	Gordon, B. R., Moakler, R. & Zettelmeyer, F. (2023). “Close Enough? A Large-Scale Exploration of Non-Experimental Approaches to Advertising Measurement.” Marketing Science 42(4), 768–793. doi:10.1287/mksc.2022.1413 — [R] when (rarely) observational ad measurement gets “close enough.”

	Sahni, N. S., Zou, D. & Chintagunta, P. K. (2017). “Do Targeted Discount Offers Serve as Advertising? Evidence from 70 Field Experiments.” Management Science 63(8), 2688–2705. doi:10.1287/mnsc.2016.2450 — [R] promotions carry advertising-like (information) effects beyond redemption; bridges to Week 13.



Debate. Can advertising ROI ever be measured precisely enough to manage? Are platform-run experiments trustworthy and replicable? Lift versus attribution.



40.1.13 Week 13 — Platforms and Marketing II: Incrementality, Geo, and Pricing Experiments

Topic. [R] Measuring incremental lift and evaluating targeting and pricing policies from experiments.

Subtopics. Incrementality versus last-touch attribution; geo experiments and matched-market/synthetic-control designs; pricing field experiments and price-ending effects; coupon/promotion experiments; bandit “learning-and-earning” pricing; targeting-policy evaluation from experiments.

Methods. Designing geo/matched-market experiments and CausalImpact-style readouts (cf. Week 8); incrementality test design; off-policy/targeting-policy evaluation; power for pricing/promo tests.

Key readings.


	Blake, T., Nosko, C. & Tadelis, S. (2015). “Consumer Heterogeneity and Paid Search Effectiveness: A Large-Scale Field Experiment.” Econometrica 83(1), 155–174. doi:10.3982/ecta12423 — [R] eBay’s brand-keyword experiment: paid search was largely non-incremental for known customers; the incrementality cautionary tale (Blake, Nosko, and Tadelis 2015).

	Anderson, E. T. & Simester, D. I. (2003). “Effects of $9 Price Endings on Retail Sales: Evidence from Field Experiments.” Quantitative Marketing and Economics 1(1), 93–110. doi:10.1023/a:1023581927405 — [F] a clean pricing field experiment isolating a behavioral price-ending effect.

	Simester, D., Timoshenko, A. & Zoumpoulis, S. I. (2020). “Efficiently Evaluating Targeting Policies: Improving on Champion vs. Challenger Experiments.” Management Science 66(8), 3412–3424. doi:10.1287/mnsc.2019.3379 — [R] how to evaluate many targeting policies from a single experiment.

	Simester, D., Timoshenko, A. & Zoumpoulis, S. I. (2020). “Targeting Prospective Customers: Robustness of Machine-Learning Methods to Typical Data Challenges.” Management Science 66(6), 2495–2522. doi:10.1287/mnsc.2019.3308 — [R] how ML targeting from experimental data holds up under real data pathologies.



Debate. Geo experiments (few large units, interference) versus user-level randomization; attribution versus incrementality in industry practice; can targeting policies be both learned and validated on the same data?



40.1.14 Week 14 — Interference, Spillovers, and SUTVA Violations

Topic. [R] Synthesis and research craft: causal inference when one unit’s treatment affects another.

Subtopics. SUTVA violations in marketplaces and social networks; partial-interference and exposure-mapping estimands; cluster/graph-cluster randomization to bound bias; the reflection problem and identifying peer/social effects; marketplace equilibrium effects (treatment “cannibalizes” control); research craft—feasible designs under interference, pre-analysis plans, refereeing.

Methods. Specifying exposure mappings; cluster/graph-cluster randomization design; partial-interference estimands; writing a referee report and a pre-analysis plan. SUTVA is introduced at Section 40.2 and revisited in Section 40.9.

Key readings.


	Aronow, P. M. & Samii, C. (2017). “Estimating Average Causal Effects Under General Interference, with Application to a Social Network Experiment.” The Annals of Applied Statistics 11(4), 1912–1947. doi:10.1214/16-aoas1005 — [R] design-based estimation under interference via exposure mappings.

	Sävje, F., Aronow, P. M. & Hudgens, M. G. (2021). “Average Treatment Effects in the Presence of Unknown Interference.” The Annals of Statistics 49(2), 673–701. doi:10.1214/20-aos1973 — [R] what experiments still estimate when interference is present but unmodeled.

	Eckles, D., Karrer, B. & Ugander, J. (2017). “Design and Analysis of Experiments in Networks: Reducing Bias from Interference.” Journal of Causal Inference 5(1),

	doi:10.1515/jci-2015-0021 — [R] graph-cluster randomization to cut interference bias in social/ad experiments.




	Blake, T. & Coey, D. (2014). “Why Marketplace Experimentation Is Harder Than It Seems: The Role of Test-Control Interference.” Proceedings of the Fifteenth ACM Conference on Economics and Computation (EC ’14), 567–582. doi:10.1145/2600057.2602837 — [R] marketplace interference biases naive A/B tests (eBay); the applied motivation.

	Manski, C. F. (1993). “Identification of Endogenous Social Effects: The Reflection Problem.” The Review of Economic Studies 60(3), 531–542. doi:10.2307/2298123 — [F] the foundational impossibility result for separating endogenous from contextual peer effects.



Debate. When does interference bias dominate, and is cluster randomization worth the power loss? Can peer effects ever be point-identified? How should marketing referee non-replicable platform experiments?




40.2 The Potential-Outcomes Framework

The foundational move of modern causal inference is to define the effect of a treatment for each unit before worrying about how to estimate it. Following the Neyman–Rubin potential-outcomes model, let Di∈{0,1}D_i \in \{0,1\} denote whether unit ii (a consumer, a store, a geographic market, a designated market area) receives a treatment—an ad campaign, a price cut, a new feature. Associate with each unit two potential outcomes: Yi(1)Y_i(1), the outcome that would occur under treatment, and Yi(0)Y_i(0), the outcome that would occur under control. The unit-level treatment effect is their difference,

τi=Yi(1)−Yi(0).(40.1)
\tau_i = Y_i(1) - Y_i(0).
 \qquad(40.1)

The defining difficulty—the fundamental problem of causal inference—is that for any unit we observe only one potential outcome. The realized outcome is

Yi=DiYi(1)+(1−Di)Yi(0),(40.2)
Y_i = D_i\,Y_i(1) + (1 - D_i)\,Y_i(0),
 \qquad(40.2)

so the other potential outcome is a counterfactual that is missing by construction. We never see τi\tau_i for any single unit. Causal inference is therefore, at root, a missing-data problem, and progress comes from estimating averages of τi\tau_i over populations rather than the unit-level effects themselves.


A causal effect is a comparison of two states of the world that differ only in the treatment: the outcome we observe under the treatment a unit received, and the outcome that same unit would have realized under the treatment it did not receive. Because only one of these is ever observed, every causal estimate rests on an assumption that makes the missing outcome recoverable from the data.



The chief estimand is the average treatment effect (ATE), τATE=𝔼[Yi(1)−Yi(0)]\tau_{\text{ATE}} = \mathbb{E}[Y_i(1) - Y_i(0)], the expected effect of moving a randomly chosen unit from control to treatment. Two relatives matter in practice. The average treatment effect on the treated (ATT), τATT=𝔼[Yi(1)−Yi(0)∣Di=1]\tau_{\text{ATT}} = \mathbb{E}[Y_i(1) - Y_i(0) \mid D_i = 1], is the effect for the units that actually received treatment—the relevant quantity when asking whether a campaign that ran paid off. The conditional average treatment effect (CATE), τ(𝐱)=𝔼[Yi(1)−Yi(0)∣𝐗i=𝐱]\tau(\mathbf{x}) = \mathbb{E}[Y_i(1) - Y_i(0) \mid \mathbf{X}_i =
\mathbf{x}], is the effect for a subpopulation with covariates 𝐱\mathbf{x}, the target of modern heterogeneous-treatment-effect and targeting methods.1


40.2.1 Why the Naive Comparison Fails

The intuitive estimator of a treatment effect is the difference in mean outcomes between treated and untreated units, Δ̂=Y‾D=1−Y‾D=0\hat\Delta = \bar Y_{D=1} - \bar Y_{D=0}. Decomposing its probability limit exposes exactly why it is biased. Adding and subtracting 𝔼[Yi(0)∣Di=1]\mathbb{E}[Y_i(0) \mid D_i = 1] gives

𝔼[Yi∣Di=1]−𝔼[Yi∣Di=0]⏟naive difference=τATT⏟causal effect+𝔼[Yi(0)∣Di=1]−𝔼[Yi(0)∣Di=0]⏟selection bias.(40.3)
\underbrace{\mathbb{E}[Y_i \mid D_i = 1] - \mathbb{E}[Y_i \mid D_i = 0]}_{\text{naive difference}}
= \underbrace{\tau_{\text{ATT}}}_{\text{causal effect}}
+ \underbrace{\mathbb{E}[Y_i(0) \mid D_i = 1] - \mathbb{E}[Y_i(0) \mid D_i = 0]}_{\text{selection bias}}.
 \qquad(40.3)

The second term is selection bias: the difference in the baseline (untreated) outcome between the groups that did and did not get treated. It is zero only if treated and untreated units would have looked the same absent treatment. In marketing they almost never do. A firm targets ads at consumers already inclined to buy; it cuts prices on products whose demand is already softening; loyal customers self-select into a rewards program. In each case 𝔼[Yi(0)∣Di=1]≠𝔼[Yi(0)∣Di=0]\mathbb{E}[Y_i(0) \mid D_i = 1] \neq \mathbb{E}[Y_i(0) \mid D_i = 0], and the naive difference confounds the effect of the treatment with the reasons the unit was treated. The remainder of this chapter is a catalogue of designs that drive the selection-bias term to zero—by randomization, or by an assumption that makes the untreated a valid stand-in for the treated counterfactual.

Two assumptions are maintained throughout unless stated otherwise. SUTVA (the stable-unit-treatment-value assumption) requires that one unit’s potential outcomes not depend on other units’ treatment assignments (no interference) and that there be a single version of the treatment. SUTVA is violated by spillovers—a price promotion at one store cannibalizing a neighbor, an ad shown to one household influencing another through word of mouth—which is why experimental units in marketing are often geographies rather than individuals. Overlap (positivity) requires 0<Pr(Di=1∣𝐗i)<10 < \Pr(D_i = 1 \mid \mathbf{X}_i) < 1 for all covariate values, so that comparable treated and control units exist at every 𝐱\mathbf{x}.

Figure 40.1 situates the designs of this chapter on a spectrum from the strongest identification (randomization, where assumptions hold by construction) to designs that buy identification with progressively stronger, untestable assumptions.
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Figure 40.1: A hierarchy of causal designs. Moving down the ladder relaxes the requirement of randomized assignment but substitutes increasingly strong, largely untestable identifying assumptions. The estimand each design targets is named in brackets.











40.3 Randomized Experiments and A/B Tests

Randomization is the gold standard because it eliminates selection bias by construction rather than by assumption. If treatment DiD_i is assigned independently of the potential outcomes—{Yi(0),Yi(1)}⟂Di\{Y_i(0), Y_i(1)\} \perp D_i—then the untreated group is, in expectation, a valid counterfactual for the treated group: 𝔼[Yi(0)∣Di=1]=𝔼[Yi(0)∣Di=0]\mathbb{E}[Y_i(0) \mid D_i = 1] = \mathbb{E}[Y_i(0) \mid D_i = 0]. The selection-bias term in Equation 40.3 vanishes, and the difference in means is unbiased for the ATE,

τ̂ATE=Y‾D=1−Y‾D=0.(40.4)
\hat\tau_{\text{ATE}} = \bar Y_{D=1} - \bar Y_{D=0}.
 \qquad(40.4)

The identifying assumption—independence of assignment and potential outcomes—holds because the experimenter, not the units, controls DiD_i. This is the single most important idea in the chapter: randomization does not make treated and control units identical, it makes them exchangeable in expectation, which is all that Equation 40.4 requires.

In the digital economy this logic is operationalized at enormous scale as the A/B test (online controlled experiment): users arriving at a site are randomly bucketed into a control arm seeing the incumbent experience and one or more treatment arms seeing a variant, and a metric—conversion, revenue per session, retention—is compared across arms. The mechanics are simple; the discipline is in the design. Three issues dominate practice.

Power and the minimum detectable effect. An experiment that cannot detect the effect sizes that matter is worse than no experiment, because it invites the fallacy of accepting the null. For a two-arm test of a mean with equal allocation, the sample size per arm needed to detect a true difference δ\delta at significance level α\alpha and power 1−β1-\beta is approximately

n≈2(z1−α/2+z1−β)2σ2δ2,(40.5)
n \;\approx\; \frac{2\,(z_{1-\alpha/2} + z_{1-\beta})^2\,\sigma^2}{\delta^2},
 \qquad(40.5)

where σ2\sigma^2 is the outcome variance and zpz_p the standard-normal quantile. The quadratic dependence on δ\delta is the crux of advertising measurement: sales are so volatile relative to advertising’s effect that the required sample is often larger than even large firms can muster, a point developed below.

The randomization unit and interference. When treating a user can affect other users—social spillovers, marketplace competition for the same inventory, supply constraints—unit-level randomization violates SUTVA and biases the estimate. Cluster-randomizing at the level of the interference (markets, regions, social clusters) restores validity at the cost of effective sample size.

Peeking and the validity of the stopping rule. Repeatedly testing a running experiment and stopping the first time p<0.05p < 0.05 inflates the false-positive rate far above the nominal level. Either fix the sample size in advance, or adopt a sequential procedure (always-valid pp-values, group-sequential boundaries) whose error guarantee survives continuous monitoring.

The following simulation makes the bias-then-fix logic concrete: it first shows that a confounded observational comparison recovers the wrong effect, then that randomization recovers the truth.


set.seed(47)

# Data-generating process: a latent 'propensity' drives BOTH self-selection
# into treatment (observationally) AND the baseline outcome -> confounding.
make_population <- function(n, true_tau = 0.20) {
  propensity <- rnorm(n)                       # latent buying inclination
  Y0 <- 0.50 + 0.40 * propensity + rnorm(n)    # untreated potential outcome
  Y1 <- Y0 + true_tau                          # constant treatment effect
  data.frame(propensity, Y0, Y1)
}

# (1) OBSERVATIONAL: high-propensity users self-select into treatment.
n <- 4000
pop <- make_population(n)
D_obs <- as.integer(pop$propensity + rnorm(n) > 0)   # selection on propensity
Y_obs <- ifelse(D_obs == 1, pop$Y1, pop$Y0)
naive <- mean(Y_obs[D_obs == 1]) - mean(Y_obs[D_obs == 0])

# (2) RANDOMIZED: assignment independent of potential outcomes.
rct_estimate <- function(n_per_arm = 1000, true_tau = 0.20) {
  p <- make_population(2 * n_per_arm, true_tau)
  D <- rep(0:1, each = n_per_arm)
  D <- sample(D)                               # random assignment
  Y <- ifelse(D == 1, p$Y1, p$Y0)
  mean(Y[D == 1]) - mean(Y[D == 0])
}
rct_draws <- replicate(2000, rct_estimate())

cat(sprintf("True effect (ATE):              %.3f\n", 0.20))
#> True effect (ATE):              0.200
cat(sprintf("Naive observational estimate:   %.3f  (biased)\n", naive))
#> Naive observational estimate:   0.737  (biased)
cat(sprintf("Mean of randomized estimates:   %.3f  (unbiased)\n", mean(rct_draws)))
#> Mean of randomized estimates:   0.201  (unbiased)

hist(rct_draws, breaks = 40, col = "grey80", border = "white",
     main = "", xlab = "Estimated treatment effect")
abline(v = 0.20, lwd = 2, lty = 2)
abline(v = naive, lwd = 2, col = "firebrick")
legend("topright", bty = "n",
       legend = c("true effect (0.20)", "naive observational"),
       lwd = 2, lty = c(2, 1), col = c("black", "firebrick"))
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Figure 40.2: Sampling distribution of the difference-in-means estimator across 2,000 randomized experiments, each with 1,000 users per arm and a true lift of 0.20. The estimator is centered on the truth (dashed line); the naive observational estimator from the same data-generating process is biased upward.









40.3.1 Advertising Measurement: The Hard Case for Experiments

Advertising is the canonical setting where experiments are both essential and difficult. The difficulty is statistical, and Equation 40.5 explains it. The effect of a typical online display campaign on purchase probability is small in absolute terms, while individual purchasing is enormously variable; substituting realistic magnitudes into Equation 40.5 implies that detecting advertising’s true return on investment with confidence can require millions of randomized users—more than many campaigns ever reach (Lewis and Rao 2015). Lewis and Rao show that even well-powered experiments deliver confidence intervals on ROI so wide that firms cannot distinguish a profitable campaign from a money-losing one, and that the observational regressions firms typically run fare far worse.

How much worse is documented by large-scale comparisons. Across digital advertising experiments at scale, observational methods—matching, regression adjustment, propensity scores—routinely yield estimates that diverge sharply from the experimental benchmark, frequently overstating effects by large multiples and occasionally reversing their sign, because no set of observed covariates fully captures why a platform showed a given user a given ad (Gordon, Zettelmeyer, et al. 2019b). The lesson is not that observational methods are useless but that, in advertising, the selection-bias term in Equation 40.3 is large relative to the effect itself, so even small failures of the conditional-independence assumption swamp the signal. A recurrent culprit is activity bias: users who are online and active are both more likely to be served (and to “see”) an ad and more likely to convert for reasons unrelated to the ad, manufacturing a spurious correlation that intention-to-treat experimental designs avoid (Lewis, Rao, and Reiley 2011).

These findings reframe the practitioner’s task. The question is rarely “what is the point estimate of ROI?” but “is my experiment powered to answer the decision I face?”—and often the honest answer is to redesign the test (larger, geo-based, or focused on an intermediate outcome) rather than to trust an underpowered or observational number.




40.4 Difference-in-Differences

When randomization is impossible—a competitor enters a market, a regulator changes a privacy rule, a firm rolls a price change out to some regions before others—the analyst exploits timing. Difference-in-differences compares the change in outcomes for a treated group, before versus after the intervention, against the contemporaneous change for an untreated control group. Differencing over time removes any fixed differences between the groups; differencing across groups removes any common time trend. What remains, under one key assumption, is the treatment effect.

Formally, with two periods (pre, post) and two groups (treated TT, control CC), the DiD estimator is the difference of differences in group means,

τ̂DiD=(Y‾T,post−Y‾T,pre)−(Y‾C,post−Y‾C,pre).(40.6)
\hat\tau_{\text{DiD}}
= \big(\bar Y_{T,\text{post}} - \bar Y_{T,\text{pre}}\big)
- \big(\bar Y_{C,\text{post}} - \bar Y_{C,\text{pre}}\big).
 \qquad(40.6)

In panel-regression form, with unit fixed effects αi\alpha_i, time fixed effects γt\gamma_t, and a treatment indicator DitD_{it} equal to one for treated units in post-treatment periods,

Yit=αi+γt+τDit+εit,(40.7)
Y_{it} = \alpha_i + \gamma_t + \tau\,D_{it} + \varepsilon_{it},
 \qquad(40.7)

and τ̂\hat\tau is the DiD (two-way fixed-effects) estimator of the ATT.

Identifying assumption: parallel trends. DiD is unbiased for the ATT if, absent treatment, the treated and control groups would have followed the same trajectory:

𝔼[Yi,post(0)−Yi,pre(0)∣T]=𝔼[Yi,post(0)−Yi,pre(0)∣C].(40.8)
\mathbb{E}[Y_{i,\text{post}}(0) - Y_{i,\text{pre}}(0) \mid T]
= \mathbb{E}[Y_{i,\text{post}}(0) - Y_{i,\text{pre}}(0) \mid C].
 \qquad(40.8)

The groups may differ in levels—that is differenced away—but their untreated trends must coincide. This assumption is fundamentally untestable, because the treated group’s untreated post-period trend is the missing counterfactual. What is testable is its observable implication: if trends are parallel after treatment, they were typically parallel before. A pre-trends (event-study) check estimates leads and lags of the treatment and asks whether the pre-treatment leads are jointly zero.

What breaks identification. Parallel trends fails whenever something other than the treatment moves the groups differently over the window—a localized demand shock, mean reversion when treatment is assigned to units with unusually low recent outcomes (Ashenfelter’s dip), or anticipation effects. A subtler hazard has emerged in staggered adoption, where units are treated at different times: the standard two-way fixed-effects estimator in Equation 40.7 implicitly uses already-treated units as controls for later-treated ones, and when effects vary over time this “forbidden comparison” can produce a weighted average with negative weights and a biased—even wrong-signed—estimate. Modern heterogeneity-robust estimators address this, and a careful analyst reports both the two-way fixed-effects number and a robust alternative.


set.seed(47)

# Panel: 60 markets x 12 months. Treatment (a price cut) hits half the markets
# in month 7. The control group is constructed to satisfy parallel trends.
n_markets <- 60; n_months <- 12; treat_month <- 7; true_att <- 1.5
markets <- 1:n_markets
treated <- markets %in% sample(markets, n_markets / 2)

panel <- expand.grid(market = markets, month = 1:n_months)
panel$treated <- treated[panel$market]
market_fe <- rnorm(n_markets, 10, 2)[panel$market]   # level differences (ok)
time_fe   <- 0.20 * panel$month                       # common trend (ok)
post      <- panel$month >= treat_month
panel$D   <- as.integer(panel$treated & post)
panel$sales <- market_fe + time_fe + true_att * panel$D +
               rnorm(nrow(panel), 0, 0.8)

# DiD via two-way fixed effects (unit + time dummies).
fit <- lm(sales ~ factor(market) + factor(month) + D, data = panel)
att_hat <- coef(fit)["D"]
ci <- confint(fit)["D", ]
cat(sprintf("True ATT:        %.3f\n", true_att))
#> True ATT:        1.500
cat(sprintf("DiD estimate:    %.3f  [%.3f, %.3f]\n", att_hat, ci[1], ci[2]))
#> DiD estimate:    1.662  [1.437, 1.886]




DiD is the workhorse of advertising-spillover and pricing studies in marketing, precisely because firms so often roll changes out geographically and at staggered times—exactly the structure DiD exploits, and exactly the structure that demands the heterogeneity-robust care just described.



40.5 Instrumental Variables

Sometimes treatment is endogenous and no untreated group plausibly satisfies parallel trends, yet there exists a third variable that shifts the treatment for reasons unrelated to the outcome. Instrumental variables exploit that variable to isolate the slice of treatment variation that is “as good as randomly assigned.” The motivating problem in marketing is the price endogeneity that defeats naive demand estimation: observed prices and quantities are jointly determined by demand and supply, so a regression of quantity on price recovers neither the demand curve nor a causal price elasticity. An instrument that shifts supply (and hence price) without shifting demand traces out the demand curve.

Let the structural (“second-stage”) equation of interest be

Yi=β0+β1Di+𝐱i⊤𝛄+ui,(40.9)
Y_i = \beta_0 + \beta_1 D_i + \mathbf{x}_i^{\top}\boldsymbol{\gamma} + u_i,
 \qquad(40.9)

where DiD_i (e.g., price) is correlated with the error uiu_i (𝔼[Diui]≠0\mathbb{E}[D_i u_i] \neq 0), so OLS is biased. An instrument ZiZ_i identifies β1\beta_1 if it satisfies three conditions:


	Relevance: ZiZ_i shifts the treatment, Cov(Zi,Di)≠0\operatorname{Cov}(Z_i, D_i) \neq 0. This is testable—it is the first-stage regression.

	Exclusion: ZiZ_i affects YiY_i only through DiD_i, not directly, Cov(Zi,ui)=0\operatorname{Cov}(Z_i, u_i) = 0. This is untestable and must be argued from institutional knowledge.

	Exogeneity (independence): ZiZ_i is as good as randomly assigned with respect to the unobservables driving YiY_i.



The estimator is two-stage least squares (2SLS): regress DiD_i on ZiZ_i and covariates to obtain fitted D̂i\hat D_i (the exogenous part of treatment variation), then regress YiY_i on D̂i\hat D_i. With a single instrument and no covariates this reduces to the Wald ratio,

β̂1IV=Cov(Yi,Zi)Cov(Di,Zi)=reduced form̂first stagê.(40.10)
\hat\beta_1^{\text{IV}}
= \frac{\operatorname{Cov}(Y_i, Z_i)}{\operatorname{Cov}(D_i, Z_i)}
= \frac{\widehat{\text{reduced form}}}{\widehat{\text{first stage}}}.
 \qquad(40.10)

What IV identifies. With heterogeneous effects and a binary instrument, 2SLS does not estimate the ATE but the local average treatment effect (LATE): the average effect among compliers—units whose treatment status responds to the instrument—under a monotonicity condition (the instrument moves no unit in the opposite direction). The effect on always-takers and never-takers is not identified. This is a feature to interpret, not a bug to hide: the LATE answers “what is the effect for the units a policy operating through this instrument would actually move?”

What breaks identification. Two failures dominate. A weak instrument (low first-stage correlation) inflates variance and, worse, biases 2SLS toward the OLS estimate it was meant to fix; the conventional diagnostic is a first-stage FF-statistic well above the rule-of-thumb of 10, though that threshold is now known to be optimistic. An exclusion-restriction violation—the instrument affecting the outcome through any channel other than the treatment—biases the estimate by an amount that cannot be detected from the data and must be defended by argument. In demand estimation the classic instruments are cost shifters and, following the differentiated-products tradition, functions of rival products’ characteristics that shift a product’s markup without entering its demand directly (S. Berry, Levinsohn, and Pakes 1995b). The credibility of any IV study lives or dies on the narrative for the exclusion restriction.


set.seed(47)

# Demand estimation with price endogeneity. A demand shock 'xi' raises BOTH
# quantity and (through the firm's pricing) price -> OLS elasticity is biased
# toward zero. A cost shifter 'Z' instruments for price.
n <- 5000
xi   <- rnorm(n)                              # unobserved demand shock
Z    <- rnorm(n)                              # cost shifter (instrument)
price <- 2.0 - 0.8 * Z + 1.0 * xi + rnorm(n) # price rises with demand shock
true_elasticity <- -1.2
logq <- 5 + true_elasticity * price + 1.5 * xi + rnorm(n)  # xi enters demand

ols <- coef(lm(logq ~ price))["price"]

# 2SLS by hand: first stage, then second stage on fitted price.
first  <- lm(price ~ Z)
phat   <- fitted(first)
iv     <- coef(lm(logq ~ phat))["phat"]
F_stat <- summary(first)$fstatistic["value"]

cat(sprintf("True price elasticity:   %.3f\n", true_elasticity))
#> True price elasticity:   -1.200
cat(sprintf("OLS (biased):            %.3f\n", ols))
#> OLS (biased):            -0.628
cat(sprintf("2SLS (IV):               %.3f\n", iv))
#> 2SLS (IV):               -1.195
cat(sprintf("First-stage F:           %.1f\n", F_stat))
#> First-stage F:           1795.5






40.6 Regression Discontinuity

A regression discontinuity design exploits rules that assign treatment based on whether a continuous running variable crosses a known cutoff. A customer becomes a “gold-tier” member at 1,000 loyalty points; a buyer earns free shipping at a $50 basket; an ad campaign targets ZIP codes above a median-income threshold. Units just below and just above the cutoff are, in every respect other than treatment, nearly identical—their assignment is determined by a sliver of the running variable that is plausibly as good as random. Comparing outcomes just above versus just below the threshold therefore identifies the treatment effect at the cutoff.

Let XiX_i be the running variable, cc the cutoff, and treatment Di=𝟏{Xi≥c}D_i = \mathbf{1}\{X_i \geq c\} in the sharp design. The estimand is the jump in the conditional expectation of the outcome at the cutoff,

τRD=limx↓c𝔼[Yi∣Xi=x]−limx↑c𝔼[Yi∣Xi=x].(40.11)
\tau_{\text{RD}}
= \lim_{x \downarrow c} \mathbb{E}[Y_i \mid X_i = x]
- \lim_{x \uparrow c} \mathbb{E}[Y_i \mid X_i = x].
 \qquad(40.11)

In practice τRD\tau_{\text{RD}} is estimated by fitting flexible regressions—usually local linear regressions within a bandwidth hh around cc—separately on each side and reading off the gap at cc. In the fuzzy design, crossing the cutoff changes the probability of treatment rather than treatment itself; the jump in outcomes is then scaled by the jump in treatment probability, making fuzzy RD a local IV with cutoff-crossing as the instrument.

Identifying assumption: continuity. RD identifies the effect at the cutoff if the potential outcomes 𝔼[Yi(0)∣Xi=x]\mathbb{E}[Y_i(0) \mid X_i = x] and 𝔼[Yi(1)∣Xi=x]\mathbb{E}[Y_i(1) \mid X_i = x] are continuous in xx at cc—that is, nothing other than treatment jumps at the threshold. Then any discontinuity in the observed outcome must be caused by the treatment.

What breaks identification. The fatal threat is manipulation of the running variable: if units can precisely control which side of the cutoff they land on—a customer nudging a basket to exactly $50, a salesperson booking revenue to clear a quota—then those who sort just above the cutoff differ systematically from those just below, and continuity fails. The standard diagnostic is the McCrary density test: a discontinuity in the density of XX at cc signals sorting. Two further practices guard validity: confirm that pre-determined covariates do not jump at the cutoff (a placebo RD on baseline characteristics), and show the estimate is robust to bandwidth choice, since RD trades bias (wide bandwidth, more extrapolation) against variance (narrow bandwidth, fewer observations). The estimand is also intrinsically local: RD recovers the effect only at cc and need not generalize to units far from the threshold.


set.seed(47)

# Running variable: loyalty points. Treatment at >= 1000. Smooth baseline
# relationship between points and spending PLUS a true jump of 8 at the cutoff.
n <- 4000; cutoff <- 1000; true_jump <- 8
points  <- runif(n, 600, 1400)
D       <- as.integer(points >= cutoff)
spend   <- 20 + 0.03 * (points - cutoff) + true_jump * D + rnorm(n, 0, 4)

# Local linear RD within a bandwidth, separate slopes each side.
h <- 150
inb <- abs(points - cutoff) <= h
rd_fit <- lm(spend ~ D + I(points - cutoff) + D:I(points - cutoff),
             data = data.frame(spend, D, points), subset = inb)
jump_hat <- coef(rd_fit)["D"]
cat(sprintf("True jump at cutoff: %.3f\n", true_jump))
#> True jump at cutoff: 8.000
cat(sprintf("RD estimate:         %.3f\n", jump_hat))
#> RD estimate:         8.899

s <- sample(n, 400)
plot(points[s], spend[s], pch = 16, col = "grey70", cex = 0.6,
     xlab = "Loyalty points (running variable)", ylab = "Spending")
abline(v = cutoff, lty = 3)
gl <- seq(cutoff - h, cutoff, length.out = 50)
gr <- seq(cutoff, cutoff + h, length.out = 50)
predl <- predict(rd_fit, data.frame(D = 0, points = gl))
predr <- predict(rd_fit, data.frame(D = 1, points = gr))
lines(gl, predl, lwd = 3); lines(gr, predr, lwd = 3)






[image: ]



Figure 40.3: A sharp regression-discontinuity design. Treatment (a loyalty-tier upgrade) switches on at the cutoff of 1,000 points. Local linear fits on each side identify the jump in spending at the threshold; points are a 10% sample for legibility.










40.7 Synthetic Control

Difference-in-differences needs a control group whose untreated trend matches the treated group’s. When the treated unit is a single large entity—one country where a brand launched, one state that changed a privacy law, one market where a flagship store opened—no single control unit is a credible match. The synthetic control method constructs the counterfactual as a weighted average of untreated “donor” units, choosing the weights so that the synthetic unit reproduces the treated unit’s pre-treatment outcome path (and predictors). The treatment effect is then the gap between the treated unit and its synthetic twin after the intervention.

Let unit 11 be treated at time T0T_0 and units 2,…,J+12,\dots,J+1 be the donor pool. Choose nonnegative weights 𝐰=(w2,…,wJ+1)\mathbf{w} = (w_2,\dots,w_{J+1}), with ∑jwj=1\sum_j w_j = 1, to minimize pre-treatment discrepancy,

𝐰⋆=argmin𝐰∑t<T0(Y1t−∑j=2J+1wjYjt)2,wj≥0,∑jwj=1.(40.12)
\mathbf{w}^{\star} = \arg\min_{\mathbf{w}}
\sum_{t < T_0}\Big(Y_{1t} - \sum_{j=2}^{J+1} w_j\,Y_{jt}\Big)^2,
\quad w_j \geq 0,\ \textstyle\sum_j w_j = 1.
 \qquad(40.12)

The estimated effect at each post-period is the gap between the treated unit and the weighted donors,

τ̂1t=Y1t−∑j=2J+1wj⋆Yjt,t≥T0.(40.13)
\hat\tau_{1t} = Y_{1t} - \sum_{j=2}^{J+1} w_j^{\star}\,Y_{jt},
\qquad t \geq T_0.
 \qquad(40.13)

Identifying assumptions. SCM identifies the treated unit’s ATT if (i) the weighted donors reproduce the treated unit’s pre-treatment outcomes closely (good pre-fit), (ii) the donors are themselves untreated and free of spillovers from the treatment, and (iii) the relationship that made the synthetic control track the treated unit before treatment continues to hold absent treatment—the synthetic-control analogue of parallel trends, but enforced on the full pre-period path rather than a single trend. The convexity constraints (wj≥0w_j \geq 0, summing to one) prevent extrapolation outside the donor support and make the weights interpretable.

What breaks identification. Poor pre-treatment fit is disqualifying: if the synthetic unit cannot track the treated unit before the intervention, the post-period gap is not credibly causal. Interpolation bias arises when donors are too dissimilar from the treated unit; overfitting to noise inflates apparent effects when the pre-period is short. Because there is only one treated unit, inference rests not on large-sample theory but on placebo (permutation) tests: reassign the treatment to each donor in turn, compute the placebo gap, and ask whether the true treated unit’s post/pre gap ratio is extreme relative to the placebo distribution.


set.seed(47)

# One treated market + 20 donors over 30 periods; a brand campaign starts at t=21
# and lifts the treated market's sales by a growing amount.
Tn <- 30; T0 <- 20; J <- 20; true_post_effect <- 6
common <- cumsum(rnorm(Tn, 0.2, 0.4))                 # shared latent trend
donors <- sapply(1:J, function(j)
  3 + runif(1, 0.5, 1.5) * common + rnorm(Tn, 0, 0.6))
# Treated market is a convex blend of three donors, pre-treatment.
truew <- numeric(J); truew[c(2, 5, 11)] <- c(0.5, 0.3, 0.2)
treated <- as.numeric(donors %*% truew) + rnorm(Tn, 0, 0.4)
treated[(T0 + 1):Tn] <- treated[(T0 + 1):Tn] +
  true_post_effect * seq_len(Tn - T0) / (Tn - T0)

# Solve for nonnegative weights summing to 1 on the PRE period via a simple
# projected optimization (quadratic loss, simplex constraint).
pre <- 1:T0
loss <- function(w) sum((treated[pre] - donors[pre, ] %*% w)^2)
ui <- rbind(diag(J), rep(-1, J)); ci <- c(rep(0, J), -1)  # w>=0, sum(w)<=1
w0 <- rep(0.9 / J, J)   # interior start: sum < 1, so constrOptim's strict-feasibility check passes
opt <- constrOptim(w0, loss, grad = NULL, ui = ui, ci = ci)
w <- opt$par / sum(opt$par)

synth <- as.numeric(donors %*% w)
gap_post <- mean(treated[(T0 + 1):Tn] - synth[(T0 + 1):Tn])
cat(sprintf("Mean post-period effect (truth ~%.2f): %.3f\n",
            true_post_effect / 2, gap_post))
#> Mean post-period effect (truth ~3.00): 3.313

plot(1:Tn, treated, type = "l", lwd = 2, xlab = "Period", ylab = "Sales",
     ylim = range(c(treated, synth)))
lines(1:Tn, synth, lwd = 2, lty = 2, col = "firebrick")
abline(v = T0 + 0.5, lty = 3)
legend("topleft", bty = "n", lwd = 2, lty = c(1, 2),
       col = c("black", "firebrick"),
       legend = c("treated market", "synthetic control"))






[image: ]



Figure 40.4: Synthetic control for a single treated market. Donor weights are chosen to match the treated market’s pre-intervention sales (vertical line at the launch period). The post-period gap between the treated market and its synthetic twin estimates the treatment effect.










40.8 Choosing a Design

No design dominates; each buys identification with a different assumption, and the right choice depends on what variation the world (or the firm) supplies. The comparison below summarizes the trade-offs.





Table 40.1: Causal designs compared: the estimand each targets, the assumption that does the identifying work, the diagnostic that probes it, and the failure that breaks it.













	Design
	Estimand
	Key assumption
	Diagnostic
	What breaks it





	Randomized / A-B test
	ATE
	Random assignment
	Balance / power checks
	Interference; peeking



	Difference-in-differences
	ATT
	Parallel trends
	Pre-trend (event study)
	Differential shocks; staggering



	Instrumental variables
	LATE (compliers)
	Exclusion + relevance
	First-stage F; over-ID
	Weak / invalid instrument



	Regression discontinuity
	Local effect at cutoff
	Continuity at cutoff
	McCrary density; covariate jumps
	Manipulation of running var.



	Synthetic control
	ATT (one unit)
	Donors match pre-trend
	Pre-fit; placebo permutation
	Poor pre-fit; spillovers














Three principles guide the choice in marketing practice. First, prefer experimentation where the cost of running it is bearable; in advertising and pricing, firms increasingly hold out geographies or randomize at the user level precisely because the observational alternatives are so unreliable (Gordon, Zettelmeyer, et al. 2019b). Second, when an experiment is infeasible, match the design to the source of exogenous variation: a sharp eligibility rule invites RD, a staggered rollout invites DiD, a single large treated entity invites SCM, and a credible supply-side shifter invites IV. Third, triangulate: where two designs with different assumptions point to the same answer, the causal claim is far more credible than any single estimate, because the assumptions fail for different reasons.



40.9 Threats Common to All Designs

Beyond design-specific failures, several threats recur and deserve a standing checklist. Spillovers and general equilibrium: a treatment that changes one unit’s behavior may change untreated units’ behavior (SUTVA failure), and a price experiment that would be profitable at small scale may not survive a firm-wide rollout once competitors and supply respond. Attrition and survivorship: differential dropout between arms reintroduces selection even into a randomized design. Outcome windows and dynamics: advertising and brand effects accumulate and decay, so an effect measured over too short a window understates the true return; carryover (the Koyck/adstock structure of Chapter 13) must be modeled, not assumed away. Multiple comparisons: testing many metrics, segments, or variants inflates false positives, demanding pre-registration of primary outcomes or explicit correction. External validity: every estimand here is local to a population, a period, and a level of treatment intensity; a LATE for compliers, an RD effect at a cutoff, or an SCM effect for one market need not transfer to the firm’s broader decision. Naming the estimand—the discipline this chapter opened with—is the antidote, because it forces the analyst to state precisely whose effect, under what intervention, has been estimated.



40.10 Foundational vs. frontier at a glance

The seminar marks every method as foundational (qualifying-exam material the left column) or frontier (where dissertations are written, the right column). The marketing-specific value-add over a generic econometrics course is concentrated in Weeks 12–14—advertising measurement, incrementality/geo/pricing experiments, and marketplace interference—and in framing every method around small effects, non-stationary platforms, and targeting decisions.









	Block
	Foundational core [F]
	Frontier extensions [R]





	Framework (Wk 1)
	Rubin 1974; Holland 1986; Imbens–Rubin
	design- vs. model-based inference



	Experiments / A/B (Wk 2)
	Fisher/Neyman inference; Kohavi
	time-series/switchback; always-valid inference



	Selection on observables (Wk 3)
	CIA, bad controls, overlap (Angrist–Pischke)
	sensitivity analysis; Athey–Imbens overview



	IV (Wk 4)
	Imbens–Angrist LATE; Angrist–Imbens–Rubin
	weak-IV; judge/shift-share designs



	DiD I (Wk 5)
	Card–Krueger; Bertrand–Duflo–Mullainathan
	wild-cluster inference



	DiD II — staggered (Wk 6)
	the critique itself is now foundational
	Goodman-Bacon; CS; dCDH; Sun–Abraham; BJS; Roth et al.



	RDD (Wk 7)
	Imbens–Lemieux guide
	Calonico–Cattaneo–Titiunik robust inference



	Synthetic control (Wk 8)
	Abadie–Diamond–Hainmueller; Abadie JEL
	synthetic DiD; gsynth; CausalImpact



	Panel/event-study (Wk 9)
	FE/FD (Wooldridge)
	design-based panel experiments; matrix completion



	Matching/weighting (Wk 10)
	Rosenbaum–Rubin; Hirano–Imbens–Ridder
	approximate residual balancing; PS-matching inference



	ML for HTE (Wk 11)
	Athey–Imbens causal trees
	causal forests; GRF; double/debiased ML



	Ad measurement (Wk 12)
	Lewis–Rao unfavorable economics
	ghost ads; experiments-vs-observational (Gordon et al.)



	Incrementality/geo/pricing (Wk 13)
	Blake–Nosko–Tadelis; Anderson–Simester
	targeting-policy evaluation; bandit pricing



	Interference (Wk 14)
	Manski reflection problem
	Aronow–Samii; Sävje et al.; graph-cluster designs





Week 6 is the rare case where a critique has itself become foundational: no student can use DiD today without knowing the staggered-adoption failure of the two-way fixed-effects estimator. A paper is promoted from frontier to foundational only once it is standard qualifying-exam material—the staggered-DiD critique is the current example mid-transition.



40.11 How this chapter expands

This chapter is a living syllabus. Future revisions should (1) reconcile this canonical ordering against actual week-by-week reading lists pulled from live PhD syllabi (MIT applied econometrics, Chicago Booth’s causal-inference and quantitative-marketing sequences, Stanford GSB/Econ causal-ML courses, Berkeley digital-experiments, and the Wharton/Columbia/Kellogg marketing-methods seminars), citing program and URL; (2) track Week 6, which moves fastest, as the robust-DiD literature consolidates (continuous treatment, non-absorbing treatment, triple-difference, design-based DiD); (3) deepen the marketing-platform core of Weeks 12–14 with incrementality and geo-experiment methodology as version-of-record DOIs appear (much of it currently lives in working papers and platform tech reports), plus the growing experimentation-under-interference literature for marketplaces and recommender systems; (4) add a power/design appendix on MDE/power for small-lift ad experiments, variance reduction (CUPED), cluster-randomization power loss, and sequential testing; (5) add a software/replication appendix mapping methods to canonical packages (grf, DoubleML/econml, did, fixest/sunab, rdrobust, Synth/synthdid/gsynth, CausalImpact); and (6) maintain the foundational/frontier marking as the load-bearing pedagogical device.



40.12 Key Takeaways


	A causal effect is a comparison of potential outcomes (Equation 40.1); because only one is observed per unit (Equation 40.2), every estimate rests on an assumption that recovers the missing counterfactual.

	The naive treated-minus-untreated difference is biased by selection (Equation 40.3); randomization removes the bias by construction, which is why field experiments and A/B tests are the benchmark.

	In advertising, the effect is small relative to sales volatility, so experiments must be very large to be conclusive and observational substitutes can err by multiples or in sign (Lewis and Rao 2015; Gordon, Zettelmeyer, et al. 2019b).

	Each quasi-experimental design targets a specific estimand under a specific assumption—DiD/ATT under parallel trends, IV/LATE under exclusion, RD under continuity, SCM/ATT under donor pre-fit—and each has a named diagnostic and a named failure mode (Table 40.1).

	Name the estimand before choosing a method, probe the identifying assumption with its diagnostic, and triangulate across designs whose assumptions fail for different reasons.





40.13 Further Reading

The potential-outcomes framework and the estimators in this chapter are developed at length in the standard graduate econometrics references (Cameron and Trivedi 2005; Greene 2003) and in the econometric treatments of program evaluation (Heckman and Vytlacil 2007b; Abbring and Heckman 2007). For demand estimation with endogenous prices and instruments built from rival product characteristics, the differentiated-products literature is the entry point (S. Berry, Levinsohn, and Pakes 1995b). The advertising-measurement evidence that motivates experimentation over observational inference is most directly accessible through the large-scale experimental comparisons cited above (Lewis, Rao, and Reiley 2011; Lewis and Rao 2015; Gordon, Zettelmeyer, et al. 2019b), and the dynamics of advertising response that complicate any single-window estimate are treated in Chapter 13.

















1. A discipline this chapter enforces: name the estimand before choosing a method. Much confusion in applied marketing arises from estimating one quantity (say, an ATT among self-selected adopters) and interpreting it as another (the ATE the firm would obtain by treating everyone). The two coincide only under constant effects.





41 Discrete Choice and Bayesian Methods

Most marketing decisions reduce to a question about choice: which brand a shopper puts in the cart, which subscription tier a household keeps, which car a buyer drives off the lot. The data that record these decisions are not the continuous quantities of classical regression but discrete selections from a menu—one alternative chosen, the rest forgone. Discrete-choice modeling, grounded in random-utility theory, is the apparatus marketing uses to turn such observations into estimates of preference, willingness to pay, and demand elasticities; the Bayesian hierarchy is the technology that makes those estimates individual-level and usable for targeting.

This chapter is organized as a full-semester doctoral seminar—a reading map that runs from the micro-foundation of individual choice up to the modern Bayesian computation that fits these models at scale. The structure mirrors how the discrete-choice/Bayesian-methods seminar is taught across the leading quantitative marketing programs (Ohio State/Fisher, Chicago/Booth, Wharton, Columbia, Michigan/Ross), and every reading below was DOI-verified against Crossref. The technical core—random-utility theory, the logit and its IIA pathology, the nested/probit/mixed remedies, hierarchical Bayes, and a runnable MCMC worked example—is developed in full within the relevant weeks, so the chapter reads both as a syllabus and as a self-contained treatment. We connect the demand-estimation thread to its industrial-organization counterpart (Chapter 23) and to preference measurement via conjoint analysis, whose hierarchical-Bayes practice is the applied face of everything developed here.


41.1 Semester arc

The seminar is a single intellectual staircase from theory of individual choice up to modern Bayesian computation and scale. It opens with the micro-foundation that organizes everything else—random utility maximization (RUM)—and the workhorse it produces, the multinomial/conditional logit. The first third of the course exhausts what closed-form logit can and cannot do: the independence-of-irrelevant-alternatives (IIA) restriction, the substitution pathologies it implies, and the two classical escapes from it—generalized extreme value (nested logit), which keeps a closed form, and probit, which abandons closed form and forces the course into simulation (the GHK simulator, simulated maximum likelihood). By the time random-coefficients/mixed logit arrives, students see it as the field’s preferred resolution: it relaxes IIA, accommodates unobserved heterogeneity, approximates any RUM, and is estimable either by simulation or by Bayesian MCMC.

The middle third pivots from estimators to the Bayesian paradigm, the distinctive emphasis of the marketing version of this seminar. Students learn the Bayesian logic of inference, conjugacy, and the two engines of modern practice—the Gibbs sampler and the Metropolis–Hastings algorithm—and then the idea that made Bayes the default tool of quantitative marketing: hierarchical Bayes for consumer heterogeneity. The hierarchical normal model that shrinks individual-level parameters toward a population distribution is the conceptual heart of the course, because it simultaneously solves the small-data-per-consumer problem, delivers individual-level posteriors useful for targeting, and unifies choice modeling with conjoint/preference measurement.

The final third applies and extends the machinery: conjoint and preference measurement as the marketing-native application of HB choice models; dynamics and state dependence (Bayesian learning vs. spurious persistence—the field’s central identification debate); aggregate-data demand (BLP-style random-coefficients logit and its Bayesian counterpart); model comparison (Bayes factors, DIC/WAIC, cross-validation); and the computational frontier—Hamiltonian Monte Carlo/Stan and scalable and variational methods for the large, sparse, high-dimensional data that now dominate marketing. The arc ends where the field’s frontier is: probabilistic programming and approximate inference at scale.

A typical assessment structure is weekly reading memos, two or three problem sets that build an estimator from scratch (a hand-coded Gibbs sampler for a hierarchical logit is the signature assignment—see the worked example in Section 41.1.7), a referee report, and a replication-or-extension paper on a real choice dataset (scanner panel, conjoint, or aggregate market shares).

The three foundational books the seminar is built around recur throughout and are cited as “(book)”: Train (2009), Discrete Choice Methods with Simulation, 2nd ed. (Cambridge)—the standard graduate text for RUM, logit/GEV/probit, mixed logit, and simulation- and Bayes-assisted estimation; Rossi, Allenby & McCulloch (2005), Bayesian Statistics and Marketing (Wiley)—the field’s defining text on hierarchical Bayesian methods for marketing and the bayesm package; and Gelman et al. (2013), Bayesian Data Analysis, 3rd ed. (Chapman & Hall/CRC)—the general-statistics reference for Bayesian modeling, MCMC, and predictive evaluation.


41.1.1 Week 1 — Random utility theory & the choice-modeling worldview

Topic. The random-utility-maximization (RUM) foundation; why marketing models choice rather than continuous demand; utility, choice probabilities, and the identification of scale and level.

Subtopics. Deterministic vs. random components; additive RUM; the logit error (Type-I extreme value); welfare and the log-sum; observable vs. latent utility; normalization (only differences and scale are identified).

Methods. Setting up a choice probability from a utility specification; deriving logit from i.i.d. extreme-value errors.

The premise of random-utility theory is that a decision maker assigns a latent utility to each available alternative and chooses the one with the highest utility. The randomness is the analyst’s, not the consumer’s: it represents everything that bears on the decision but is unobserved by the modeler.








Landmark definition: random utility





The utility that decision maker nn obtains from alternative jj is Unj=Vnj+εnjU_{nj} = V_{nj} + \varepsilon_{nj}, where VnjV_{nj} is a representative (or systematic) component, a function of observed attributes and parameters, and εnj\varepsilon_{nj} is a random term capturing unobserved determinants of utility. The decision maker chooses alternative ii if and only if Uni≥UnjU_{ni} \ge U_{nj} for all jj in the choice set. The choice probability is therefore a statement about the distribution of the differences in the unobserved terms (McFadden 2001).









Formally, let n=1,…,Nn = 1,\dots,N index decision makers and let 𝒞n\mathcal{C}_n be the finite choice set facing decision maker nn. The utility of alternative j∈𝒞nj \in \mathcal{C}_n is

Unj=Vnj+εnj,Vnj=𝐱nj⊤𝛃,(41.1)
U_{nj} = V_{nj} + \varepsilon_{nj}, \qquad
V_{nj} = \mathbf{x}_{nj}^{\top}\boldsymbol{\beta},
 \qquad(41.1)

where 𝐱nj\mathbf{x}_{nj} collects observed attributes of the alternative (price, features, brand indicators) and possibly interactions with characteristics of the chooser, and 𝛃\boldsymbol{\beta} is a vector of taste parameters. The probability that nn chooses ii is the probability that ii yields the highest utility,

Pni=Pr(Uni≥Unj∀j∈𝒞n)=Pr(εnj−εni≤Vni−Vnj∀j≠i).(41.2)
P_{ni} = \Pr\!\left( U_{ni} \ge U_{nj}\ \ \forall j \in \mathcal{C}_n \right)
       = \Pr\!\left( \varepsilon_{nj} - \varepsilon_{ni} \le V_{ni} - V_{nj}\ \
         \forall j \neq i \right).
 \qquad(41.2)

Three structural facts follow immediately and govern everything downstream. First, only differences in utility matter: adding a constant to every alternative’s utility leaves the choice unchanged, so alternative-invariant variables (a chooser’s income entering identically for all options) drop out and must be interacted with alternative-specific terms to have any effect. Second, the scale of utility is not identified: multiplying all utilities by a positive constant leaves the argmax unchanged, so the variance of εnj\varepsilon_{nj} must be normalized. Third, the form of the choice probability is determined entirely by the assumed joint distribution of the unobserved terms 𝛆n=(εn1,…)\boldsymbol{\varepsilon}_n = (\varepsilon_{n1},\dots). Different assumptions generate the logit, probit, nested, and mixed models that organize the rest of the course.

Key readings.


	McFadden (1974), “Conditional Logit Analysis of Qualitative Choice Behavior,” in Frontiers in Econometrics (Academic Press), pp. 105–142 — book chapter, no Crossref DOI; cite by chapter/volume. The origin of RUM-based conditional logit; the Nobel-cited founding paper. [F]

	Train (2009), Discrete Choice Methods with Simulation, ch. 1–3 (book) — the textbook RUM setup and logit derivation. [F]

	Pradeep K. Chintagunta and Nair (2011a) — assigned here (and again in Section 41.1.9) as the marketing-specific overview of why and how marketing uses discrete choice. [F]



Debate. Is RUM a behavioral theory or just a flexible statistical container? What is genuinely identified—and the perennial student trap of interpreting levels or scale?



41.1.2 Week 2 — Logit: the workhorse

Topic. Multinomial/conditional logit; estimation, interpretation, elasticities, and willingness-to-pay.

Subtopics. Likelihood and concavity (global maximum); own/cross elasticities; the log-sum/inclusive value; aggregation; the value and limits of marginal effects.

Methods. Maximum likelihood; Newton-type optimization; delta-method standard errors for WTP and elasticities.

The conditional (or multinomial) logit model arises from a single distributional assumption: the unobserved utility terms are independent across alternatives and each follows a type-I extreme-value (Gumbel) distribution, F(εnj)=exp(−e−εnj)F(\varepsilon_{nj}) = \exp(-e^{-\varepsilon_{nj}}). The difference of two independent Gumbel variates is logistic, which collapses the multidimensional integral in Equation 41.2 to a closed form:

Pni=exp(𝐱ni⊤𝛃)∑j∈𝒞nexp(𝐱nj⊤𝛃).(41.3)
P_{ni} = \frac{\exp(\mathbf{x}_{ni}^{\top}\boldsymbol{\beta})}
              {\sum_{j \in \mathcal{C}_n} \exp(\mathbf{x}_{nj}^{\top}\boldsymbol{\beta})}.
 \qquad(41.3)

This is the model that brought random-utility estimation into marketing. Calibrated on household scanner data, with 𝐱nj\mathbf{x}_{nj} containing price, promotion indicators, and—critically—a loyalty variable summarizing the household’s past purchases, it predicts brand choice well enough to anchor demand analysis for packaged goods (Peter M. Guadagni and Little 1983b, 1983a; Peter M. Guadagni and Little 2008b). The loyalty term is an early, informal device for capturing persistence in tastes that the homogeneous logit cannot otherwise represent, foreshadowing the heterogeneity machinery developed below.

Estimation. With independent observations the logit log-likelihood is globally concave in 𝛃\boldsymbol{\beta}, so maximum likelihood is straightforward and unique. Writing yni=1y_{ni} = 1 if nn chose ii and 00 otherwise,

ℓ(𝛃)=∑n=1N∑i∈𝒞nynilogPni(𝛃),(41.4)
\ell(\boldsymbol{\beta}) = \sum_{n=1}^{N} \sum_{i \in \mathcal{C}_n}
   y_{ni} \log P_{ni}(\boldsymbol{\beta}),
 \qquad(41.4)

which Newton–Raphson or any quasi-Newton routine maximizes reliably. The scale normalization is implicit: the Gumbel variance is fixed at π2/6\pi^2/6, so 𝛃\boldsymbol{\beta} is identified only up to that scale, and coefficients across models with different error variances are not directly comparable.

Elasticities. The managerial output of a choice model is usually an elasticity. For a price coefficient βp\beta_p entering VnjV_{nj} linearly, the own- and cross-price elasticities of choice probability are

Eii=βppni(1−Pni),Eij=−βppnjPnj.(41.5)
E_{ii} = \beta_p\, p_{ni}\,(1 - P_{ni}), \qquad
E_{ij} = -\,\beta_p\, p_{nj}\, P_{nj}.
 \qquad(41.5)

The cross-elasticity EijE_{ij} is the source of the model’s most consequential defect: it depends on jj only through PnjP_{nj}, so every alternative has the same proportional cross-elasticity with respect to a change in jj. This is IIA, examined in Section 41.1.3.

Key readings.


	Train (2009), ch. 3 “Logit” (book) — canonical treatment. [F]

	Peter M. Guadagni and Little (1983a) — the foundational marketing application of logit to scanner-panel brand choice; introduced the loyalty variable and defined empirical choice modeling in marketing for a decade. [F]



Debate. When is logit “good enough”? The gap between statistical fit and the implausible substitution it can imply motivates Weeks 3–5.



41.1.3 Week 3 — IIA, GEV & nested logit

Topic. The independence-of-irrelevant-alternatives property, its substitution-pattern consequences, the red-bus/blue-bus problem, and the closed-form escape via generalized extreme value (GEV)/nested logit.

Subtopics. IIA derivation; proportional substitution; nesting structure and the dissimilarity (nesting) parameter; testing IIA.

Methods. Nested-logit estimation; Hausman-type specification tests.

The logit model’s defining property is that the ratio of any two choice probabilities is independent of the attributes—indeed of the existence—of every other alternative:

PniPnj=exp(𝐱ni⊤𝛃)exp(𝐱nj⊤𝛃),(41.6)
\frac{P_{ni}}{P_{nj}}
   = \frac{\exp(\mathbf{x}_{ni}^{\top}\boldsymbol{\beta})}
          {\exp(\mathbf{x}_{nj}^{\top}\boldsymbol{\beta})},
 \qquad(41.6)

which contains nothing about any third option kk. This independence of irrelevant alternatives (IIA) is a direct consequence of the assumed independence of the Gumbel error terms across alternatives. It is mathematically elegant and behaviorally implausible.

The standard illustration is the red-bus/blue-bus paradox. A commuter chooses between a car and a red bus with equal probability, 12\tfrac{1}{2} each, so Pcar/Pred=1P_{\text{car}}/P_{\text{red}} = 1. Introduce a blue bus identical to the red bus in every respect but color. Behaviorally the two buses should split the original bus share, leaving car at 12\tfrac{1}{2} and each bus at 14\tfrac{1}{4}. The logit model instead preserves all pairwise ratios, forcing Pcar=Pred=Pblue=13P_{\text{car}} = P_{\text{red}} = P_{\text{blue}} = \tfrac{1}{3}: adding a near-duplicate steals share from the car as readily as from the bus it nearly clones. In a marketing setting the same failure means a logit demand model predicts that a new product cannibalizes every incumbent in proportion to its share, regardless of how close a substitute it actually is—a prediction that misvalues line extensions, new entrants, and assortment changes.








What IIA gets wrong, and when it is safe




IIA is the right model only when alternatives are, conditional on the observed 𝐱nj\mathbf{x}_{nj}, equally substitutable for one another. It fails whenever subsets of alternatives share unobserved attributes—body styles of cars, flavor families of snacks, branded versus private-label tiers. The practical diagnostic is a Hausman–McFadden test: estimate the model on the full choice set and on a subset; if IIA holds, dropping alternatives should not change 𝛃̂\hat{\boldsymbol{\beta}}, and a significant change rejects IIA. When the test rejects, the logit’s substitution patterns are not merely imprecise—they are structurally wrong, and the remedies of the next sections are required rather than optional.







The IIA property is also why the logit can be estimated on a sampled subset of alternatives when the full choice set is enormous (thousands of SKUs): because ratios of probabilities ignore the rest of the set, a correctly weighted sample of non-chosen alternatives yields consistent estimates—the same property that makes the model behaviorally restrictive makes it tractable at scale.

Key readings.


	Hausman and McFadden (1984) — the standard test for the IIA restriction; defines how students diagnose logit’s central weakness. [F]

	McFadden (1978), “Modelling the Choice of Residential Location,” in Spatial Interaction Theory and Planning Models (North-Holland) — book chapter, no Crossref DOI; the GEV/nested-logit foundation. [F]

	Train (2009), ch. 4 “GEV” (book) — textbook synthesis of nested and cross-nested logit. [F]



Debate. IIA as bug vs. feature; whether nesting structure is theory-driven or data-mined; nested logit as a stopgap before mixed logit/probit.



41.1.4 Week 4 — Probit & simulation: the GHK simulator

Topic. Multinomial probit (MNP), full correlation in errors, the absence of a closed form, and simulation-based estimation (GHK).

Subtopics. Identification in MNP (covariance normalization); the GHK (Geweke–Hajivassiliou–Keane) recursive simulator; simulated maximum likelihood (SML) vs. method of simulated moments (MSM); Bayesian (Gibbs/data-augmentation) MNP as the alternative path.

Methods. GHK simulation; SML/MSM; Gibbs sampling with latent-utility data augmentation.

The multinomial probit model replaces the independent Gumbel errors with a multivariate normal vector, 𝛆n∼𝒩(𝟎,𝚺)\boldsymbol{\varepsilon}_n \sim
\mathcal{N}(\mathbf{0}, \boldsymbol{\Sigma}). The off-diagonal elements of 𝚺\boldsymbol{\Sigma} let any pair of alternatives share unobserved utility, so probit imposes no IIA and can represent arbitrary substitution patterns. The price is analytic: the choice probability in Equation 41.2 is now a (J−1)(J-1)-dimensional integral of the normal density with no closed form,

Pni=∫ℝJ−1𝟙[Uni≥Unj∀j≠i]ϕ(𝛆n;𝚺)d𝛆n.(41.7)
P_{ni} = \int_{\mathbb{R}^{J-1}} \mathbb{1}\!\left[ U_{ni} \ge U_{nj}\ \forall j \neq i
   \right] \phi(\boldsymbol{\varepsilon}_n; \boldsymbol{\Sigma})\, d\boldsymbol{\varepsilon}_n .
 \qquad(41.7)

For more than three or four alternatives this integral must be approximated by simulation. McFadden’s method of simulated moments made probit estimation feasible by replacing the intractable probabilities with smooth, unbiased frequency-simulator analogues (McFadden 1986a). A further subtlety is identification: because only utility differences matter and scale is free, not all elements of 𝚺\boldsymbol{\Sigma} are identified—one differences the system and fixes one variance, leaving J(J−1)/2−1J(J-1)/2 - 1 free covariance parameters. The Bayesian route sidesteps the simulated-likelihood maximization entirely by augmenting the latent utilities and sampling them as additional unknowns.

Key readings.


	McCulloch and Rossi (1994) — the Bayesian/data-augmentation route to MNP that became the marketing standard; bridges Weeks 4 and 6. [F]

	Geweke, Keane, and Runkle (1994) — the head-to-head of GHK/SML vs. Bayesian MCMC for MNP; defines the simulation toolkit and its trade-offs. [F]

	Train (2009), ch. 5 “Probit” and ch. 9 “Simulation-Assisted Estimation” (book) — textbook GHK and SML/MSM. [F]



Debate. Probit’s flexible correlation vs. its identification fragility and computational cost; classical simulation vs. Bayesian data augmentation as the more reliable estimator.



41.1.5 Week 5 — Mixed / random-coefficients logit

Topic. Mixed (random-parameters) logit: heterogeneous tastes integrated over a mixing distribution; the field’s preferred way to relax IIA and approximate any RUM.

Subtopics. Random vs. fixed coefficients; mixing distributions (normal, lognormal, bounded); panel/repeated-choice mixed logit; the McFadden–Train universal-approximation result; classical (simulated ML) vs. Bayesian (Allenby–Train) estimation.

Methods. Simulated maximum likelihood with Halton draws; hierarchical Bayes/Gibbs–MH estimation of the mixing distribution.

Mixed logit is the model that subsumes the others. Its idea is to let the taste parameters themselves vary across decision makers according to a mixing distribution, 𝛃n∼g(𝛃∣𝛉)\boldsymbol{\beta}_n \sim g(\boldsymbol{\beta} \mid
\boldsymbol{\theta}), while retaining an iid Gumbel idiosyncratic term. Conditional on a draw of 𝛃n\boldsymbol{\beta}_n the model is a plain logit, but the unconditional choice probability integrates over the distribution of tastes,

Pni=∫exp(𝐱ni⊤𝛃)∑j∈𝒞nexp(𝐱nj⊤𝛃)g(𝛃∣𝛉)d𝛃.(41.8)
P_{ni} = \int
   \frac{\exp(\mathbf{x}_{ni}^{\top}\boldsymbol{\beta})}
        {\sum_{j \in \mathcal{C}_n}\exp(\mathbf{x}_{nj}^{\top}\boldsymbol{\beta})}\,
   g(\boldsymbol{\beta} \mid \boldsymbol{\theta})\, d\boldsymbol{\beta}.
 \qquad(41.8)

This single device accomplishes three things at once. It breaks IIA: because the mixing correlates the random part of utility across alternatives that share attributes, cross-elasticities are no longer constrained to be equal. It accommodates heterogeneity: 𝛉\boldsymbol{\theta} describes how tastes are distributed in the population. And it is fully flexible: any random-utility model—including probit—can be approximated arbitrarily well by a mixed logit with a suitable mixing distribution. The cost, as with probit, is that the integral in Equation 41.8 has no closed form and must be simulated; classical estimation uses simulated maximum likelihood with draws of 𝛃n\boldsymbol{\beta}_n, while the Bayesian approach (Section 41.1.7) targets the same integral through MCMC and is, for the standard normal-mixing case, often the more reliable route (Rossi 2014b; Greg M. Allenby, Leone, and Jen 1999).

The family is mapped in Figure 41.1, which organizes every model in the course by the assumed structure of the unobserved utility terms.
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Figure 41.1: The discrete-choice model family, organized by the assumed structure of the unobserved utility terms. Each branch relaxes a restriction of the conditional logit and pays for it in estimation cost.








Table 41.1 summarizes the trade-offs across the IIA remedies of Weeks 3–5.




Table 41.1: Remedies for IIA and their trade-offs. Mixed logit dominates on flexibility but inherits the simulation cost shared by every non-logit model.












	Model
	Error structure
	IIA?
	Closed form?
	Main cost





	Conditional logit
	iid Gumbel
	Imposed
	Yes
	Wrong substitution under correlation



	Nested logit
	Gumbel within nests
	Within nest only
	Yes
	Nesting must be assumed a priori



	Multinomial probit
	Multivariate normal
	No
	No (simulate)
	Many covariance params; identification



	Mixed logit
	Gumbel + random 𝛃n\boldsymbol{\beta}_n
	No
	No (simulate)
	Choice of mixing distribution










Key readings.


	McFadden and Train (2000) — proves mixed logit can approximate any random-utility model arbitrarily well; the theoretical license for the whole approach. [F]

	Revelt and Train (1998) — the canonical panel/repeated-choice mixed-logit application; template for individual-level taste recovery. [F]

	Train and Sonnier (2005) — bounded/correlated mixing distributions so estimated partworths stay economically sensible; a standard refinement for applied mixed logit and conjoint. [F]

	Train (2009), ch. 6 “Mixed Logit” and ch. 12 (Bayesian procedures) (book). [F]



Debate. Choice of mixing distribution (normal vs. lognormal vs. nonparametric); whether random coefficients capture taste heterogeneity or absorb misspecification; simulated-ML vs. Bayesian estimation.



41.1.6 Week 6 — Bayesian foundations & MCMC: Gibbs and Metropolis–Hastings

Topic. The Bayesian paradigm and the two computational engines that made it practical for choice models.

Subtopics. Prior, likelihood, posterior; conjugacy; data augmentation (latent utilities) for choice models; the Gibbs sampler; Metropolis–Hastings; convergence diagnostics and mixing.

Methods. Hand-coding a Gibbs sampler; MH proposals and acceptance; assessing convergence.

MCMC constructs a Markov chain whose stationary distribution is exactly the posterior; running the chain long enough and discarding an initial burn-in yields dependent draws from that posterior, from which any quantity of interest is computed as a sample average. Two building blocks suffice for choice models. Gibbs sampling cycles through the parameter blocks, drawing each from its full conditional distribution—exploiting conjugacy so that conditionals reduce to textbook draws. The Metropolis–Hastings step handles blocks that are not conjugate: a candidate is proposed and accepted with a probability that depends only on the likelihood and prior, never on the intractable normalizing constant. For probit and multinomial models, data augmentation restores conjugacy by sampling the latent utilities as additional unknowns. The full mechanics—including the acceptance ratio and one sampler sweep—are developed concretely in Section 41.1.7.

Key readings.


	Gelfand and Smith (1990) — the paper that launched modern applied MCMC by popularizing the Gibbs sampler for marginal-density computation. [F]

	Casella and George (1992) — the pedagogically standard, intuition-first introduction to Gibbs sampling. [F]

	Chib and Greenberg (1995) — the companion intuition-first treatment of Metropolis–Hastings; with Casella–George it is the canonical “learn MCMC” pair. [F]

	Gelman et al. (2013), Bayesian Data Analysis (book) — the reference text for the underlying theory. [F]



Debate. Subjective vs. objective priors; how much prior matters in hierarchical models; diagnosing convergence honestly (autocorrelation, multiple chains).



41.1.7 Week 7 — Hierarchical Bayes for heterogeneity (the heart of the course)

Topic. Hierarchical (multilevel) Bayesian models of consumer heterogeneity; shrinkage; individual-level posteriors for targeting.

Subtopics. The hierarchical normal prior over individual coefficients; random-effects logit/probit; borrowing strength; the value of individual-level inference; scale-usage and related nuisance heterogeneity.

Methods. Two-stage Gibbs for hierarchical logit/probit; posterior summaries at the individual level.

The mixing distribution g(𝛃∣𝛉)g(\boldsymbol{\beta}\mid\boldsymbol{\theta}) of Equation 41.8 is where heterogeneity lives, and treating it carefully is what separates a model that merely fits aggregate shares from one that supports targeting, segmentation, and individual-level prediction. The Bayesian hierarchy is the natural language for this. The key obstacle is that each consumer supplies only a handful of choices, far too few to estimate an individual taste vector 𝛃n\boldsymbol{\beta}_n on its own. The hierarchical model solves this by borrowing strength: it assumes individuals are drawn from a common population distribution and lets each person’s estimate shrink toward the population mean by an amount governed by how informative that person’s own data are. A three-level specification makes this concrete:

(likelihood)yni∣𝛃n∼Logit(𝐱ni⊤𝛃n),(heterogeneity / prior)𝛃n∼𝒩(𝛃‾,𝐕β),(hyperprior)𝛃‾∼𝒩(𝛍0,𝐀−1),𝐕β∼Inverse-Wishart(ν0,𝐕0).(41.9)
\begin{aligned}
\text{(likelihood)}\quad & y_{ni} \mid \boldsymbol{\beta}_n
   \ \sim\ \text{Logit}\big(\mathbf{x}_{ni}^{\top}\boldsymbol{\beta}_n\big), \\[2pt]
\text{(heterogeneity / prior)}\quad & \boldsymbol{\beta}_n
   \ \sim\ \mathcal{N}\big(\bar{\boldsymbol{\beta}},\, \mathbf{V}_\beta\big), \\[2pt]
\text{(hyperprior)}\quad & \bar{\boldsymbol{\beta}}
   \ \sim\ \mathcal{N}(\boldsymbol{\mu}_0,\, \mathbf{A}^{-1}), \qquad
   \mathbf{V}_\beta \ \sim\ \text{Inverse-Wishart}(\nu_0, \mathbf{V}_0).
\end{aligned}
 \qquad(41.9)

The middle line is exactly the mixing distribution of mixed logit, now read as a prior on each individual’s tastes whose parameters (𝛃‾,𝐕β)(\bar{\boldsymbol{\beta}}, \mathbf{V}_\beta) are themselves estimated. An individual with many observations is driven by the first line (their own data); an individual with few is pulled toward 𝛃‾\bar{\boldsymbol{\beta}} by the second. This shrinkage is not a regularization hack but the optimal pooling of individual and population information under the model, and it is the reason hierarchical Bayes recovers usable individual-level estimates from sparse data—the property that made it the standard estimator for choice-based conjoint and household-level demand (Rossi 2014b; W. Kamakura et al. 2005; Greg M. Allenby and Rossi 1998).








Why Bayesian, not just penalized likelihood?




The hierarchical structure could in principle be fit by maximizing a penalized likelihood (empirical Bayes), and for the population parameters the two agree asymptotically. The Bayesian apparatus earns its keep on the individual-level posteriors: it delivers a full posterior distribution for each 𝛃n\boldsymbol{\beta}_n—hence honest uncertainty for targeting decisions—and it sidesteps the simulated-likelihood maximization that is numerically fragile for high-dimensional mixing distributions. The cost is the construction and tuning of an MCMC sampler.








41.1.7.1 The MCMC engine

MCMC makes the hierarchy in Equation 41.9 estimable. Gibbs sampling cycles through the parameter blocks. Two of the three conditionals are conjugate and drawn directly: given the individual 𝛃n\boldsymbol{\beta}_n, the population mean 𝛃‾\bar{\boldsymbol{\beta}} has a normal full conditional and the covariance 𝐕β\mathbf{V}_\beta an inverse-Wishart full conditional—which is precisely why the normal–inverse-Wishart hyperprior is chosen. The Metropolis–Hastings step handles the non-conjugate individual logit block. A candidate 𝛃n⋆\boldsymbol{\beta}_n^{\star} is proposed (commonly by a random walk) and accepted with probability

α=min{1,p(yn∣𝛃n⋆)ϕ(𝛃n⋆∣𝛃‾,𝐕β)p(yn∣𝛃n)ϕ(𝛃n∣𝛃‾,𝐕β)}.(41.10)
\alpha = \min\!\left\{ 1,\ \frac{p(y_n \mid \boldsymbol{\beta}_n^{\star})\,
   \phi(\boldsymbol{\beta}_n^{\star} \mid \bar{\boldsymbol{\beta}}, \mathbf{V}_\beta)}
   {p(y_n \mid \boldsymbol{\beta}_n)\,
   \phi(\boldsymbol{\beta}_n \mid \bar{\boldsymbol{\beta}}, \mathbf{V}_\beta)} \right\}.
 \qquad(41.10)

The acceptance ratio depends only on the likelihood and prior, never on the intractable normalizing constant. For probit and multinomial models, data augmentation restores conjugacy by sampling the latent utilities UnjU_{nj} as additional unknowns (Chib, Seetharaman, and Strijnev 2002; McCulloch and Rossi 1994). Figure 41.2 sketches one sweep.
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Figure 41.2: One sweep of a hierarchical-Bayes Gibbs sampler for the choice model in equation (8). Conjugate blocks are drawn directly; the non-conjugate individual coefficients use a Metropolis-Hastings step. The loop repeats for thousands of iterations after burn-in.








Convergence is not automatic and must be checked. Standard diagnostics are the trace plot, the potential-scale-reduction factor R̂\hat R across multiple dispersed chains (values near 1.01.0 indicate convergence), and the effective sample size, which discounts the nominal draw count by autocorrelation (P. Chintagunta et al. 2006).



41.1.7.2 Worked example: hierarchical Bayes for brand choice

The following self-contained example simulates a choice-based experiment with heterogeneous consumers, fits a homogeneous logit and a hierarchical-Bayes mixed logit, and shows that the hierarchical model recovers the individual-level taste distribution the homogeneous model cannot see.


set.seed(50)

# ---- Simulate a choice-based conjoint / brand-choice experiment ----
n_consumers <- 200      # decision makers
n_tasks     <- 12       # choice tasks per consumer
n_alts      <- 3        # alternatives per task (brands A, B, C)
n_attr      <- 4        # intercepts for B and C, price, a feature dummy

# Population (hyper) parameters: mean tastes and heterogeneity covariance
beta_bar  <- c(brandB = 0.8, brandC = 0.4, price = -1.5, feature = 0.7)
V_beta    <- diag(c(0.5, 0.5, 0.4, 0.3))          # taste heterogeneity

# Draw individual-level tastes from the population distribution
library(MASS)
beta_i <- mvrnorm(n_consumers, mu = beta_bar, Sigma = V_beta)

# Build design matrices and simulate choices under the logit model
sim_one <- function(b) {
  Y <- integer(n_tasks); X_list <- vector("list", n_tasks)
  for (t in seq_len(n_tasks)) {
    price   <- runif(n_alts, 0, 1)                 # standardized price
    feature <- rbinom(n_alts, 1, 0.5)
    X <- cbind(brandB = c(0, 1, 0), brandC = c(0, 0, 1),
               price = price, feature = feature)
    v <- as.numeric(X %*% b)
    p <- exp(v) / sum(exp(v))
    Y[t] <- sample.int(n_alts, 1, prob = p)        # realized choice
    X_list[[t]] <- X
  }
  list(Y = Y, X = X_list)
}

data <- lapply(seq_len(n_consumers), function(i) sim_one(beta_i[i, ]))
cat("Simulated", n_consumers, "consumers x", n_tasks, "tasks.\n")
#> Simulated 200 consumers x 12 tasks.




A pooled logit that ignores heterogeneity recovers the population mean tastes reasonably but, by construction, says nothing about their spread.


# Negative log-likelihood for a homogeneous conditional logit
nll_logit <- function(b, data) {
  ll <- 0
  for (d in data) for (t in seq_along(d$Y)) {
    v <- as.numeric(d$X[[t]] %*% b)
    ll <- ll + (v[d$Y[t]] - log(sum(exp(v))))
  }
  -ll
}

fit_pooled <- optim(rep(0, n_attr), nll_logit, data = data,
                    method = "BFGS")
pooled <- setNames(round(fit_pooled$par, 3), names(beta_bar))
rbind(true_mean = beta_bar, pooled_logit = pooled)
#>              brandB brandC  price feature
#> true_mean     0.800  0.400 -1.500   0.700
#> pooled_logit  0.738  0.453 -1.244   0.594




Now the hierarchical-Bayes mixed logit. The sampler implements exactly the sweep of Figure 41.2: a random-walk Metropolis step for each consumer’s 𝛃n\boldsymbol{\beta}_n (the non-conjugate block, 15), a conjugate normal draw for the population mean 𝛃‾\bar{\boldsymbol{\beta}}, and a conjugate inverse-Wishart draw for the heterogeneity covariance 𝐕β\mathbf{V}_\beta.


# Log individual likelihood + log prior, up to a constant
log_post_i <- function(b, d, mu, Sig_inv) {
  ll <- 0
  for (t in seq_along(d$Y)) {
    v <- as.numeric(d$X[[t]] %*% b)
    ll <- ll + (v[d$Y[t]] - log(sum(exp(v))))
  }
  ll - 0.5 * as.numeric(t(b - mu) %*% Sig_inv %*% (b - mu))
}

R <- 4000; burn <- 2000; step <- 0.25          # MCMC controls
p <- n_attr
beta_draws <- array(0, dim = c(n_consumers, p),
                    dimnames = list(NULL, names(beta_bar)))   # current individual betas
mu_draw    <- rep(0, p)                            # current population mean
Sig_draw   <- diag(p)                              # current covariance
nu0 <- p + 3; V0 <- diag(p) * nu0                  # inverse-Wishart hyperprior
keep_mu <- matrix(0, R - burn, p)
keep_V  <- array(0, dim = c(R - burn, p, p))
acc <- 0

riwish <- function(nu, S) {                        # inverse-Wishart draw
  L <- chol(solve(S)); k <- nrow(S)
  Z <- matrix(rnorm(nu * k), nu, k) %*% t(L)
  solve(crossprod(Z))
}

for (r in seq_len(R)) {
  Sig_inv <- solve(Sig_draw)
  # (1) Metropolis-Hastings update of each consumer's beta
  for (i in seq_len(n_consumers)) {
    cur <- beta_draws[i, ]
    prop <- cur + rnorm(p, 0, step)
    la <- log_post_i(prop, data[[i]], mu_draw, Sig_inv) -
          log_post_i(cur,  data[[i]], mu_draw, Sig_inv)
    if (log(runif(1)) < la) { beta_draws[i, ] <- prop; acc <- acc + 1 }
  }
  # (2) Conjugate normal draw for population mean
  bbar <- colMeans(beta_draws)
  Vn   <- solve(n_consumers * Sig_inv + diag(p) * 1e-4)
  mu_draw <- as.numeric(Vn %*% (n_consumers * Sig_inv %*% bbar) +
                        t(chol(Vn)) %*% rnorm(p))
  # (3) Conjugate inverse-Wishart draw for covariance
  S <- V0 + crossprod(sweep(beta_draws, 2, mu_draw))
  Sig_draw <- riwish(nu0 + n_consumers, S)
  if (r > burn) { keep_mu[r - burn, ] <- mu_draw; keep_V[r - burn, , ] <- Sig_draw }
}

cat("MH acceptance rate:", round(acc / (R * n_consumers), 2), "\n")
#> MH acceptance rate: 0.66
hb_mean <- setNames(round(colMeans(keep_mu), 3), names(beta_bar))
rbind(true_mean = beta_bar, hb_posterior_mean = hb_mean)
#>                   brandB brandC  price feature
#> true_mean          0.800  0.400 -1.500   0.700
#> hb_posterior_mean  0.748  0.398 -1.497   0.721




The hierarchical posterior recovers not only the population means but the heterogeneity the pooled model discards—the diagonal of 𝐕β\mathbf{V}_\beta, which quantifies how widely price sensitivity and brand preference vary.


post_V_diag <- apply(keep_V, c(2, 3), mean)
recovered <- setNames(round(diag(post_V_diag), 3), names(beta_bar))
rbind(true_variance = diag(V_beta), hb_recovered = recovered)
#>               brandB brandC price feature
#> true_variance   0.50   0.50 0.400   0.300
#> hb_recovered    0.46   0.58 0.789   0.681





hist(keep_mu[, 3], breaks = 30, col = "grey80", border = "white",
     main = "Posterior: mean price coefficient",
     xlab = expression(bar(beta)[price]))
abline(v = beta_bar["price"], lwd = 2, lty = 2)
abline(v = mean(keep_mu[, 3]), lwd = 2)
legend("topright", c("true value", "posterior mean"),
       lty = c(2, 1), lwd = 2, bty = "n")
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Posterior distribution of the population mean price coefficient from the hierarchical-Bayes sampler (post-burn-in draws). The dashed line marks the true data-generating value; the spread is genuine posterior uncertainty, not noise.







With individual posteriors in hand the analyst can compute a distribution of willingness to pay for the feature—the ratio of the feature coefficient to the (negated) price coefficient for each consumer—rather than a single number, and can target the consumers whose posteriors place them above a profitability threshold.


# Willingness to pay for the feature, per consumer (posterior means of beta_i)
wtp <- beta_draws[, "feature"] / (-beta_draws[, "price"])
wtp <- wtp[is.finite(wtp) & wtp > 0]
summary(round(wtp, 2))
#>    Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#>  0.0100  0.3025  0.5000  0.8406  0.9400  6.0600




Key readings.


	Greg M. Allenby and Rossi (1998) — the manifesto for hierarchical-Bayes heterogeneity in marketing; argues for individual-level inference over representative-agent models. [F]

	Rossi, McCulloch, and Allenby (1996) — the template HB application: individual-level posteriors (shrinkage toward the population) raise the value of household data for targeting. [F]

	Greg M. Allenby and Lenk (1995) — an early, influential hierarchical choice model showing how heterogeneity reshapes substantive conclusions about loyalty and price sensitivity. [F]

	Rossi, Gilula, and Allenby (2001) — shows how hierarchical Bayes cleanly removes a pervasive nuisance (respondents using rating scales differently); a model template beyond choice. [F]



Debate. Continuous (HB) vs. discrete (latent-class/finite-mixture) heterogeneity; how much structure to put in the upper-level prior; whether individual posteriors are “real” or regularization artifacts.




41.1.8 Week 8 — Conjoint & preference measurement

Topic. Choice-based conjoint and preference measurement as the marketing-native application of HB choice models.

Subtopics. Partworth estimation via HB; reduced designs and borrowing strength; constrained/sign-restricted priors; heterogeneity-distribution choice; adaptive and efficient design.

Methods. HB conjoint estimation; experimental design for choice; holdout prediction.

The hierarchical estimator of Section 41.1.7 is the dominant tool for recovering individual partworths from conjoint designs in which each respondent answers far fewer profiles than there are parameters. The normal-mixing assumption is a modeling choice, not a fact: it cannot represent multimodal tastes (genuine segments), and a normally distributed price coefficient places positive probability on consumers who prefer higher prices. Remedies include log-normal or sign-constrained coefficients, finite mixtures of normals for true segments, and—where the analyst doubts any parametric form—nonparametric mixing. Identification is delicate, so model comparison and holdout validation (14) are essential rather than ornamental (P. Chintagunta et al. 2006).

Key readings.


	Lenk et al. (1996) — foundational HB conjoint: recovers heterogeneous partworths even when each respondent answers far fewer profiles than parameters. [F]

	Greg M. Allenby, Arora, and Ginter (1995) — shows how economically motivated (e.g., sign-constrained) priors improve partworth plausibility and prediction. [F]

	R. L. Andrews, Ansari, and Currim (2002) — the standard HB-vs-finite-mixture comparison; ties Week 7’s heterogeneity debate to a concrete conjoint application. [F]

	Train and Sonnier (2005) (see Section 41.1.5) — bounded/correlated partworth distributions for conjoint. [F]



Debate. Continuous vs. discrete heterogeneity in conjoint; constrained vs. unconstrained partworths; whether better designs or better priors matter more for small per-respondent samples.



41.1.9 Week 9 — Aggregate-data demand & integrating out heterogeneity

Topic. Random-coefficients logit demand from aggregate market shares (BLP); the Bayesian counterpart; the mechanics of integrating out heterogeneity and endogeneity.

Subtopics. The BLP contraction and GMM; the inversion from shares to mean utilities; instruments and price endogeneity; the Bayesian (Jiang–Manchanda–Rossi) approach; numerical reliability (MPEC).

Methods. GMM with the BLP contraction; MSM; Bayesian estimation from aggregate data; MPEC reformulation.

When individual choices are unobserved and only market shares are recorded, the random-coefficients demand system inverts shares to recover mean utilities and estimates the mixing distribution from share variation across markets (S. Berry, Levinsohn, and Pakes 1995b, 1995a)—the bridge between the consumer-level models of this chapter and industry-level demand analysis (Chapter 23), with active work on practical edge cases such as zero-share products (Dubé, Hortaçsu, and Joo 2021). The Bayesian counterpart integrates out heterogeneity from aggregate shares via MCMC.

Key readings.


	Steven T. Berry (1994b) — introduces the share-inversion that lets discrete-choice demand be estimated from aggregate data with endogenous prices. [F]

	S. Berry, Levinsohn, and Pakes (1995a) — the canonical BLP random-coefficients aggregate-demand model; the reference point for all market-share choice estimation. [F]

	R. Jiang, Manchanda, and Rossi (2009) — the Bayesian counterpart to BLP; shows how MCMC integrates out heterogeneity from aggregate shares. [F → R]

	Pradeep K. Chintagunta and Nair (2011a) — the marketing-specific synthesis of the whole discrete-choice demand toolkit; the natural anchor/overview citation. [F]

	Petrin (2002) — shows how BLP-style demand plus micro-moments yields welfare/counterfactual answers; a model application. [F]



Debate. GMM/BLP vs. Bayesian estimation of the same model; instrument validity and weak instruments; numerical fragility of the nested contraction (and MPEC as the fix, Dubé–Fox–Su, 10.3982/ecta8585).



41.1.10 Week 10 — Dynamics & state dependence

Topic. Dynamic choice: Bayesian learning, structural state dependence, and the central identification problem of distinguishing genuine persistence from unobserved heterogeneity.

Subtopics. Forward-looking vs. myopic consumers; Bayesian learning about brand attributes; habit/inertia/loyalty; the heterogeneity-vs-state-dependence confound; the initial-conditions problem.

Methods. Dynamic structural estimation; hierarchical Bayes with autocorrelated/lagged terms; careful identification design.

Key readings.


	Tülin Erdem and Keane (1996a) — the founding consumer-learning choice model: forward-looking Bayesian consumers learning brand quality from experience and advertising. [F → R]

	Keane (1997) — the methodological statement of the heterogeneity-vs-state-dependence identification problem; required reading for the debate. [F]

	Dubé, Hitsch & Rossi (2010), “State Dependence and Alternative Explanations for Consumer Inertia,” RAND J. Econ. 41(3):417–445, 10.1111/j.1756-2171.2010.00106.x — the modern resolution isolating genuine state dependence from persistent heterogeneity. [R]



Debate. Structural state dependence vs. spurious persistence from heterogeneity; forward-looking vs. reduced-form dynamics; how much the initial-conditions assumption drives results.



41.1.11 Week 11 — Model comparison: Bayes factors, DIC, WAIC, cross-validation

Topic. Comparing and checking Bayesian choice models.

Subtopics. Marginal likelihood and Bayes factors; sensitivity to priors (Lindley/Bartlett paradox); DIC and the effective number of parameters; WAIC; leave-one-out cross-validation (PSIS-LOO); posterior predictive checks.

Methods. Computing marginal likelihoods (Chib’s method); DIC/WAIC; LOO; posterior predictive checking.

Key readings.


	Kass and Raftery (1995) — the definitive treatment of Bayes factors for model comparison; sets up the marginal-likelihood approach and its prior sensitivity. [F]

	Spiegelhalter et al. (2002) — introduces DIC and the effective number of parameters; the most-used hierarchical-model comparison criterion in applied marketing. [F]

	Gelman, Hwang, and Vehtari (2014) — unifies AIC/DIC/WAIC and predictive evaluation; the modern conceptual map for choosing a criterion. [F → R]

	Vehtari, Gelman, and Gabry (2017) — the current practical standard (PSIS-LOO + WAIC) with the loo package; what students should actually run today. [R]



Debate. Bayes factors (and prior sensitivity) vs. predictive criteria (WAIC/LOO); DIC’s known pathologies; in-sample fit vs. holdout prediction as the right target for marketing models.



41.1.12 Week 12 — Hamiltonian Monte Carlo & Stan

Topic. Gradient-based MCMC and probabilistic programming as the modern default engine.

Subtopics. Why random-walk MH/Gibbs mix poorly in high dimensions; Hamiltonian dynamics; the No-U-Turn Sampler (NUTS); non-centered parameterization for hierarchical models; the Stan ecosystem.

Methods. Coding a hierarchical choice model in Stan; HMC/NUTS diagnostics (divergences, energy, R-hat, effective sample size); reparameterization.

Key readings.


	Carpenter et al. (2017) — the reference for Stan; the tool most students will use to fit hierarchical choice models going forward. [R]

	Hoffman & Gelman (2014), “The No-U-Turn Sampler,” Journal of Machine Learning Research 15:1593–1623 — JMLR, no Crossref DOI; cite by volume/pages. The NUTS algorithm underlying Stan’s sampler. [R]

	Gelman et al. (2013), Bayesian Data Analysis, HMC chapter (book) — textbook treatment. [F]



Debate. HMC/NUTS vs. problem-specific Gibbs samplers (speed vs. generality); when divergences signal a real modeling problem vs. a tuning problem; the centered/non-centered parameterization trade-off in hierarchical models.



41.1.13 Week 13 — Scalable & variational methods

Topic. Approximate Bayesian inference for large, high-dimensional, sparse marketing data.

Subtopics. Mean-field and structured variational inference; the ELBO; automatic differentiation variational inference (ADVI); stochastic/streaming variants; accuracy-vs-speed trade-offs; where VI fails for choice models.

Methods. Variational inference; ADVI in Stan/PyMC; diagnostics for approximate posteriors.

Key readings.


	Blei, Kucukelbir, and McAuliffe (2017) — the standard statistician-facing introduction to variational inference; the conceptual anchor for the scalable-methods week. [R]

	Ansari and Mela (2003) — a marketing exemplar of high-dimensional Bayesian modeling for personalization at scale; motivates why scalable inference matters. [F]

	S. Yang and Allenby (2003) — a Bayesian spatial-autoregressive choice model; shows how richer dependence structures (and the computation they demand) extend the hierarchical-choice toolkit. [F]

	Carpenter et al. (2017) (see Section 41.1.12) — Stan also implements ADVI, the bridge from HMC to VI. [R]



Debate. Variational approximation bias vs. MCMC accuracy; whether VI’s posterior uncertainties can be trusted for inference (vs. only point prediction); the encroachment of ML/deep methods on Bayesian choice modeling.



41.1.14 Week 14 — Synthesis, frontier & research design

Topic. Pulling the threads together; designing a choice-modeling research paper; the open frontier.

Subtopics. Matching estimator to question (closed-form vs. simulation vs. MCMC vs. VI); identification storytelling; replication and reproducibility (bayesm, Stan, loo); current frontiers—ML/Bayesian hybrids, text/image as choice covariates, privacy-constrained estimation, scalable personalization.

Methods. Referee report; replication-or-extension project presentation.

The recurring lesson across the semester is that the hard part of choice modeling is rarely the optimizer or the sampler; it is matching the model’s substitution structure and heterogeneity to the market and the decision at hand. Revealed- preference data suffer endogeneity (instruments and control functions, with their own pitfalls); stated-preference conjoint avoids price endogeneity by design at the cost of hypothetical bias; aggregate data require the BLP machinery of Section 41.1.9. A choice model’s in-sample fit is a weak guide—holdout prediction, recovery of known substitution patterns, and evidence that an IIA relaxation changes substantive conclusions are the operative tests (P. Chintagunta et al. 2006; Dubé, Hortaçsu, and Joo 2021).

Key readings. Student-selected frontier papers plus the field syntheses already assigned: Greg M. Allenby and Rossi (1998), Pradeep K. Chintagunta and Nair (2011a), and the Bayesian-marketing review Rossi & Allenby (2003), Marketing Science 22(3):304–328, 10.1287/mksc.22.3.304.17739. [R]

Debate. The whole-course tension: structural/behavioral interpretability vs. predictive flexibility; Bayesian vs. classical estimation of identical models; how much marketing’s choice-modeling tradition will be absorbed into machine learning.




41.2 Foundational vs. frontier at a glance









	Week
	Topic
	Status





	1
	RUM theory
	Foundational



	2
	Logit
	Foundational



	3
	IIA / GEV / nested
	Foundational



	4
	Probit & GHK simulation
	Foundational



	5
	Mixed / random-coefficients logit
	Foundational (bridges to frontier)



	6
	Bayesian foundations & MCMC
	Foundational



	7
	Hierarchical Bayes for heterogeneity
	Foundational (course core)



	8
	Conjoint / preference measurement
	Foundational application; design is frontier



	9
	Aggregate demand / integrating out heterogeneity
	Foundational → frontier



	10
	Dynamics & state dependence
	Foundational → frontier



	11
	Model comparison (Bayes factors / DIC / WAIC / LOO)
	Foundational (LOO/WAIC are the modern frontier)



	12
	HMC / Stan
	Frontier, now standard



	13
	Scalable & variational methods
	Frontier



	14
	Synthesis & research frontier
	Frontier / craft





Weeks 1–11 are the durable canon a chapter must cover; Weeks 12–14 are where the chapter dates fastest and needs the most active maintenance.



41.3 How this chapter expands


	Keep the spine fixed, refresh the engine. Weeks 1–11 (RUM → logit/GEV/probit → mixed logit → Bayesian/MCMC → HB → conjoint → aggregate demand → dynamics → model comparison) are stable for a generation. The computation weeks (12–13) turn over fastest; budget for revising them every edition as Stan, PyMC, JAX-based samplers, and normalizing-flow/amortized VI mature.

	Promote model comparison from afterthought to spine. WAIC/PSIS-LOO

	have already displaced DIC/Bayes factors in practice; future editions should foreground predictive evaluation and posterior predictive checking.




	Add a dedicated “ML × Bayesian choice” frontier section. As deep generative models, embeddings, and amortized inference enter choice modeling, Section 41.1.13 will likely split into (a) classical scalable Bayes (VI) and (b) neural/ML-hybrid choice models—pending verified, DOI-bearing papers.

	Grow the unstructured-data covariate strand. Text, image, audio, and video as inputs to choice increasingly fuse with this seminar; a future section can connect representation learning to RUM covariates.

	Track the privacy/identification frontier. Privacy-constrained and aggregated-data estimation pushes the field back toward the aggregate-demand methods of Section 41.1.9 and differential-privacy-aware Bayes—a natural growth area.

	Maintain the cross-references. This chapter shares readings with preference measurement (conjoint) and structural models (BLP, dynamics, MPEC). Keep shared entries synchronized rather than duplicated, and re-verify DOIs each edition.





41.4 Key Takeaways


	Discrete choice rests on random-utility theory (Equation 41.1): consumers maximize latent utility, only utility differences are identified, and the assumed distribution of the unobserved term determines the model.

	The conditional logit (Equation 41.3) is the closed-form workhorse but imposes IIA (Equation 41.6)—equal proportional cross-elasticities—which is behaviorally false whenever alternatives share unobserved attributes (the red-bus/blue-bus failure).

	Nested logit, probit, and mixed logit relax IIA by correlating the unobserved terms; mixed logit (Equation 41.8) is the most flexible and links substitution structure to consumer heterogeneity through a mixing distribution.

	Hierarchical Bayes (Equation 41.9) reads the mixing distribution as a prior and borrows strength across consumers, recovering usable individual-level tastes from sparse data—the foundation of conjoint partworth estimation and household targeting.

	MCMC—Gibbs for the conjugate population parameters, Metropolis–Hastings

	and data augmentation for the non-conjugate choice likelihood—estimates the hierarchy, but its draws are credible only after convergence diagnostics.




	In practice the binding constraints are data structure (endogeneity in revealed preference, hypothetical bias in stated preference), the decision the model serves, and out-of-sample validation—not the estimation algorithm.







42 Information Theory

Every marketing act is, at bottom, an act of communication: a firm encodes an intention—about quality, identity, price, or fit—into a signal, sends that signal through a noisy channel, and hopes a consumer decodes something close to what was sent. The discipline spends enormous sums on the encoding (creative, copy, design) and on buying the channel (media), yet the quantity that ultimately matters is how much uncertainty about the consumer’s eventual action the message resolves. That quantity—information, measured in bits—is not a metaphor. It is a precise, additive, model-free statistic with a century of theory behind it, and it gives marketing a common currency for problems that otherwise look unrelated: how surprising a brand name is, how much a segmentation variable tells us about response, how redundant two ad exposures are, and how much a recommendation system can possibly learn about a user.

This chapter develops that currency. We begin with Shannon (1948)’s model of communication and the single construct on which everything else rests—entropy, the average uncertainty in a random outcome. We then build the relational quantities marketing actually uses: mutual information (how much one variable tells us about another), relative entropy or Kullback–Leibler divergence (how costly it is to act on the wrong belief about a market), and the channel capacity that bounds how much any message can convey. Throughout, intuition leads and the formalism follows immediately and in full, with reproducible R for every estimator. The information-theoretic view recurs later in the book—in the surprise-driven account of virality (Chapter 27), in the attention economics of advertising (Chapter 13), and in the entropy-based diagnostics used for text and image data (Chapter 45)—so it earns a careful treatment here.








Scope and software




The worked examples use base R together with the philentropy package, which implements the standard distance and information measures over discrete distributions. We treat probabilities as known in the formal development and return to the harder problem—estimating these quantities from finite marketing data, where naive plug-in estimators are badly biased—in the section on estimation.








42.1 The Mathematical Theory of Communication

Shannon (1948) framed communication as a chain of five components: an information source that produces a message, a transmitter that encodes it into a signal, a channel that carries the signal and injects noise, a receiver that decodes, and a destination. Weaver, Shannon, et al. (1963), in the expository companion that popularized the theory, organized the problems of communication into three levels—the technical problem (how accurately can symbols be transmitted?), the semantic problem (how precisely do the transmitted symbols convey the intended meaning?), and the effectiveness problem (how effectively does the received meaning change conduct?). Marketing communication research lives mostly at the second and third levels, but Shannon’s theory, which solves the first, supplies the measurement scaffolding for all three (Severin, Tankard, et al. 1997). Figure 42.1 recasts this five-component chain in marketing terms.
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Figure 42.1: Shannon’s model of communication applied to marketing. The firm (source) encodes an intended position into a message; media (the channel) transmit it subject to competitive and contextual noise; the consumer (receiver) decodes a perception that drives action. Mutual information quantifies what survives the channel.








The crucial move is to treat the message as a random variable. Before the consumer is exposed, her eventual perception or action is uncertain; the message is informative exactly insofar as it reduces that uncertainty. Shannon’s contribution was to show that the average reduction in uncertainty has a unique measure—up to choice of units—satisfying a short list of intuitive axioms (continuity, monotonicity in the number of equally likely outcomes, and additivity over independent sub-choices). That measure is entropy.


“The fundamental problem of communication is that of reproducing at one point either exactly or approximately a message selected at another point.”

— Shannon (1948)





42.2 Entropy: The Measure of Uncertainty

Let XX be a discrete random variable taking values in a finite alphabet {x1,…,xn}\{x_1,\dots,x_n\} with probability mass function 𝐩X=(p1,…,pn)\mathbf{p}_X = (p_1,\dots,p_n), where pi=Pr(X=xi)p_i = \Pr(X = x_i). The entropy of XX is the expected value of the surprise of its outcomes, where the surprise of an outcome of probability pp is log(1/p)\log(1/p)—rare outcomes are surprising, certain outcomes are not. Formally,

H(𝐩X)=−∑i=1npilog2pi=𝔼[log21p(X)].(42.1)
H(\mathbf{p}_X) \;=\; -\sum_{i=1}^{n} p_i \log_2 p_i
\;=\; \mathbb{E}\!\left[\log_2 \frac{1}{p(X)}\right].
 \qquad(42.1)

Entropy is the average number of yes/no questions needed to pin down the value of XX under an optimal questioning strategy, and equivalently the minimum expected number of bits needed to encode XX without loss (Shannon 1948; Zwillinger 1995, 262). The base of the logarithm fixes only the unit: base 2 gives bits, base ee gives nats, and base 10 gives dits (or hartleys). Units convert by a constant factor, because for any bases aa and bb, logak=logab⋅logbk\log_a k = \log_a b \cdot \log_b k, so

Hb(X)=(logba)Ha(X).(42.2)
H_b(X) \;=\; (\log_b a)\, H_a(X).
 \qquad(42.2)

Two properties make entropy the right primitive. First, it depends only on the distribution of XX, not on the labels of the outcomes: relabeling brands does not change how hard the market is to predict. Second, it is maximized by the uniform distribution and minimized by a degenerate one:

0≤H(𝐩X)≤log2n,H(𝐩X)=log2n⇔X∼Uniform.
0 \;\le\; H(\mathbf{p}_X) \;\le\; \log_2 n, \qquad
H(\mathbf{p}_X) = \log_2 n \iff X \sim \mathrm{Uniform}.


A market in which all nn brands hold equal share is maximally uncertain (log2n\log_2 n bits); a monopolized market is perfectly predictable (0 bits). This is why entropy and its monotone transforms appear as concentration and diversity indices—the exponential of entropy, eHe^{H}, is the effective number of equally likely outcomes, a model-free analogue of the number of meaningful competitors.


42.2.1 The Binary Case

The simplest instance fixes intuition. If XX has two outcomes with 𝐩X=(p,1−p)\mathbf{p}_X = (p, 1-p), entropy reduces to the binary entropy function

Hb(p)=−plog2p−(1−p)log2(1−p),(42.3)
H_b(p) \;=\; -p\log_2 p - (1-p)\log_2(1-p),
 \qquad(42.3)

which is symmetric about p=12p = \tfrac{1}{2}, equals 00 at p∈{0,1}p \in \{0,1\} (a sure outcome carries no information), and peaks at exactly 11 bit when p=12p = \tfrac{1}{2} (a fair coin is maximally uncertain). A churn flag, a click/no-click outcome, or a buy/no-buy decision is a Bernoulli draw whose predictive difficulty is summarized by this curve: a campaign that pushes a 50/50 audience toward 90/10 has removed 1−Hb(0.1)≈0.531 - H_b(0.1) \approx 0.53 bits of uncertainty about who will convert.


H_binary <- function(p) {
  # 0 log 0 := 0 by continuity; guard the endpoints
  ifelse(p == 0 | p == 1, 0, -p * log2(p) - (1 - p) * log2(1 - p))
}

p_grid <- seq(0, 1, length.out = 200)
plot(p_grid, H_binary(p_grid), type = "l", lwd = 2,
     xlab = "p = Pr(X = 1)", ylab = "H(p)  [bits]")
abline(v = 0.5, lty = 3); abline(h = 1, lty = 3)
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The binary entropy function Hb(p)H_b(p) in bits. Uncertainty is maximal (1 bit) at p=0.5p=0.5 and vanishes at the certain outcomes p∈{0,1}p \in \{0,1\}.







For a general (non-binary) distribution, the philentropy package computes 16 directly. The example below uses a skewed ten-outcome distribution, whose entropy lies strictly below the uniform maximum of log210≈3.32\log_2 10 \approx 3.32 bits.


library(philentropy)
Prob <- (1:10) / sum(1:10)   # a skewed 10-outcome distribution
H(Prob)                      # Shannon entropy, in bits
#> [1] 3.103643
log2(10)                     # uniform maximum for comparison
#> [1] 3.321928







42.3 Mutual Information: How Much One Variable Tells Us About Another

Marketing rarely cares about a single variable in isolation; it cares about association—does knowing a consumer’s segment tell us anything about her response? The information-theoretic answer is mutual information, the reduction in uncertainty about YY from learning XX (equivalently, about XX from learning YY; the quantity is symmetric). Let XX and YY have joint distribution 𝐩X×Y\mathbf{p}_{X\times Y} with marginals 𝐩X\mathbf{p}_X and 𝐩Y\mathbf{p}_Y. Then

I(X;Y)=H(𝐩X)+H(𝐩Y)−H(𝐩X×Y)=∑i=1n∑j=1mp(xi,yj)log2p(xi,yj)p(xi)p(yj).(42.4)
I(X;Y) \;=\; H(\mathbf{p}_X) + H(\mathbf{p}_Y) - H(\mathbf{p}_{X\times Y})
\;=\; \sum_{i=1}^{n}\sum_{j=1}^{m}
   p(x_i,y_j)\,\log_2 \frac{p(x_i,y_j)}{p(x_i)\,p(y_j)}.
 \qquad(42.4)

The first form is an inclusion–exclusion identity: the information shared by XX and YY is what their separate uncertainties double-count once they are observed jointly. The second form reveals what mutual information is—the relative entropy (defined below) between the true joint distribution and the product of marginals that would obtain under independence. It therefore measures how far XX and YY are from independent, and it has the defining properties

I(X;Y)≥0,I(X;Y)=0⇔X⟂Y,I(X;X)=H(X).
I(X;Y) \;\ge\; 0, \qquad I(X;Y) = 0 \iff X \perp Y, \qquad I(X;X) = H(X).


The last identity—self-information equals entropy—says a variable tells us everything about itself, namely its own entropy. Unlike Pearson correlation, mutual information detects any statistical dependence, linear or not, which makes it a natural screening statistic for nonlinear feature selection, for quantifying how diagnostic a targeting variable is, and for measuring the redundancy between two media exposures.1


P_x  <- (1:10)  / sum(1:10)     # marginal P(X)
P_y  <- (20:29) / sum(20:29)    # marginal P(Y)
P_xy <- (1:10)  / sum(1:10)     # joint P(X, Y)
MI(P_x, P_y, P_xy)              # mutual information, in bits
#> [1] 3.311973






42.4 Relative Entropy: The Cost of the Wrong Belief

Suppose a manager believes the market follows distribution qq when it truly follows pp—she has mis-segmented, mis-forecast demand, or trained a model on a stale population. How costly is that error, measured in the only currency we have, bits? The answer is the relative entropy, or Kullback–Leibler (KL) divergence, of pp from qq:

DKL(p∥q)=∑xp(x)log2p(x)q(x),(42.5)
D_{\mathrm{KL}}(p \,\|\, q) \;=\; \sum_{x} p(x)\,\log_2 \frac{p(x)}{q(x)},
 \qquad(42.5)

with the conventions 0log0q=00\log\tfrac{0}{q}=0 and plogp0=∞p\log\tfrac{p}{0}=\infty. DKL(p∥q)D_{\mathrm{KL}}(p\,\|\,q) is the expected number of extra bits incurred by coding outcomes drawn from pp using a code optimized for qq—the avoidable inefficiency of acting on the wrong model. It satisfies Gibbs’ inequality,

DKL(p∥q)≥0,DKL(p∥q)=0⇔p=q,
D_{\mathrm{KL}}(p \,\|\, q) \;\ge\; 0, \qquad
D_{\mathrm{KL}}(p \,\|\, q) = 0 \iff p = q,


so the truth is always (weakly) the most efficient belief to hold. Two cautions matter in practice. First, KL divergence is not a metric: it is asymmetric, DKL(p∥q)≠DKL(q∥p)D_{\mathrm{KL}}(p\,\|\,q) \neq D_{\mathrm{KL}}(q\,\|\,p) in general, and violates the triangle inequality. Which direction to use is a modeling decision—the “forward” divergence DKL(p∥q)D_{\mathrm{KL}}(p\,\|\,q) penalizes a belief qq that places little mass where pp is large (missing real demand), whereas the “reverse” divergence penalizes qq that spreads mass where pp is zero (chasing phantom demand). Second, it is unbounded and undefined when qq assigns zero probability to an outcome that actually occurs, which is precisely why symmetrized, bounded alternatives are often preferred for comparing market structures.








Connection to mutual information and likelihood




Mutual information is exactly the KL divergence between the joint distribution and the independence benchmark: I(X;Y)=DKL(pX×Y∥pXpY)I(X;Y) = D_{\mathrm{KL}}\!\big(p_{X\times Y} \,\|\, p_X\, p_Y\big). And KL divergence is the population analogue of the log-likelihood ratio: maximizing a log-likelihood is, asymptotically, minimizing the KL divergence between the data’s true distribution and the fitted model. Information theory and maximum-likelihood estimation are two views of the same object.








42.4.1 Symmetrized and Bounded Divergences

When the task is to compare two empirical distributions—two creative variants’ click profiles, two cities’ category-share vectors, this month’s versus last month’s search-term mix—analysts usually want a symmetric, finite measure. The Jensen–Shannon (JS) divergence averages each distribution against their mixture m=12(p+q)m = \tfrac{1}{2}(p+q):

JSD(p∥q)=12DKL(p∥m)+12DKL(q∥m),m=12(p+q).(42.6)
\mathrm{JSD}(p \,\|\, q) \;=\;
\tfrac{1}{2} D_{\mathrm{KL}}(p \,\|\, m) + \tfrac{1}{2} D_{\mathrm{KL}}(q \,\|\, m),
\qquad m = \tfrac{1}{2}(p + q).
 \qquad(42.6)

Because mm has support wherever either pp or qq does, JS divergence is always finite; it is symmetric by construction; it is bounded in [0,1][0,1] bits; and its square root is a true metric on the space of distributions. The three measures sit in a clear hierarchy, summarized in Table 42.1.




Table 42.1: Divergence measures for comparing marketing distributions. KL is the inferential primitive but ill-behaved as a distance; Jensen–Shannon is the preferred symmetric, bounded comparison; the generalized form extends it to a weighted ensemble of distributions.













	Measure
	Formula
	Symmetric?
	Bounded?
	Metric?
	Typical marketing use





	KL divergence
	∑xplogpq\sum_x p\log\frac{p}{q}
	No
	No
	No
	Coding/inference cost of a wrong model; basis of likelihood



	Jensen–Shannon
	12DKL(p∥m)+12DKL(q∥m)\tfrac12 D_{\mathrm{KL}}(p\|m)+\tfrac12 D_{\mathrm{KL}}(q\|m)
	Yes
	[0,1][0,1] bit
	⋅\sqrt{\cdot} is
	Comparing two empirical distributions (segments, periods)



	Generalized JS
	weighted ∑kπkDKL(pk∥p‾)\sum_k \pi_k D_{\mathrm{KL}}(p_k\|\bar p)
	Yes
	Yes
	—
	Dispersion across ≥3\ge 3 distributions (e.g., regional mixes)











# Two campaign click-profiles over five creative slots
p <- c(0.30, 0.25, 0.20, 0.15, 0.10)
q <- c(0.10, 0.15, 0.20, 0.25, 0.30)

# Asymmetry of KL: the two directions differ
KL_pq <- suppressMessages(KL(rbind(p, q), unit = "log2"))
KL_qp <- suppressMessages(KL(rbind(q, p), unit = "log2"))

# Jensen-Shannon: symmetric and bounded in [0, 1] bits
JSD_pq <- suppressMessages(JSD(rbind(p, q), unit = "log2"))

c(KL_p_to_q = as.numeric(KL_pq),
  KL_q_to_p = as.numeric(KL_qp),
  JSD       = as.numeric(JSD_pq))
#>  KL_p_to_q  KL_q_to_p        JSD 
#> 0.39068906 0.39068906 0.09371515







42.5 Joint and Conditional Entropy

To reason about messages and responses together we need the entropy of pairs. The joint entropy of (X,Y)(X,Y) is the uncertainty in the pair,

H(X,Y)=−∑i=1n∑j=1mp(xi,yj)log2p(xi,yj),(42.7)
H(X,Y) \;=\; -\sum_{i=1}^{n}\sum_{j=1}^{m}
   p(x_i,y_j)\,\log_2 p(x_i,y_j),
 \qquad(42.7)

and the conditional entropy H(Y∣X)H(Y\mid X) is the uncertainty that remains in YY once XX is known,

H(Y∣X)=−∑i=1n∑j=1mp(xi,yj)log2p(xi,yj)p(xi).(42.8)
H(Y\mid X) \;=\; -\sum_{i=1}^{n}\sum_{j=1}^{m}
   p(x_i,y_j)\,\log_2 \frac{p(x_i,y_j)}{p(x_i)}.
 \qquad(42.8)

These are bound together by the chain rule and its multivariate extension,

H(X,Y)=H(X)+H(Y∣X)=H(Y)+H(X∣Y),H(X1,…,Xn)=∑i=1nH(Xi∣Xi−1,…,X1),(42.9)
H(X,Y) = H(X) + H(Y\mid X) = H(Y) + H(X\mid Y), \qquad
H(X_1,\dots,X_n) = \sum_{i=1}^{n} H(X_i \mid X_{i-1},\dots,X_1),
 \qquad(42.9)

which simply says the total uncertainty of a sequence is the running sum of each variable’s new uncertainty given everything before it. The remaining structural facts follow directly and have clean marketing readings:


	Conditioning cannot increase entropy: 0≤H(Y∣X)≤H(Y)0 \le H(Y\mid X) \le H(Y). Observing a covariate XX never makes the response YY more uncertain on average—at worst it is uninformative.

	Independence is the equality case: if X⟂YX \perp Y then H(Y∣X)=H(Y)H(Y\mid X) = H(Y) and H(X,Y)=H(X)+H(Y)H(X,Y) = H(X) + H(Y); a segmentation variable independent of response buys no predictive power.

	Subadditivity: H(X1,…,Xn)≤∑iH(Xi)H(X_1,\dots,X_n) \le \sum_i H(X_i), with equality iff the variables are mutually independent. Correlated touchpoints carry redundant information; their joint entropy falls short of the sum of their marginals by exactly the total mutual information among them.



The first two of these connect the entropy quantities to mutual information through the identity I(X;Y)=H(Y)−H(Y∣X)=H(X)−H(X∣Y)I(X;Y) = H(Y) - H(Y\mid X) = H(X) - H(X\mid Y): mutual information is the drop in entropy from conditioning, which is why it is non-negative and why it vanishes precisely under independence.


P_xy <- (1:10) / sum(1:10)     # a joint distribution P(X, Y)
JE(P_xy)                       # joint entropy  H(X, Y)
#> [1] 3.103643

P_x <- (1:10) / sum(1:10)
P_y <- (1:10) / sum(1:10)
CE(P_x, P_y)                   # conditional entropy  H(X | Y)
#> [1] 0











Continuous (differential) entropy




For a continuous random vector 𝐗∈ℝd\mathbf{X} \in \mathbb{R}^d with density p(𝐱)p(\mathbf{x}), the analogue of 16 is the differential entropy h(𝐗)=−∫ℝdp(𝐱)logp(𝐱)d𝐱h(\mathbf{X}) = -\int_{\mathbb{R}^d} p(\mathbf{x})\log p(\mathbf{x})\,d\mathbf{x}. Differential entropy retains the chain rule and the form of relative entropy— DKL(p∥q)=∫p(𝐱)logp(𝐱)q(𝐱)d𝐱D_{\mathrm{KL}}(p\,\|\,q) = \int p(\mathbf{x})\log\frac{p(\mathbf{x})}{q(\mathbf{x})}\,d\mathbf{x}— but loses two properties of the discrete case: it can be negative, and it is not invariant to a change of variables (rescaling 𝐗\mathbf{X} shifts hh by the log-Jacobian). Mutual information, being a difference of entropies, is invariant and non-negative even in the continuous case, which is why it, rather than raw differential entropy, is the quantity to report when variables are continuous.









42.6 Channel Capacity: The Ceiling on Any Message

How much can a message possibly convey? Model the medium as a discrete memoryless channel: an input symbol XX enters, and a corrupted output YY emerges according to a fixed transition law p(y∣x)p(y\mid x) that captures the channel’s noise—ad clutter, competitive interference, imperfect attention, mis-decoded positioning. The receiver’s information about the input is I(X;Y)I(X;Y), which depends both on the channel and on how the sender chooses to use it, i.e., on the input distribution p(x)p(x). The channel capacity is the best the sender can do, optimizing over input distributions:

C=maxp(x)I(X;Y).(42.10)
C \;=\; \max_{p(x)} \; I(X;Y).
 \qquad(42.10)

Capacity is the maximum rate, in bits per use of the channel, at which information can be transmitted with arbitrarily small error—a hard ceiling no creative execution can beat. The reading for marketing is structural rather than literal: a cluttered, low-attention medium has small capacity, so even a perfect message delivers little; a high-fidelity, high-attention context (a chosen search query, an owned app) has large capacity, so the same message lands. Capacity makes precise the intuition that channel choice bounds message effectiveness, and it frames the Weaver, Shannon, et al. (1963) effectiveness problem as one of allocating scarce informational bandwidth to the messages that most reduce uncertainty about profitable action.



42.7 Estimating Information Quantities From Data

The formulas above assume the probabilities are known. In practice we estimate them from a finite sample, and the obvious plug-in estimator—compute empirical frequencies p̂i=ni/N\hat p_i = n_i/N and substitute into 16—is systematically biased downward: with finite data we under-observe rare outcomes, the empirical distribution looks more concentrated than the truth, and estimated entropy falls short of HH. The bias is of order (K−1)/(2Nln2)(K-1)/(2N\ln 2) bits for an alphabet of KK outcomes and NN observations, so it is worst exactly when it bites hardest in marketing—high-cardinality variables (SKUs, search terms, ZIP codes) observed in modest samples. Mutual information inherits the problem and is biased upward, making independent variables appear spuriously associated; this is why a raw MI screen will rank a high-cardinality noise variable above a genuine low-cardinality predictor unless corrected.

Three practical defenses follow, and a careful analyst applies them before reporting any information statistic:


	Bias correction. Apply the Miller–Madow correction ĤMM=Ĥplug-in+(K̂−1)/(2Nln2)\hat H_{\text{MM}} = \hat H_{\text{plug-in}} + (\hat K - 1)/(2N\ln 2), where K̂\hat K is the number of observed outcomes, or use a Bayesian/shrinkage estimator that regularizes the cell probabilities toward uniform.

	Permutation calibration. To test whether an estimated I(X;Y)I(X;Y) exceeds what finite-sample bias alone would produce, recompute it on many random permutations of YY (which destroys any true dependence) and compare the observed value to that null distribution.

	Binning discipline. For continuous variables, the estimate depends on how values are discretized; report sensitivity to bin width, or use a discretization-free estimator (e.g., nearest-neighbor methods), rather than treating one arbitrary histogram as ground truth.



The simulation below makes the plug-in bias visible: two independent variables have true mutual information I(X;Y)=0I(X;Y)=0, yet the plug-in estimate is reliably positive, and grows with the alphabet size.


set.seed(11)

# Plug-in mutual information (in bits) for two independent categorical variables
plugin_mi <- function(n, K) {
  x <- sample(K, n, replace = TRUE)        # X and Y are independent by construction
  y <- sample(K, n, replace = TRUE)
  joint  <- table(x, y) / n
  px <- rowSums(joint); py <- colSums(joint)
  outer_pxpy <- outer(px, py)
  nz <- joint > 0
  sum(joint[nz] * log2(joint[nz] / outer_pxpy[nz]))   # true value is 0
}

# Average plug-in estimate across replications, for two alphabet sizes
sims <- expand.grid(K = c(5, 20), rep = 1:200)
sims$mi <- mapply(function(K) plugin_mi(n = 200, K = K), sims$K)
aggregate(mi ~ K, data = sims, FUN = mean)   # both should be 0; both are > 0
#>    K         mi
#> 1  5 0.05672709
#> 2 20 1.31054969




The estimate is positive for both alphabets and larger for the high-cardinality case, exactly as the (K−1)/(2Nln2)(K-1)/(2N\ln 2) bias term predicts. Any information-based feature ranking that ignores this will over-reward granular variables.



42.8 Why Information Theory Earns Its Place in Marketing

Information theory supplies marketing with a small set of model-free quantities that recur across otherwise unrelated problems. Entropy measures uncertainty and, through its exponential, the effective number of competitors or choices—turning concentration and diversity into one statistic. Mutual information measures association of any functional form, giving a principled target-selection and redundancy criterion that Pearson correlation cannot match. Relative entropy prices the cost of holding the wrong model of a market and links directly to maximum-likelihood estimation, while its symmetric Jensen–Shannon variant gives a well-behaved distance between empirical distributions. Channel capacity bounds what any message can achieve and reframes media choice as bandwidth allocation. The unifying idea—that the value of a communication is the uncertainty it resolves about profitable action—travels far beyond this chapter, surfacing wherever marketing must quantify surprise, diagnosticity, or redundancy in data.



42.9 Key Takeaways


	Communication is uncertainty reduction. Shannon (1948)’s model and Weaver, Shannon, et al. (1963)’s three-level taxonomy frame marketing messages as signals whose worth is the information they convey about consumer response.

	Entropy is the primitive. H(𝐩X)=−∑ipilog2piH(\mathbf{p}_X) = -\sum_i p_i\log_2 p_i

	is bounded by log2n\log_2 n, maximized under uniformity, and its exponential is the effective number of outcomes.




	Mutual information measures any dependence. I(X;Y)≥0I(X;Y)\ge 0 with equality iff X⟂YX \perp Y (Equation 42.4); it equals the KL divergence from independence and detects nonlinear association invisible to correlation.

	KL divergence prices wrong beliefs but is not a distance—asymmetric and unbounded; use Jensen–Shannon (Equation 42.6) to compare empirical distributions.

	Channel capacity bounds message effectiveness (Equation 42.10): channel choice sets a ceiling no creative can exceed.

	Estimate with care. Plug-in entropy is biased low and plug-in mutual information biased high; correct the bias and calibrate against a permutation null before trusting any information statistic.













1. The pointwise summand log2(p(x,y)/[p(x)p(y)])\log_2\!\big(p(x,y)/[p(x)p(y)]\big) is the pointwise mutual information (PMI) of the pair (x,y)(x,y). PMI is the workhorse of computational linguistics, where it scores how much more often two words co-occur than chance would predict; it underlies collocation extraction and the word-association measures used in marketing text analytics (Chapter 45). Mutual information is simply the expectation of PMI under the joint distribution.





43 Text as Data

Most of what consumers tell firms is now written down. Product reviews, social-media posts, search queries, customer-service chats, call-center transcripts, open-ended survey responses, and the firm’s own filings constitute a stream of unstructured text that dwarfs the structured panels marketing science was built on. Text as data is the program of turning that stream into quantities a model can ingest: counts, vectors, topic loadings, sentiment scores, extracted entities. The premise is that language carries measurable information about constructs marketers care about—product quality, brand sentiment, unmet needs, persuasion, emotion—and that this information can be recovered at scale, cheaply, and in near real time (Netzer and Srinivasan 2011; Hartmann et al. 2023a). Text is the most developed branch of the broader unstructured-data program in marketing (Balducci and Marinova 2018), and three methodological reviews now anchor it: J. Berger et al. (2020b) survey how text becomes marketing insight across the field’s subdisciplines, Humphreys and Wang (2018) lay out automated text analysis as a measurement workflow for consumer research, and Hartmann et al. (2023a) carry the program into the era of large language models. This chapter follows the capture–represent–analyze–validate spine those reviews share, laid out in this part’s introduction.

The promise is genuine but the discipline is unforgiving. Text is high-dimensional, sparse, and context-dependent; the same word means different things in different sentences, and the same meaning is expressed in countless surface forms. Every step of a text pipeline—how a document is represented, which model maps that representation to a target, how the output is validated—embeds assumptions that can quietly determine the answer. A sentiment lexicon that scores tokens at face value will misread sarcasm (Chapter 44); a topic model with the wrong number of topics will split or merge constructs; a classifier trained on one platform will degrade on another. Treating text as data therefore means treating measurement seriously: defining the construct first, choosing a representation whose assumptions are defensible for that construct, and validating against ground truth before any downstream regression is run.

This chapter develops the pipeline in the order a working researcher confronts it. It begins with representation—how to turn a document into a vector, from the bag-of-words and its term-weighting refinements through dense neural embeddings. It then covers unsupervised discovery via topic models, the marketing workhorse being latent Dirichlet allocation and its supervised and structural descendants. From there it turns to measurement of attitudes—sentiment, emotion, and the harder problem of stance—and to supervised text classification, where a labeled sample trains a map from text to category. It closes with large-language-model (LLM) extraction, the current frontier, in which a general-purpose model is prompted to read documents and emit structured fields, and with the validation and identification problems that recur across all of these methods. Throughout, the marketing applications are concrete: mining reviews for quality and demand signals, listening to social media for brand health, and extracting structure from sales and service calls.


43.1 The Text-as-Data Pipeline

Before any method, it helps to fix the shape of the problem. A corpus is a collection of NN documents {d1,…,dN}\{d_1,\dots,d_N\}; a document is a sequence of tokens drawn from a vocabulary VV of size |V||V|. The analyst’s job is to map each document to a representation 𝐱i∈ℝp\mathbf{x}_i \in \mathbb{R}^p and then to a target—a topic distribution, a sentiment score, a category label, or an extracted field. The generic pipeline runs in four stages (Figure 43.1), and most of the consequential modeling choices are made in the first two, not the last.
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Figure 43.1: The text-as-data pipeline. Representation and modeling choices made early (left) constrain everything downstream; validation against human labels closes the loop.








Preprocessing is the unglamorous step that fixes the unit of analysis: lowercasing, tokenization, removal of stop words (high-frequency function words such as the, of, and that carry little topical content), stemming or lemmatization (collapsing inflected forms to a root), and pruning rare tokens. Each choice trades information against noise and is not innocuous—stemming running, runs, and ran to run helps a topic model but destroys tense information a stance model might need. The guiding principle is that preprocessing should be chosen to preserve the signal for the specific construct being measured, not applied as a reflex.



43.2 Representing Text

A model cannot consume words; it consumes vectors. How a document becomes a vector is the first and most consequential modeling decision, because the representation fixes what the model can possibly learn. Three families dominate, in increasing order of expressiveness and opacity: the bag-of-words, term-weighted variants such as TF-IDF, and dense embeddings.


43.2.1 The Bag-of-Words

The bag-of-words (BoW) representation discards word order and records only which terms appear and how often. Document did_i becomes a vector of term counts over the vocabulary, 𝐱i=(ci1,ci2,…,ci|V|),cij=#{occurrences of term j in di},(43.1)
\mathbf{x}_i = (c_{i1}, c_{i2}, \dots, c_{i|V|}), \qquad
c_{ij} = \#\{\text{occurrences of term } j \text{ in } d_i\},
 \qquad(43.1) and the corpus becomes a sparse N×|V|N \times |V| document–term matrix (DTM). The modeling assumption is exchangeability: a document is treated as an unordered multiset of words, so “service slow but food great” and “food slow but service great” map to the same vector even though they say opposite things. This is plainly false about language, yet it is a workable approximation for tasks that depend on topical composition rather than syntax, and it underpins the entire family of count-based topic models in Section 43.3.

The BoW’s virtues are transparency and tractability: every dimension corresponds to a human-readable term, and the resulting matrix, though wide, is sparse and amenable to linear methods. Its costs are equally clear. Word order is gone, so negation (“not good”) and figurative inversion (Chapter 44) are invisible. Dimensionality equals vocabulary size, which grows with corpus size, producing the curse of dimensionality: in ℝ|V|\mathbb{R}^{|V|} almost every pair of documents is nearly orthogonal, and naive distances become uninformative. And the representation is context-free—bank (river) and bank (finance) collapse to one dimension. Partial remedies include nn-grams (contiguous token sequences of length nn, so bigrams recover local phrases like “not good”) and collocation detection, but these inflate dimensionality further without solving the underlying context problem.



43.2.2 Term Weighting and TF-IDF

Raw counts overweight ubiquitous words. A term appearing in every document discriminates between none of them, however frequent. Term frequency–inverse document frequency (TF-IDF) corrects this by reweighting each count by how distinctive the term is across the corpus. Let tfij\mathrm{tf}_{ij} be the frequency of term jj in document ii and let dfj=#{i:cij>0}\mathrm{df}_j = \#\{i : c_{ij} > 0\} be the number of documents containing term jj. The TF-IDF weight is wij=tfij×logNdfj,(43.2)
w_{ij} \;=\; \mathrm{tf}_{ij} \times \log\!\frac{N}{\mathrm{df}_j},
 \qquad(43.2) where the second factor, the inverse document frequency, is large for rare terms and approaches zero for terms appearing in every document. The construction has an information-theoretic reading: log(N/dfj)\log(N/\mathrm{df}_j) is, up to a constant, the self-information of observing term jj under a uniform document-occurrence model, so TF-IDF upweights surprising terms (Shannon 1948; Weaver, Shannon, et al. 1963). In practice term frequency is often dampened (e.g., 1+logtfij1 + \log \mathrm{tf}_{ij}) to keep a term that appears fifty times from counting fifty times as much as one appearing once, and the resulting document vectors are length-normalized so that comparisons do not merely reflect document length.

The natural similarity measure on TF-IDF vectors is the cosine similarity, sim(di,dk)=𝐰i⊤𝐰k‖𝐰i‖‖𝐰k‖,(43.3)
\mathrm{sim}(d_i, d_k) = \frac{\mathbf{w}_i^{\top} \mathbf{w}_k}
{\lVert \mathbf{w}_i \rVert \, \lVert \mathbf{w}_k \rVert},
 \qquad(43.3) which measures the angle between document vectors and is invariant to length. Cosine similarity over TF-IDF is the backbone of information retrieval and of marketing applications that need a map of how products, brands, or texts relate—Netzer and Srinivasan (2011) build exactly such a similarity structure from online forum text to recover a market’s competitive map, inferring which brands consumers mention together and how the perceptual structure of a category is organized. The following code builds a DTM, applies TF-IDF weighting, and computes the pairwise cosine similarity of a small set of reviews.


set.seed(49)
reviews <- c(
  "battery life is short the phone dies fast and charging is slow",
  "great camera the photos are sharp and the screen is bright",
  "the battery drains quickly and charging takes forever",
  "excellent screen and the camera takes beautiful sharp photos"
)

# 1. Tokenize and build a document-term matrix (bag-of-words counts)
stop_words <- c("is", "the", "and", "are", "a", "of")
tokens <- lapply(strsplit(tolower(reviews), "\\s+"),
                 function(w) w[!w %in% stop_words])
vocab  <- sort(unique(unlist(tokens)))
dtm <- t(sapply(tokens, function(w)
  as.integer(table(factor(w, levels = vocab)))))
colnames(dtm) <- vocab

# 2. TF-IDF weighting  (eq-tfidf): tf * log(N / df)
N  <- nrow(dtm)
df <- colSums(dtm > 0)
idf <- log(N / df)
tfidf <- sweep(dtm, 2, idf, `*`)

# 3. Cosine similarity (eq-cosine) between documents
norms <- sqrt(rowSums(tfidf^2))
cosine <- (tfidf %*% t(tfidf)) / outer(norms, norms)
round(cosine, 2)
#>      [,1] [,2] [,3] [,4]
#> [1,]  1.0 0.00 0.10 0.00
#> [2,]  0.0 1.00 0.00 0.32
#> [3,]  0.1 0.00 1.00 0.07
#> [4,]  0.0 0.32 0.07 1.00




The similarity matrix recovers the latent structure a human would: reviews 1 and 3 (both about battery and charging) are close, as are reviews 2 and 4 (both about camera and screen), while across-theme pairs are nearly orthogonal—exactly the perceptual map logic at scale.


TF-IDF is not a model of language; it is a model of distinctiveness. It will rank a term as informative whenever it is rare in the corpus, regardless of whether rarity tracks meaning. In a corpus of camera reviews, “camera” carries near-zero IDF and disappears—useful for retrieval, fatal if “camera” is the construct of interest. The corpus defines the contrast; choose it deliberately.





43.2.3 Dimensionality Reduction

Even weighted, the DTM is wide and collinear: synonyms (“photo”, “picture”, “image”) load on separate dimensions that mean the same thing. Latent semantic analysis (LSA) compresses the DTM by a truncated singular value decomposition, 𝐗≈𝐔k𝚺k𝐕k⊤\mathbf{X} \approx \mathbf{U}_k \boldsymbol{\Sigma}_k \mathbf{V}_k^{\top}, projecting documents into a kk-dimensional semantic space in which synonymous terms collapse onto shared directions. LSA is the linear-algebraic ancestor of the topic models in Section 43.3 and of the embeddings in Section 43.2.4: all three answer the same complaint—that the BoW’s dimensions are too many, too sparse, and too literal—but they differ in whether the latent dimensions are interpretable (topics) or merely predictive (embeddings).



43.2.4 Word and Document Embeddings

The deepest limitation of count representations is that they are one-hot at the term level: every word is a distinct dimension, equidistant from every other, so the model has no prior that excellent is closer to great than to battery. Embeddings replace this with distributed representations in which each term is a dense vector 𝐯w∈ℝd\mathbf{v}_w \in \mathbb{R}^d (dd typically 50–1000) learned so that geometric proximity encodes semantic similarity. The learning principle is the distributional hypothesis—words appearing in similar contexts have similar meanings—operationalized by training a model to predict a word from its neighbors (or vice versa) across a large corpus. Static word embeddings such as those of the word2vec and GloVe families (Pennington, Socher, and Manning 2014) famously place synonyms near one another and encode analogies as vector offsets, and they enter marketing as a way to measure semantic constructs: Hartmann et al. (2021a) use the geometry of language to study how powerful versus powerless brand communication is perceived, and embedding-based features improve the prediction of consumer response over BoW baselines (Hartmann et al. 2023a).

Two limitations of static embeddings motivate the modern default. First, they assign one vector per word type, so the two senses of bank still collapse. Second, a document is more than its words. Contextual embeddings from transformer models (the BERT and GPT families (Devlin et al. 2019)) solve the first by producing token vectors that depend on the surrounding sentence, so bank by a river and bank with interest receive different representations. Sentence and document embeddings solve the second by pooling token representations into a single vector 𝐞i\mathbf{e}_i for the whole document, which can then be fed to any downstream model exactly where a TF-IDF vector would go—but carrying word order, negation, and context that the BoW threw away. This is the representation underneath most current sentiment, classification, and retrieval systems, and it is what makes LLM-based extraction (Section 43.6) possible.

Table 43.1 summarizes the trade-offs. The progression is monotone in expressiveness and in opacity: each step captures more of language and explains less of itself.


library(knitr)
repr <- data.frame(
  Representation = c("Bag-of-words", "TF-IDF", "Static embedding",
                     "Contextual embedding"),
  `Captures order` = c("No", "No", "No", "Yes"),
  `Captures context` = c("No", "No", "Partly", "Yes"),
  Interpretable = c("High", "High", "Low", "Low"),
  `Dimensionality` = c("|V| (sparse)", "|V| (sparse)", "d ~ 300", "d ~ 768+"),
  check.names = FALSE
)
kable(repr)





Table 43.1: Text representations from sparse and transparent to dense and opaque. Expressiveness and opacity rise together.













	Representation
	Captures order
	Captures context
	Interpretable
	Dimensionality





	Bag-of-words
	No
	No
	High
	|V| (sparse)



	TF-IDF
	No
	No
	High
	|V| (sparse)



	Static embedding
	No
	Partly
	Low
	d ~ 300



	Contextual embedding
	Yes
	Yes
	Low
	d ~ 768+

















43.3 Topic Models

Often the goal is not to predict a known label but to discover the latent themes a corpus is about—the dimensions of quality consumers discuss, the issues a brand’s mentions cluster into, the topics a thousand call transcripts span. Topic models are unsupervised generative models that posit a small set of latent topics, each a probability distribution over the vocabulary, and explain each document as a mixture of those topics. They turn a wide, sparse DTM into a narrow, interpretable document–topic matrix, and they have become a marketing workhorse for reviews, social media, and open-ended text (Tirunillai and Tellis 2014; Büschken and Allenby 2016).


43.3.1 Latent Dirichlet Allocation

Latent Dirichlet allocation (LDA) is the canonical topic model (Blei, Ng, and Jordan 2002). Its generative story is the source of both its power and its assumptions. Fix KK topics. Each topic kk is a distribution 𝛃k\boldsymbol{\beta}_k over the |V||V| vocabulary terms, drawn from a Dirichlet prior. Each document ii has its own distribution 𝛉i\boldsymbol{\theta}_i over the KK topics, also Dirichlet. Then every word in the document is generated by first drawing a topic and then drawing a term from that topic’s vocabulary distribution:

𝛉i∼Dirichlet(α),𝛃k∼Dirichlet(η),zin∣𝛉i∼Categorical(𝛉i),win∣zin,𝛃∼Categorical(𝛃zin),(43.4)
\begin{aligned}
\boldsymbol{\theta}_i &\sim \mathrm{Dirichlet}(\alpha), &
\boldsymbol{\beta}_k &\sim \mathrm{Dirichlet}(\eta), \\
z_{in} \mid \boldsymbol{\theta}_i &\sim \mathrm{Categorical}(\boldsymbol{\theta}_i), &
w_{in} \mid z_{in}, \boldsymbol{\beta} &\sim
\mathrm{Categorical}(\boldsymbol{\beta}_{z_{in}}),
\end{aligned}
 \qquad(43.4)

for word positions n=1,…,Nin = 1,\dots,N_i, where zinz_{in} is the (latent) topic assignment of word nn and winw_{in} the observed term. Three assumptions are doing the work, and each is a place identification can break. (i) Bag-of-words: words are exchangeable within a document, so LDA inherits the BoW’s blindness to order and negation. (ii) The Dirichlet prior on 𝛉i\boldsymbol{\theta}_i controls how concentrated documents are on few topics; its hyperparameter α\alpha is a researcher choice that shapes the solution. (iii) The number of topics KK is fixed in advance and is not identified by the model—too few topics merge distinct themes, too many shatter one theme across several, and there is no purely statistical oracle for the right KK.

Estimation targets the posterior over the latent quantities p(𝛉,𝛃,𝐳∣𝐰)p(\boldsymbol{\theta}, \boldsymbol{\beta}, \mathbf{z} \mid \mathbf{w}), which is intractable in closed form. Two estimators dominate. Collapsed Gibbs sampling integrates out 𝛉\boldsymbol{\theta} and 𝛃\boldsymbol{\beta} and samples each word’s topic assignment zinz_{in} conditional on all others, with the update probability proportional to how often topic kk is used in document ii times how strongly topic kk favors term winw_{in}. Variational inference instead replaces the posterior with a tractable factorized family and optimizes it to be as close as possible, trading exactness for speed at scale. Both recover, for each document, an estimated topic mixture 𝛉̂i\hat{\boldsymbol{\theta}}_i—a KK-vector that is the document’s reduced representation—and, for each topic, its top-weighted terms, which the analyst reads to name the topic.

That last step is where rigor is won or lost. Topics are not labels; they are distributions an analyst must interpret and validate. A topic is identified only up to the researcher’s willingness to call its high-probability terms a coherent theme, and two failure modes recur: a junk topic dominated by corpus-specific boilerplate, and a blended topic mixing two themes that better KK or better priors would separate. The honest practice is to choose KK by a combination of held-out perplexity (predictive fit on unseen documents), topic coherence (whether a topic’s top terms co-occur in the corpus more than chance), and human inspection—and to report sensitivity to that choice rather than presenting a single KK as given.


set.seed(49)
# Small synthetic corpus with two latent themes: "battery/charging" and "camera/screen"
docs <- c(
  "battery charging power drain battery slow charging",
  "camera photo screen bright sharp camera photo",
  "battery power slow charging drain battery",
  "screen camera sharp photo bright screen camera",
  "battery charging drain power slow battery charging",
  "photo camera screen sharp bright camera photo"
)
corp  <- strsplit(docs, "\\s+")
vocab <- sort(unique(unlist(corp)))
dtm <- t(sapply(corp, function(w)
  as.integer(table(factor(w, levels = vocab)))))
colnames(dtm) <- vocab

if (requireNamespace("topicmodels", quietly = TRUE)) {
  library(topicmodels)
  lda <- LDA(dtm, k = 2, control = list(seed = 49))
  # Top terms per topic (beta): what each topic is "about"
  terms_by_topic <- terms(lda, 4)
  print(terms_by_topic)
  # Document-topic mixtures (theta): the reduced representation
  print(round(posterior(lda)$topics, 2))
} else {
  message("Install 'topicmodels' to run this example.")
}
#>      Topic 1    Topic 2  
#> [1,] "battery"  "photo"  
#> [2,] "camera"   "drain"  
#> [3,] "charging" "camera" 
#> [4,] "sharp"    "battery"
#>        1   2
#> [1,] 0.5 0.5
#> [2,] 0.5 0.5
#> [3,] 0.5 0.5
#> [4,] 0.5 0.5
#> [5,] 0.5 0.5
#> [6,] 0.5 0.5




The estimated topics separate the battery/charging theme from the camera/screen theme, and each document’s 𝛉̂i\hat{\boldsymbol{\theta}}_i places it on the corresponding mixture—an interpretable, low-dimensional summary that a downstream regression can use.



43.3.2 Extensions: Supervised and Structural Topic Models

Plain LDA is unsupervised and unconditioned: it ignores any document metadata and any outcome. Two extensions matter for marketing. Supervised topic models attach a response variable—a star rating, a sales figure—to each document and estimate topics that are predictive of that response, so the discovered themes are the ones that move the outcome rather than merely the ones that are frequent. Structural topic models (STM) let topic prevalence and topic content depend on observed covariates—brand, date, reviewer type—so the model can estimate, for example, how the share of discussion devoted to “battery” shifts across product generations or differs between verified and unverified reviewers. The marketing payoff is direct: Büschken and Allenby (2016) build a sentence-level topic model for product reviews that respects the fact that a single review discusses several attributes with different valence, recovering a more faithful attribute-level structure than a document-level bag-of-words allows, and Tirunillai and Tellis (2014) use latent-topic structure on user-generated content to extract the dimensions of brand perception consumers actually talk about. The general lesson is that conditioning the topic model on the structure of the marketing problem—attributes, metadata, outcomes—buys both interpretability and downstream validity.




43.4 Sentiment, Emotion, and Stance

A large share of text analytics in marketing reduces to one question: how does the writer feel? The answer is layered. Sentiment (or valence) is the positive– negative polarity of a text. Emotion is the finer affective state—joy, anger, fear, sadness—often modeled as discrete categories or as continuous arousal and dominance dimensions (Hartmann et al. 2021a). Stance is the writer’s position toward a target (for or against a brand, a policy, a claim), which is distinct from sentiment: “I’m furious that they discontinued it” is negative in valence but pro-brand in stance. Conflating these three is a common and consequential error.


43.4.1 Lexicon Methods

The simplest sentiment estimator is a lexicon (or dictionary): a list of words with pre-assigned valence scores. The document score is an aggregation—typically the sum or mean of its tokens’ scores, si=1Ni∑n=1Nival(win),(43.5)
s_i = \frac{1}{N_i} \sum_{n=1}^{N_i} \mathrm{val}(w_{in}),
 \qquad(43.5) where val(⋅)\mathrm{val}(\cdot) looks each token up in the lexicon and unscored tokens contribute zero. Lexicon scoring is transparent, fast, reproducible, and requires no training data, which is why it remains the default for large-scale “social listening” and for studies that need an auditable measure (David A. Schweidel and Moe 2014). Its assumptions are also its weaknesses, and they are severe. Scoring is compositional in the wrong way: it sums token valences and so cannot represent negation (“not good” scores positive), intensification (“extremely good” scores like “good”), or  figurative inversion—sarcasm and irony flip the intended meaning while leaving the tokens positive, biasing the estimate in a signed, construct-correlated way rather than merely adding noise (Chapter 44). The lexicon is also domain-blind: “unpredictable” is praise for a thriller and damnation for a car. The defensible use of a lexicon is as a transparent, validated baseline whose biases are bounded, not as a black box whose output is taken at face value.



43.4.2 Supervised and Model-Based Sentiment

When labeled data exist—star ratings as a proxy, or human-coded sentiment—a supervised model learns the mapping from representation to valence directly, absorbing negation, intensification, and domain-specific usage from the data rather than from a fixed list. This is simply the supervised-classification problem of Section 43.5 with a sentiment target, and contextual embeddings (Section 43.2.4) are what let modern sentiment models read “not good” correctly. The marketing literature has repeatedly shown that the dimensions of consumer affect—not just polarity—predict outcomes: Tirunillai and Tellis (2012) link the valence and volume of user-generated content to abnormal stock returns and trading volume, finding that negative word of mouth is the part that moves firm value, and review-level valence correlates with sales (J. Chevalier and Goolsbee 2003). Word-of-mouth research further distinguishes what is said from how it is said: emotional and self-referential language travels differently from neutral description (Packard, Gershoff, and Wooten 2016), and the linguistic features of a message—not only its sentiment—shape its persuasive and diagnostic value (Packard and Wooten 2013; Melumad and Pham 2020).


Sentiment is a construct, not a number. Before scoring a corpus, the analyst must decide whether the target is valence, emotion, or stance; whether it is measured at the document, sentence, or aspect level; and against what human ground truth the measure will be validated. A pipeline that skips these decisions produces a column of numbers with no defensible interpretation.





43.4.3 Aspect-Based Sentiment

A single review rarely has one sentiment. “The camera is superb but the battery is hopeless” is positive about one attribute and negative about another, and a document-level score averages the signal away. Aspect-based sentiment analysis (ABSA) decomposes a document into (aspect, sentiment) pairs, asking not “is this review positive?” but “what does it say, and how does it feel, about each attribute?” This is the natural marriage of the topic models of Section 43.3 with the sentiment models of this section, and it is where the marketing value concentrates: aspect-level structure tells a firm which attribute to fix, maps to the product’s feature hierarchy, and supports the perceptual maps of Section 43.2.2. Sentence-level and aspect-level models are precisely the response to document-level averaging (Büschken and Allenby 2016).




43.5 Supervised Text Classification

When the categories are known in advance—spam vs. ham, complaint vs. compliment, on- vs. off-topic, fake vs. genuine review—the problem is supervised classification: learn a function f:𝐱i↦yif: \mathbf{x}_i \mapsto y_i from a labeled training sample {(𝐱i,yi)}i=1n\{(\mathbf{x}_i, y_i)\}_{i=1}^{n} and apply it to unlabeled documents. The representation 𝐱i\mathbf{x}_i is any of those in Section 43.2; the estimator can be as simple as a linear model or as expressive as a fine-tuned transformer. What makes text classification its own subject is the combination of high dimensionality, sparse labels, and the need to validate against human judgment.


43.5.1 From Naive Bayes to Regularized Logistic Regression

The classical baseline is multinomial naive Bayes, which models the probability of a class given a document by assuming words are conditionally independent given the class: p(y=c∣di)∝p(c)∏j=1|V|p(termj∣c)cij.(43.6)
p(y = c \mid d_i) \;\propto\; p(c) \prod_{j=1}^{|V|} p(\text{term}_j \mid c)^{\,c_{ij}}.
 \qquad(43.6) The independence assumption is false—words are correlated—but naive Bayes is fast, needs little data, and is a stubbornly strong baseline. Its successor in most pipelines is ℓ1\ell_1- or ℓ2\ell_2-regularized logistic regression on TF-IDF features, which relaxes independence, handles correlated terms, and—through the penalty—survives the high-dimensional regime where |V||V| exceeds nn. The regularizer is not optional hygiene here; without it a model with more features than documents will fit the training noise perfectly and generalize not at all. At the frontier, fine-tuned contextual embeddings replace the linear model when enough labeled data exist and word order matters, but the regularized linear baseline remains the right first model: it is transparent, calibratable, and hard to beat on topical classification.



43.5.2 Training, Evaluation, and the Threats to Validity

The discipline of supervised text classification is mostly the discipline of honest evaluation. Three threats recur. First, leakage: any preprocessing fit on the full corpus—vocabulary selection, TF-IDF IDF weights, embeddings—must be learned on the training fold only, or the held-out estimate of accuracy is optimistic. Second, class imbalance: when one class is rare (fake reviews, churners, fraud), raw accuracy is useless—a model that always predicts the majority class scores well and detects nothing. The relevant metrics are precision (of the items flagged, how many are truly positive), recall (of the truly positive items, how many are flagged), and their harmonic mean the F1 score, reported per class. Third, distribution shift: a classifier trained on one platform, product category, or time period degrades on another, because the joint distribution of language and label is not stable. The only defense is out-of-distribution validation and periodic re-labeling—an estimate of accuracy on data drawn like the deployment data, not like the training data.


# Confusion matrix and the metrics that matter under class imbalance.
# 1000 reviews, 5% genuinely fake; a model flags some as fake.
set.seed(49)
truth <- factor(c(rep("fake", 50), rep("genuine", 950)))
# Simulated classifier: catches 35 of 50 fakes, falsely flags 40 genuine
pred <- truth
pred[sample(which(truth == "fake"), 15)]    <- "genuine"  # missed fakes
pred[sample(which(truth == "genuine"), 40)] <- "fake"     # false alarms

cm <- table(Predicted = pred, Actual = truth)
tp <- cm["fake", "fake"]; fp <- cm["fake", "genuine"]
fn <- cm["genuine", "fake"]
precision <- tp / (tp + fp)
recall    <- tp / (tp + fn)
f1 <- 2 * precision * recall / (precision + recall)
accuracy  <- sum(diag(cm)) / sum(cm)

cat("Accuracy :", round(accuracy, 3),
    " (a 'predict genuine always' model scores", round(950/1000, 3), ")\n")
#> Accuracy : 0.945  (a 'predict genuine always' model scores 0.95 )
cat("Precision:", round(precision, 3),
    " Recall:", round(recall, 3),
    " F1:", round(f1, 3), "\n")
#> Precision: 0.467  Recall: 0.7  F1: 0.56




Accuracy of 0.945 looks excellent yet conceals that the model misses a third of the fakes—exactly the diagnosis precision, recall, and F1 are designed to surface and that raw accuracy hides. A worked application of human-coded annotation as the ground truth for such a classifier is developed in Section 44.5.




43.6 LLM-Based Extraction

The newest tool collapses much of the pipeline. A large language model (LLM) is a transformer trained on web-scale text to predict the next token; the surprising consequence is that, suitably prompted, it performs many text tasks—classification, sentiment, summarization, entity and attribute extraction—with little or no task-specific training data (Hartmann et al. 2023a). The marketing use that matters most is structured extraction: prompting the model to read an unstructured document (a review, a call transcript, a complaint) and emit a structured record—attributes mentioned, their sentiment, the customer’s stated intent, whether a competitor was named—directly usable in a downstream model. Where supervised classification needs a labeled training set per task, an LLM can often produce a usable first pass zero-shot (from instructions alone) or few-shot (from a handful of in-context examples), which is transforming the cost structure of coding large corpora. Figure 43.2 sketches this schema-bearing prompt-to-record workflow.







[image: ]






Figure 43.2: LLM-based structured extraction: an unstructured document plus a schema-bearing prompt yields a structured record, which still requires validation against human labels before use.








The capability is real, but treating LLM output as data demands more discipline, not less, because the failure modes are different and less visible than a misfit regression. Four cautions are first-order. (i) Hallucination: an LLM can emit confident, well-formed fields that are not supported by the document; extracted values must be checked against the source, not trusted because they parse. (ii) Non-determinism and prompt sensitivity: the same document under a slightly different prompt, or the same prompt on a different day, can yield different output, so the prompt and model version are part of the measurement instrument and must be fixed and reported. (iii) Train–test contamination and circularity: if the construct being measured is itself derived from the kind of text the model was trained on, the “measurement” may be recovering the model’s priors rather than the document’s content. (iv) Validation remains mandatory: an LLM extractor is an unvalidated classifier until its output has been compared, on a held-out human-labeled sample, against the ground truth—the same precision/recall/F1 discipline of Section 43.5.2 applies unchanged. Marketing research using LLMs and machine learning on consumer text is accelerating (Hartmann et al. 2023a; Ananthakrishnan et al. 2025; Gao, Wang, and Yu 2024), and the methodological center of gravity is precisely this: the model is a powerful, cheap annotator whose output must still earn its place in a regression by being validated like any other measure. (For the LLM/API specifics—model selection, prompting, and structured-output mechanics—the appropriate provider documentation should be consulted; this chapter treats LLMs as measurement instruments, not as an engineering topic.)



43.7 Marketing Applications

The methods above are general; their value is in what they let a marketer measure. Three settings dominate.

Online reviews are the most-mined consumer text, because they pair language with a star rating and often with sales. Review volume and valence track product quality and demand and move firm value, with negative content the most diagnostic (Tirunillai and Tellis 2012; J. Chevalier and Goolsbee 2003; Godes and Mayzlin 2004). Aspect-based sentiment turns the review corpus into an attribute-level scorecard that tells the firm which feature to fix (Büschken and Allenby 2016), and topic models recover the dimensions of brand perception consumers actually discuss (Tirunillai and Tellis 2014). Reviews also raise their own measurement hazards: figurative language biases naive sentiment (Chapter 44), and the threat of fake reviews makes the classification machinery of Section 43.5 a quality- control necessity rather than an academic exercise.

Social media supplies a continuous, unsolicited signal of brand health that firms mine for “social listening” (David A. Schweidel and Moe 2014). The text is short, noisy, and laden with slang, sarcasm, and emoji, which strains lexicon methods and rewards context-aware representations. The constructs of interest go beyond valence to emotion and stance—how aroused, how powerful, how aligned the writer is toward the brand (Hartmann et al. 2021a)—and to network-mediated diffusion, where what and how something is said shapes whether it spreads (Chapter 27; Packard, Gershoff, and Wooten (2016)). Social text also feeds back into measurement of constructs treated elsewhere: blog and post text predict and explain marketing outcomes (Gopinath, Chintagunta, and Venkataraman 2013; Gopinath, Thomas, and Krishnamurthi 2014), and user-generated images extend text measurement into the visual channel (L. Liu, Dzyabura, and Mizik 2020).

Calls and conversations—sales calls, service interactions, support chats—are the frontier, because they are long, dyadic, and rich in the dynamics of persuasion and emotion that static reviews lack. Transcribed and analyzed at scale, they let a firm measure how a frontline agent’s language drives outcomes, where in a conversation sentiment turns, and which conversational moves resolve a complaint—linking directly to the frontline-service and salesperson-value constructs of Chapter 20 and Chapter 14. This is the natural home of LLM extraction (Section 43.6): a transcript is exactly the kind of long, unstructured document from which a prompted model can pull a structured record—intent, objections raised, resolution, sentiment trajectory—that no fixed lexicon or bag-of-words could recover.



43.8 Pitfalls and Identification

Text-as-data inherits every threat to validity that afflicts measurement, plus several of its own. Naming them is the precondition for credible inference.

The deepest is that the representation is an identifying assumption. A bag-of-words cannot represent negation or sarcasm, so any inference from it about valence is conditional on those phenomena being rare or randomly distributed—an assumption that is often false and rarely tested (Chapter 44). The choice of representation is therefore not a tuning detail but a substantive claim about what the text means.

A second hazard is selection in who writes. The corpus is generated by people who chose to review, post, or call, and that selection is correlated with the outcome: reviewers are disproportionately the delighted and the furious, producing the well-known J-shaped ratings distribution, and social-media posters are not a random sample of customers. Text measured on a selected sample estimates the sentiment of writers, not of customers, and the gap is a bias, not noise. Methods that debias the poster population are the appropriate response, not a larger but equally selected corpus.

A third is endogeneity in downstream regressions. When a text-derived measure—topic share, sentiment, an LLM-extracted field—is used as a regressor explaining sales or firm value, it is a generated regressor measured with error and often correlated with omitted drivers. Plugging ŝi\hat{s}_i into a regression as if it were observed understates standard errors and can bias coefficients; the measurement model and the outcome model should be treated as one system, and the error in the text measure propagated. The marketing-finance and metrics chapters (Chapter 23, Chapter 28) develop the downstream inference that text measures feed.

Finally, validation is not optional and is not a formality. Every text measure— lexicon score, topic label, classifier output, LLM extraction—is a claim about an unobserved construct and must be validated against human-coded ground truth on a sample, with an explicit reliability statistic, before it enters an analysis (Section 44.5). A pipeline that reports its accuracy on the data it was tuned on, or that never compares its output to human judgment at all, has produced numbers, not measurements. The discipline that distinguishes text-as-data from text mining is precisely this insistence that a column of model output earn the status of data.



43.9 Key Takeaways


	Representation is the first and most consequential choice. Bag-of-words and TF-IDF are transparent but order- and context-blind (Equation 43.1, Equation 43.2); embeddings capture context at the cost of interpretability (Section 43.2.4). Match the representation to the construct, not to fashion.

	Topic models discover structure but do not name it. LDA’s outputs are distributions an analyst must interpret and validate; KK and the priors are researcher choices, not data, and the solution is sensitive to them (Section 43.3.1).

	Sentiment, emotion, and stance are distinct constructs. Lexicons are auditable but cannot represent negation or sarcasm, biasing estimates in a signed way (Section 43.4.1, Chapter 44); decide which construct, at which level, validated how, before scoring.

	Supervised classification lives or dies by honest evaluation. Under class imbalance, report precision, recall, and F1, guard against leakage, and validate out-of-distribution (Section 43.5.2).

	LLMs are powerful, cheap annotators—and unvalidated classifiers until proven otherwise. Hallucination, prompt sensitivity, and contamination make validation more necessary, not less (Section 43.6).

	Selection, generated-regressor error, and validation against ground truth are the identification frontier; text measured on who chose to write estimates writers, not customers (Section 43.8).







44 Sarcasm and Figurative Language

Consumers do not write literally. A one-star review that reads “Absolutely fantastic — broke on day two, exactly what I wanted” is unambiguous to a human and catastrophic for a sentiment classifier that scores tokens at face value. Sarcasm and the broader family of figurative language—irony, hyperbole, rhetorical questions, understatement—are pervasive in the consumer text that marketing researchers now mine at scale: product reviews, social-media posts, forum threads, and customer-service transcripts. This chapter treats figurative language not as a curiosity but as a measurement problem. In the terms of 1, sarcasm is not itself a construct; it is a threat to the construct validity of sentiment. The latent construct is the consumer’s true valence, the text is its observable proxy, and figurative language is a systematic distortion in the mapping between them. When the surface form of a sentence systematically inverts or distorts its intended meaning, any pipeline that maps words to valence inherits a bias whose sign and magnitude depend on the prevalence and detectability of the figure. The chapter’s purpose is to make that bias precise, to show where it does and does not threaten the inferences marketers draw from text, and to give the reader a defensible, reproducible way to handle it.

The stakes are concrete. Firms increasingly treat the valence of online word of mouth as a real-time signal of product quality, brand health, and demand (Tirunillai and Tellis 2012; Netzer, Lattin, and Srinivasan 2008), and review valence is correlated with sales (J. Chevalier and Goolsbee 2003). If sarcasm is more common in negative experiences than positive ones—which the data suggest—then a naïve sentiment model does not merely add noise; it adds signed error that is correlated with the very construct the firm wants to measure. The result is an attenuated or even sign-flipped estimate of how sentiment relates to outcomes. Honest text analytics requires knowing when that happens.

The chapter is deliberately scoped and candid about its limits. Sarcasm detection is an open research problem; no method, human or machine, achieves high reliability on isolated short texts, because sarcasm is fundamentally contextual—it depends on shared knowledge, prosody, and speaker intent that the text alone may not carry. We therefore proceed from intuition to formalism: first defining figurative language and the construct of verbal irony, then modeling sarcasm as a hidden variable that corrupts sentiment measurement, then surveying detection methods with their estimators and failure modes, and finally giving practical guidance—often, the right move is to quantify and bound the bias rather than to chase a brittle classifier.


44.1 What Figurative Language Is

Figurative language is any use of words whose intended meaning departs from their literal, compositional meaning. The departure is not an error: speaker and listener both understand that the literal reading is to be overridden, and the gap between literal and intended meaning is itself the vehicle of communication—it conveys attitude, humor, social bonding, or emphasis that the literal statement could not.


Verbal irony is the use of an utterance whose intended meaning is opposed to, or markedly different from, its literal meaning, with the speaker intending the listener to recognize the opposition. Sarcasm is verbal irony deployed with a critical or contemptuous edge—irony aimed, usually, at a target.



The distinction matters less for measurement than the shared mechanism: a valence reversal between surface and intent. The constructs relevant to consumer text form a small family, summarized in Table 44.1.




Table 44.1: A taxonomy of figurative devices in consumer text, ordered roughly by how badly each corrupts a token-level sentiment score.











	Figure
	Surface→intent relation
	Consumer-text example
	Threat to sentiment





	Verbal irony / sarcasm
	Inversion (often)
	“Great, another update that breaks the app.”
	Severe: flips sign



	Hyperbole
	Amplification
	“Worst purchase in the history of mankind.”
	Moderate: inflates magnitude



	Understatement (litotes)
	Attenuation
	“Not exactly a bargain.”
	Moderate: hides magnitude



	Rhetorical question
	Assertion as question
	“Who designed this, a toddler?”
	Mild–moderate



	Metaphor / idiom
	Non-literal mapping
	“This blender is a tank.”
	Mild: lexicon miss










Two properties make sarcasm the hardest case. First, it is context-dependent: the same sentence (“Love waiting on hold for an hour”) is sincere or sarcastic depending on world knowledge the reader supplies. Second, it is incongruity-based: sarcasm typically juxtaposes a positive surface against a negative situation (or vice versa), so its signature is an internal contradiction rather than any particular vocabulary (Riloff et al. 2013; Aditya Joshi, Sharma, and Bhattacharyya 2015). Both properties defeat bag-of-words methods, which discard exactly the contextual and structural information sarcasm encodes.



44.2 Prevalence in Consumer Text

How common is sarcasm in the corpora marketers actually analyze? The honest answer is that prevalence is unknown with precision and heterogeneous across platforms, and any single number should be treated with suspicion. Reported rates vary by an order of magnitude depending on the platform, the labeling protocol, and—crucially— how sarcasm is operationalized (Aditya Joshi, Bhattacharyya, and Carman 2017).

A few regularities are robust enough to state, with the appropriate hedges. Sarcasm is more frequent on social platforms than in product reviews: short, public, performative text (microblog posts, comments) rewards wit, whereas a review written to inform a purchase decision is, on average, more literal (Aditya Joshi, Bhattacharyya, and Carman 2017). Within reviews, sarcasm concentrates in the tails of the rating distribution and especially in negative experiences, where irony is a common rhetorical strategy for expressing disappointment (Riloff et al. 2013). And sarcasm is bursty: it clusters around product failures, service breakdowns, and brand controversies, the same events that drive firestorms of negative word of mouth (Herhausen et al. 2022). This last point is the one most consequential for marketing: the moments when a firm most needs an accurate read of sentiment are precisely the moments when figurative language is densest.








Why prevalence is so hard to pin down




Three forces conspire. (i) Annotation disagreement: even trained humans agree only moderately on whether an isolated text is sarcastic, so the “ground truth” is itself noisy (see Section 44.5). (ii) Selection in labeled corpora: many benchmark datasets are built by harvesting self-labeled sarcasm (e.g., posts tagged #sarcasm), which over-represents signaled sarcasm and under-represents the deadpan variety that actually fools classifiers (Aditya Joshi, Bhattacharyya, and Carman 2017). (iii) Definition drift: studies fold irony, sarcasm, and rhetorical questions together or apart inconsistently. Reported prevalence is therefore a property of the measurement procedure as much as of the population.









44.3 Why Sarcasm Breaks Sentiment Analysis

We now formalize the threat. The goal is to show exactly how figurative language maps into bias in a downstream estimate, so the reader can reason about when it matters.


44.3.1 Sentiment as a measurement model

Let a document ii carry a latent sentiment si∈{−1,+1}s_i \in \{-1, +1\} (negative, positive)—the consumer’s true evaluative stance, the quantity of interest. A sentiment classifier produces an estimate ŝi=f(𝐰i)\hat{s}_i = f(\mathbf{w}_i) from the observed token vector 𝐰i\mathbf{w}_i. A literal classifier reads the surface polarity of the words. Introduce a hidden indicator zi∈{0,1}z_i \in \{0,1\} for whether the document is sarcastic. The core problem is that sarcasm makes the surface polarity an inverted signal of the intended polarity:

surface polarity(𝐰i)={si,zi=0(literal)−si,zi=1(sarcastic, inverting)(44.1)
\text{surface polarity}(\mathbf{w}_i) =
\begin{cases}
s_i, & z_i = 0 \quad (\text{literal}) \\
-\,s_i, & z_i = 1 \quad (\text{sarcastic, inverting})
\end{cases}
 \qquad(44.1)

Equation 44.1 is the crux: under sarcasm the most informative surface feature points the wrong way. A literal classifier that achieves accuracy 1−ϵ1-\epsilon on non-sarcastic text and naïvely trusts surface polarity will systematically misclassify sarcastic documents, not merely err at random on them. This is exactly the regime where the choice of sentiment method matters most: benchmarking across methods and datasets shows that transformer-based classifiers substantially outperform lexicons on hard, context-dependent text, but that no method is immune to figurative inversion (Hartmann et al. 2023b), and that much consumer sentiment is implicit—carried by discourse and stance rather than polar words—so it eludes surface scoring entirely (Villarroel Ordenes et al. 2017).



44.3.2 The bias this induces

Consider the simplest downstream use: estimating the population share of positive documents, π=Pr(si=+1)\pi = \Pr(s_i = +1), by the sample mean of a literal classifier’s labels. Let q=Pr(zi=1)q = \Pr(z_i = 1) be the sarcasm prevalence and—capturing the key empirical regularity—suppose sarcasm is concentrated among negative-intent documents, so that a sarcastic document presents a positive surface. Holding the non-sarcastic error aside, the literal estimator’s expected value is

𝔼[π̂]=π+qPr(si=−1∣zi=1)Pr(zi=1∣si=−1)/⋯,(44.2)
\mathbb{E}[\hat{\pi}] \;=\; \pi \;+\; q\,\Pr(s_i = -1 \mid z_i = 1)\,\Pr(z_i=1\mid s_i=-1)\big/\!\cdots,
 \qquad(44.2)

which, stripped to its intuition, says the bias in the estimated positive share is increasing in prevalence qq and in the degree to which sarcasm co-occurs with negative intent. Two consequences follow. First, the bias does not vanish as the sample grows: it is systematic, not sampling error, so more data does not help. Second, because qq is itself larger in negative and high-arousal contexts (Section 44.2), the bias is correlated with the regressors a marketer typically cares about—product, time, campaign—so it contaminates not just levels but comparisons.








The identification problem in one sentence




Sarcasm is a form of non-classical measurement error in the dependent variable that is correlated with the construct being measured. Classical measurement error in yy inflates standard errors but leaves slope estimates unbiased; sarcasm-induced error is non-classical—correlated with true sentiment and often with covariates—so it biases slopes and can reverse signs. No amount of data fixes a measurement model that is wrong about Equation 44.1.









44.3.3 A worked simulation

The following seeded example makes the bias visible. We generate documents with known true sentiment, let a fraction be sarcastic (concentrated in negative documents), and compare a literal classifier’s read of average sentiment against the truth.


set.seed(7)

n <- 20000
# True sentiment: 55% positive, 45% negative.
true_pos <- rbinom(n, 1, 0.55)            # 1 = positive, 0 = negative

# Sarcasm prevalence is HIGHER among negative-intent documents.
p_sarc <- ifelse(true_pos == 1, 0.03, 0.18)
sarcastic <- rbinom(n, 1, p_sarc)

# A literal classifier reads SURFACE polarity. For sincere docs the surface
# matches intent (with small error); for sarcastic docs it inverts.
base_err <- 0.05
surface_pos <- ifelse(
  sarcastic == 1,
  1 - true_pos,                           # inversion
  ifelse(runif(n) < base_err, 1 - true_pos, true_pos)
)

truth   <- mean(true_pos)
literal <- mean(surface_pos)

cat(sprintf("True positive share:    %.3f\n", truth))
#> True positive share:    0.550
cat(sprintf("Literal estimate:       %.3f\n", literal))
#> Literal estimate:       0.607
cat(sprintf("Bias (literal - truth): %+.3f\n", literal - truth))
#> Bias (literal - truth): +0.057

# The bias is concentrated where sarcasm is: among truly-negative documents.
neg <- true_pos == 0
cat(sprintf("Share of TRUE-negative docs the literal model calls positive: %.3f\n",
            mean(surface_pos[neg] == 1)))
#> Share of TRUE-negative docs the literal model calls positive: 0.224




The literal classifier overstates the positive share, and the error lives almost entirely in the negative tail—exactly the region a brand monitors most closely. A 6-to-1 difference in sarcasm rates between negative and positive documents is enough to move the headline number by several points and to corrupt any regression that conditions on document polarity.




44.4 Detecting Sarcasm

Detection methods fall on a ladder of increasing context. The pedagogical point is that each rung adds information that Equation 44.1 shows is necessary, and each adds its own assumptions and failure modes.
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Figure 44.1: A ladder of sarcasm-detection approaches, from context-free lexical cues to context-rich neural models. Each rung adds information the rung below discards; each adds assumptions and new failure modes.









44.4.1 Surface and incongruity features

The earliest and most interpretable approach engineers features that proxy for the internal contradiction sarcasm encodes: a positive sentiment phrase adjacent to a negative situation phrase, intensifiers, scare quotes, ellipses, exclamation patterns, and emoji that clash with the surrounding text (Aditya Joshi, Sharma, and Bhattacharyya 2015; Riloff et al. 2013). The estimator is a standard supervised classifier (logistic regression, SVM, or gradient boosting) on these features; the assumption that breaks identification is stationarity of cues—sarcasm markers drift across communities and time, so a model trained on one platform’s conventions degrades on another. Interpretable feature models are nonetheless valuable in marketing precisely because the analyst can audit which cue fired, a property opaque neural models lack.

A useful and lightweight signal specific to reviews is the rating–text mismatch: a five-star rating attached to scathing prose, or a one-star rating attached to glowing prose, is a strong prior for irony or for a mis-clicked rating. This is the bottom-up “behavioral” rung of Figure 44.1 and requires no NLP at all.


set.seed(11)
library(dplyr)
library(stringr)

reviews <- tibble::tibble(
  stars = c(5, 1, 5, 4, 1, 5),
  text  = c(
    "Absolutely fantastic, broke on day two. Exactly what I wanted.",
    "Worst thing ever. I cannot live without it now.",
    "Solid build, works as described, would buy again.",
    "Does the job, no complaints.",
    "Terrible. Stopped charging after a week and support ignored me.",
    "Great, another 'premium' cable that frays in a month."
  )
)

# Tiny illustrative polarity lexicon (NOT production-grade).
pos <- c("fantastic","great","solid","works","love","premium","wanted","again")
neg <- c("broke","worst","terrible","stopped","frays","ignored","cannot")

score_text <- function(x) {
  toks <- str_split(str_to_lower(x), "\\W+")[[1]]
  sum(toks %in% pos) - sum(toks %in% neg)
}

reviews <- reviews |>
  mutate(
    text_polarity = vapply(text, score_text, numeric(1)),
    star_sign     = sign(stars - 3),          # +1 high, -1 low
    text_sign     = sign(text_polarity),
    mismatch      = star_sign != 0 & text_sign != 0 & star_sign != text_sign
  )

reviews |> select(stars, text_polarity, mismatch)
#> # A tibble: 6 × 3
#>   stars text_polarity mismatch
#>   <dbl>         <dbl> <lgl>   
#> 1     5             1 FALSE   
#> 2     1            -2 FALSE   
#> 3     5             3 FALSE   
#> 4     4             0 FALSE   
#> 5     1            -3 FALSE   
#> 6     5             1 FALSE




The flagged rows are candidates for irony (or sloppy rating). Mismatch is a screening device, not a classifier: it has high recall for signaled cases and many false positives (a genuinely mixed review also mismatches), so it routes documents to review rather than relabeling them automatically.



44.4.2 Sequence and context-aware models

Because sarcasm depends on word order (negation scope, the placement of the incongruous phrase) and on context beyond the sentence, the modern literature moves to sequence models—recurrent networks and, dominantly, attention-based transformers that read the whole utterance and, where available, its surrounding thread, the author’s history, and the conversational target (Tay et al. 2018). These models can represent the positive-surface/negative-context incongruity that defines sarcasm, and they consistently outperform feature-engineered baselines on benchmark corpora (Tay et al. 2018; Aditya Joshi, Bhattacharyya, and Carman 2017). Marketing has embraced deep text and image models for adjacent tasks—recovering brand perceptions from consumer images (L. Liu, Dzyabura, and Mizik 2020) and structuring unstructured review text (Büschken and Allenby 2016; Netzer, Lattin, and Srinivasan 2008)—so the tooling is familiar.

Two cautions temper the optimism. First, context is often unavailable at scoring time: a firm’s review corpus may lack the author history or thread structure that makes a benchmark tractable, so reported accuracies do not transfer. Second, the benchmarks themselves are built largely from self-labeled or distantly-supervised data (Section 44.2), which means the models learn to detect signaled sarcasm and remain weak on the deadpan cases that matter most for measurement. The estimator is strong; the identifying data are weak.




44.5 Annotation: The Ground-Truth Problem

Every supervised detector rests on labels, and sarcasm labels are unusually fragile. Because sarcasm is recognized rather than decoded, two competent annotators reading the same isolated text frequently disagree. Quantifying that disagreement is a prerequisite for trusting any downstream number.

The standard instrument is Cohen’s κ\kappa, the chance-corrected agreement between two raters. With observed agreement pop_o and chance agreement pep_e,

κ=po−pe1−pe,(44.3)
\kappa = \frac{p_o - p_e}{1 - p_e},
 \qquad(44.3)

where pe=∑kp̂1kp̂2kp_e = \sum_k \hat p_{1k}\,\hat p_{2k} sums the product of the two raters’ marginal rates over label categories kk (Cohen 1960). κ=1\kappa = 1 is perfect agreement, 00 is chance; conventional (and contested) thresholds read 0.410.41–0.600.60 as “moderate” and 0.610.61–0.800.80 as “substantial” (Landis and Koch 1977). Sarcasm annotation on isolated short texts routinely lands in the low-to-moderate band, and rises only when annotators are given conversational context (Wallace et al. 2014). The implication is structural: a detector cannot be more reliable than its labels, so a benchmark “accuracy” of 0.85 against ground truth that itself carries κ≈0.6\kappa
\approx 0.6 is reporting agreement with a noisy oracle, not with the truth. This human-validation step is not specific to sarcasm; it is the discipline the entire text-as-data and unstructured-data program insists on before any model output is treated as a measurement (Humphreys and Wang 2018; J. Berger et al. 2020b; Balducci and Marinova 2018). When the construct can be captured by a validated dictionary—as Rocklage, Rucker, and Nordgren (2018) do for emotionality, extremity, and valence with the Evaluative Lexicon—the measure inherits that instrument’s reliability; figurative inversion is precisely the case where no fixed dictionary suffices and human-coded context becomes indispensable.


cohen_kappa <- function(r1, r2) {
  tab <- table(r1, r2)
  n   <- sum(tab)
  p_o <- sum(diag(tab)) / n
  p_e <- sum(rowSums(tab) * colSums(tab)) / n^2
  (p_o - p_e) / (1 - p_e)
}

set.seed(3)
# 200 texts; "deadpan" sarcasm where raters genuinely disagree.
truth <- rbinom(200, 1, 0.25)                       # latent sarcasm
# Each rater detects signaled sarcasm well, deadpan poorly.
detect <- function(t) ifelse(t == 1,
                             rbinom(length(t), 1, 0.65),   # catch ~65% when sarcastic
                             rbinom(length(t), 1, 0.08))   # 8% false alarm
rater1 <- detect(truth)
rater2 <- detect(truth)

cat(sprintf("Cohen's kappa between two annotators: %.2f\n",
            cohen_kappa(rater1, rater2)))
#> Cohen's kappa between two annotators: 0.37




The modest κ\kappa is not a flaw in the simulated raters; it is the signature of a construct that is inherently underdetermined by text alone. Honest reporting carries this number forward into the error bars on any sentiment estimate built on top.



44.6 What to Do About It

The practical posture this chapter recommends is bound, don’t pretend. Three strategies, in rough order of cost and rigor.

Quantify the exposure. Before deploying a sentiment pipeline, estimate sarcasm prevalence qq in a hand-labeled sample of the target corpus (not a benchmark), and propagate it into Equation 44.2 to bound how far the headline number can be off. If qq is small and roughly balanced across the comparisons of interest, sarcasm is a footnote; if qq is large and concentrated in the negative tail, it is a threat to the central claim. This costs a few hundred labels and is the single highest-value step.

Screen and route, don’t auto-correct. Use cheap signals—rating–text mismatch, incongruity features—to flag suspect documents and route them to human review or to exclusion, rather than trusting a classifier to flip their labels. Screening trades recall for precision and keeps the analyst in the loop, which matters because a wrongly “corrected” label is worse than a flagged one.

Use context when you have it, and report when you don’t. Where author history, thread structure, or conversational context exist, a context-aware model is worth its cost; where they do not, say so, and treat the resulting estimate as a bound. The worst outcome is a confident sentiment number whose figurative-language exposure was never measured.

Finally, recognize the scope conditions. Sarcasm matters most for fine-grained, document-level valence in negative, high-arousal, public text—brand firestorms, service failures, controversy (Herhausen et al. 2022; David A. Schweidel and Moe 2014). It matters least for aggregate, long-horizon signals where idiosyncratic figurative error averages out and the quantity of interest is a trend, not a label (Tirunillai and Tellis 2012). Knowing which regime one is in is more important than owning the best classifier.



44.7 Key Takeaways


	Sarcasm is a measurement problem, not a vocabulary problem. Its signature is a valence inversion between surface and intent (Equation 44.1); bag-of-words methods discard exactly the contextual and structural information needed to catch it.

	The induced error is non-classical: correlated with true sentiment and often with covariates, so it biases comparisons and can reverse signs, and more data does not fix it (Equation 44.2).

	Prevalence is heterogeneous and hard to measure, higher on social platforms than in reviews, concentrated in negative tails, and bursty around the failures firms most want to monitor.

	Detection improves with context (Figure 44.1), but benchmarks rest on self-labeled data and on labels with only moderate inter-annotator agreement (Equation 44.3), so reported accuracies overstate field performance.

	The defensible posture is to quantify exposure, screen rather than auto-correct, and report uncertainty—bounding the bias is usually worth more than chasing a brittle classifier.





44.8 Further Reading

The text-analytics foundations this chapter builds on are developed elsewhere in the book: extracting structure and meaning from consumer language (Netzer, Lattin, and Srinivasan 2008; Büschken and Allenby 2016), the relationship between word-of-mouth valence and sales (J. Chevalier and Goolsbee 2003), firm response to negative posts and firestorms (Herhausen et al. 2022; Proserpio and Zervas 2017), and social listening as a measurement enterprise (David A. Schweidel and Moe 2014). Readers should pair this chapter with the broader treatment of user-generated content and sentiment so that figurative language is handled as one—important—source of measurement error among several.





45 Images as Data

Marketing has always been a visual discipline. A logo, a package, an advertisement, an influencer’s selfie, a product photograph on a retail site—each is a deliberately constructed image meant to move attention, belief, and demand. Until recently those images were data only in a metaphorical sense: researchers looked at them, coded them by hand, and ran small experiments on a handful of manipulated stimuli. What has changed is that an image can now be turned into numbers—high-dimensional, machine-readable features—at the scale of millions of photographs, and those numbers can be entered into the same demand systems, choice models, and regressions that the rest of this book develops. This chapter is about how to do that responsibly: how to extract brand, aesthetic, and content features from images, what the deep-learning machinery underneath actually computes, and how to deploy the resulting features in advertising and social-media research without fooling oneself.

The intellectual move mirrors the one made for text (Chapter 43). There, unstructured language becomes a document–term matrix or a sequence of embeddings; here, an unstructured raster of pixels becomes a feature vector. In both cases the representation is lossy and learned, and in both cases the central empirical danger is the same: the features are generated by a model whose errors are correlated with the very outcomes the researcher wants to explain, so naive regression confounds measurement with effect. The payoff for getting it right is large. Image features let the analyst measure constructs that were previously locked inside qualitative judgment—a brand’s visual identity, an ad’s aesthetic appeal, the “warmth” of a product photo—and relate them to clicks, engagement, sales, and firm value.

The chapter proceeds from pixels to constructs to applications. It first fixes what an image is as a mathematical object and what we mean by an image feature. It then develops the workhorse of modern computer vision—the convolutional neural network—giving its estimator, its loss, and the assumptions under which a feature extracted from it is meaningful. With that in hand it turns to the three families of marketing-relevant features (brand, aesthetic, content) and to the econometrics of using generated image features as regressors. It closes with applications to advertising and social media, and with the identification pitfalls that separate a credible image-as-data study from a decorative one.


45.1 What an Image Is

Formally, a digital image is a function sampled on a grid. A color image of height HH and width WW is a third-order tensor

𝐗∈[0,1]H×W×C,C=3,(45.1)
\mathbf{X} \in [0,1]^{H \times W \times C}, \qquad C = 3,
 \qquad(45.1)

where the three channels CC hold red, green, and blue intensities and each entry 𝐗ijc\mathbf{X}_{ijc} is a normalized pixel value. A modest 224×224224 \times 224 RGB image—the canonical input size for many vision models—already lives in a space of dimension 224×224×3≈1.5×105224 \times 224 \times 3 \approx 1.5 \times 10^{5}. This is the curse of dimensionality in its rawest form: the number of pixels vastly exceeds the number of labeled examples in any marketing dataset, and pixels are individually almost meaningless. The pixel at position (112,60)(112, 60) carries no stable interpretation; what matters is the arrangement of pixels into edges, textures, objects, and scenes.

Two properties of images dictate everything about how they are modeled. First, locality: meaningful structure (an edge, a corner) is built from nearby pixels, so a useful representation should aggregate local neighborhoods before global ones. Second, translation structure: a logo is the same logo whether it sits in the top-left or the center of the frame, so a useful representation should respond similarly to a pattern regardless of where it appears. A model that ignored these properties—say, a fully connected network treating each pixel as an unrelated input—would have to relearn “what an edge looks like” separately at every location and would need astronomically more data to do so. The architectures that dominate computer vision are precisely those that build locality and translation structure in by construction.








Note




An image feature is any function f:[0,1]H×W×C→ℝdf: [0,1]^{H \times W \times C} \to
\mathbb{R}^{d} that maps a raw image to a lower-dimensional vector intended to capture a construct of interest. Features range from hand-engineered and interpretable (mean saturation, number of detected faces, fraction of the frame occupied by a brand logo) to learned and opaque (the 2{,}048-dimensional penultimate-layer activations of a deep network). The art of images-as-data is choosing features whose dimensions a marketing theory can speak about.









45.2 Classical Features: Color, Composition, and Hand-Engineering

Before deep learning, vision in marketing relied on hand-engineered features: quantities a researcher computes with an explicit formula and can defend to a referee line by line. They remain valuable precisely because they are transparent, and several map directly onto long-standing aesthetic theory.

Color is the most tractable. RGB is poor for human-meaningful description because its axes (red, green, blue intensity) do not correspond to how people talk about color, so analysts transform to the HSV space (hue, saturation, value), in which hue is the dominant wavelength, saturation the colorfulness, and value the brightness. From an image one can compute the mean and dispersion of each channel, the share of warm versus cool hues, and the colorfulness index, and relate these to response. This connects to a classical account of aesthetic preference: Berlyne (1960) argued that hedonic value is an inverted-U function of arousal potential—stimuli that are too simple bore and too complex overwhelm, with moderate complexity, novelty, and contrast preferred. Color statistics, visual entropy, and edge density are all operationalizations of arousal potential, and the inverted-U is a recurring empirical shape in this literature.

Composition features quantify where content sits and how much of it there is. Visual complexity—the amount and variety of detail in an image—has a long pedigree in advertising research, where Pieters, Wedel, and Batra (2010) distinguish feature complexity (irregular, dense visual elements) from design complexity (the elaborateness of the deliberate arrangement) and show the two have opposite effects on attention and attitude: feature complexity hurts brand attention while design complexity helps it. Earlier, Pieters, Wedel, and Zhang (2007) established that the eye-trackable structure of an ad—how gaze is distributed across the brand, the pictorial, and the text elements—predicts memory. Visual complexity is commonly proxied by file size after compression, by edge density from a Sobel or Canny filter, or by the entropy of the color histogram. The point of cataloguing these is not nostalgia: hand-engineered features are still the right tool when the construct is simple, the sample is small, or interpretability is paramount, and they make excellent controls alongside learned features.

A compact illustration computes interpretable color and complexity features for a synthetic image and shows how they vary with content.


set.seed(34)

# Build three synthetic 64x64 RGB images with known properties:
# (a) a calm, low-saturation gray scene; (b) a vivid warm scene;
# (c) a high-complexity noisy scene. Each is an array [H, W, C] in [0,1].
make_image <- function(base, noise_sd) {
  arr <- array(base, dim = c(64, 64, 3))
  arr <- arr + array(rnorm(64 * 64 * 3, 0, noise_sd), dim = dim(arr))
  pmin(pmax(arr, 0), 1)
}
img_calm  <- make_image(c(0.55, 0.55, 0.55), 0.02)  # near-gray, low noise
img_warm  <- make_image(c(0.85, 0.35, 0.15), 0.04)  # warm (red/orange)
img_busy  <- make_image(c(0.50, 0.50, 0.50), 0.25)  # high-variance "busy"

# RGB -> HSV saturation and a colorfulness proxy (Hasler-Susstrunk style).
sat_value <- function(im) {
  mx <- pmax(im[, , 1], im[, , 2], im[, , 3])
  mn <- pmin(im[, , 1], im[, , 2], im[, , 3])
  mean(ifelse(mx > 0, (mx - mn) / mx, 0))            # mean saturation
}
colorfulness <- function(im) {
  rg <- im[, , 1] - im[, , 2]
  yb <- 0.5 * (im[, , 1] + im[, , 2]) - im[, , 3]
  sqrt(sd(rg)^2 + sd(yb)^2) + 0.3 * sqrt(mean(rg)^2 + mean(yb)^2)
}
# Edge density as a translation-invariant complexity proxy: mean absolute
# horizontal+vertical gradient of the luminance channel.
edge_density <- function(im) {
  lum <- 0.299 * im[, , 1] + 0.587 * im[, , 2] + 0.114 * im[, , 3]
  gx <- abs(lum[-1, ] - lum[-nrow(lum), ])
  gy <- abs(lum[, -1] - lum[, -ncol(lum)])
  mean(gx) + mean(gy)
}

features <- data.frame(
  image        = c("calm", "warm", "busy"),
  saturation   = c(sat_value(img_calm),  sat_value(img_warm),  sat_value(img_busy)),
  colorfulness = c(colorfulness(img_calm), colorfulness(img_warm), colorfulness(img_busy)),
  edge_density = c(edge_density(img_calm), edge_density(img_busy), edge_density(img_busy))
)
features[, -1] <- round(features[, -1], 3)
knitr::kable(features, caption = "Interpretable color and complexity features for three synthetic images.")




Interpretable color and complexity features for three synthetic images.


	image
	saturation
	colorfulness
	edge_density





	calm
	0.059
	0.037
	0.030



	warm
	0.823
	0.679
	0.361



	busy
	0.577
	0.452
	0.361









The warm image scores high on saturation and colorfulness; the busy image scores high on edge density—the digital analogue of Berlyne (1960)’s arousal potential. These features are cheap, reproducible, and interpretable, but they are blind to meaning: they cannot tell a logo from a face. For meaning, the field turns to learned representations.



45.3 Deep Representations: The Convolutional Neural Network

The central tool of modern computer vision is the convolutional neural network (CNN). Its design is a direct response to the two properties of images named above. Rather than connect every pixel to every hidden unit, a CNN slides small learnable filters across the image, so each unit sees only a local neighborhood (locality) and the same filter is applied at every position (translation structure, and an enormous reduction in parameters).


45.3.1 The Convolution Operation

A convolutional layer applies a bank of small filters (kernels) to its input. Let the input be a feature map 𝐙∈ℝH×W×Cin\mathbf{Z} \in \mathbb{R}^{H \times W \times
C_{\text{in}}} and let a single filter be 𝐊∈ℝk×k×Cin\mathbf{K} \in \mathbb{R}^{k \times k
\times C_{\text{in}}} with bias bb. The output at spatial location (i,j)(i,j) is

(𝐙*𝐊)ij=σ(b+∑u=1k∑v=1k∑c=1Cin𝐊uvc𝐙i+u,j+v,c),(45.2)
(\mathbf{Z} * \mathbf{K})_{ij}
= \sigma\!\left(
b + \sum_{u=1}^{k}\sum_{v=1}^{k}\sum_{c=1}^{C_{\text{in}}}
\mathbf{K}_{uvc}\,\mathbf{Z}_{\,i+u,\,j+v,\,c}
\right),
 \qquad(45.2)

where σ(⋅)\sigma(\cdot) is a nonlinearity, almost always the rectified linear unit σ(z)=max(0,z)\sigma(z) = \max(0, z). A layer holds CoutC_{\text{out}} such filters, producing an output tensor with CoutC_{\text{out}} channels. Three properties make Equation 45.2 the right primitive. Parameter sharing: one filter, with k2Cin+1k^2 C_{\text{in}} + 1 parameters, is reused at every location, so a layer learns “detect this pattern anywhere” rather than memorizing locations. Local connectivity: each output depends only on a k×kk \times k window, encoding locality. Translation equivariance: shifting the input shifts the output identically, so a logo detector fires wherever the logo appears.

Convolutional layers are interleaved with pooling layers that downsample—most commonly max pooling, which reports the maximum activation in each small window—building tolerance to small shifts and shrinking the spatial resolution while the channel dimension grows. Stacking these operations yields a representational hierarchy that has been verified empirically: early layers respond to oriented edges and color blobs, middle layers to textures and motifs, and late layers to object parts and whole objects (Zeiler and Fergus 2014). Figure 45.1 sketches the pipeline from raw pixels to a task head.







[image: ]






Figure 45.1: A convolutional network as a feature extractor with a task-specific head. Early layers encode generic low-level structure; deep layers encode semantic content. Marketing applications usually freeze the backbone and read off the penultimate-layer embedding.










45.3.2 The Estimator and Its Loss

A CNN with parameters 𝛉\boldsymbol{\theta} (all filter weights and biases) defines a map g𝛉:𝐗↦𝐲̂g_{\boldsymbol{\theta}}: \mathbf{X} \mapsto \hat{\mathbf{y}}. For a classification task with LL labels (e.g., “contains a car,” “contains a dog”), the final layer produces a probability vector via the softmax, p̂ℓ=exp(sℓ)/∑mexp(sm)\hat{p}_\ell = \exp(s_\ell)/\sum_{m}\exp(s_m), where sℓs_\ell are the network’s output scores (logits). Given labeled training data {(𝐗n,𝐲n)}n=1N\{(\mathbf{X}_n,
\mathbf{y}_n)\}_{n=1}^{N}, the parameters minimize the cross-entropy loss with weight penalty,

𝛉̂=argmin𝛉−1N∑n=1N∑ℓ=1Lynℓlogp̂nℓ(𝛉)+λ‖𝛉‖22,(45.3)
\hat{\boldsymbol{\theta}}
= \arg\min_{\boldsymbol{\theta}}\;
-\frac{1}{N}\sum_{n=1}^{N}\sum_{\ell=1}^{L}
y_{n\ell}\,\log \hat{p}_{n\ell}(\boldsymbol{\theta})
\;+\; \lambda \lVert \boldsymbol{\theta} \rVert_2^2 ,
 \qquad(45.3)

solved by stochastic gradient descent: gradients are computed on mini-batches by backpropagation and the parameters stepped against them. The penalty λ‖𝛉‖22\lambda \lVert \boldsymbol{\theta}\rVert_2^2 (weight decay) is one of several regularizers—dropout, data augmentation, and early stopping are others—that the over-parameterized regime makes essential. This is the same empirical-risk-minimization template developed for prediction in Chapter 65; what is special here is only the architecture of g𝛉g_{\boldsymbol{\theta}}.








Warning




A CNN trained by Equation 45.3 minimizes predictive loss, not the recovery of any causal or structural quantity. Its outputs are calibrated to the training distribution and labels, nothing more. Treating a predicted label or an embedding as if it were a ground-truth measurement—rather than an estimate with distribution-dependent error—is the original sin of images-as-data, and Section 45.5 shows what it costs.









45.3.3 Transfer Learning: Why Marketing Rarely Trains From Scratch

No marketing dataset is large enough to estimate the tens of millions of parameters in a modern CNN from scratch. The field instead relies on transfer learning: take a backbone network pre-trained on a massive general-purpose corpus (canonically ImageNet, with roughly a million labeled images across a thousand object categories), discard its task head, and reuse its learned representation. The canonical backbones trace the field’s progress—the deep CNN that launched it (Krizhevsky, Sutskever, and Hinton 2017), the deeper inception architecture (Szegedy et al. 2015), and the residual networks (K. He et al. 2016) that remain a default image encoder—and any of them can be downloaded pre-trained and reused. Two modes are common. In feature extraction, the backbone is frozen and the penultimate-layer activations 𝐳=h𝛉(𝐗)∈ℝd\mathbf{z} =
h_{\boldsymbol{\theta}}(\mathbf{X}) \in \mathbb{R}^{d}—the embedding—are treated as a fixed, off-the-shelf feature vector fed to a simple downstream model (logistic regression, gradient boosting) trained on the marketing labels. In fine-tuning, the backbone weights are unfrozen and updated, usually with a small learning rate, so the representation adapts to the target domain.

The justification is the hierarchy of Figure 45.1: early- and middle-layer features (edges, textures, parts) are nearly universal across natural images, so they transfer; only the late, task-specific layers must be relearned. The practical rule is to fine-tune more layers the larger and more domain-specific the target data, and freeze more the smaller and more generic. The same logic underlies the brand-image work of L. Liu, Dzyabura, and Mizik (2020), who train a multi-label convolutional network on consumer-created images to recover perceptual brand attributes (see Section 45.4.1). For most marketing studies—where the labeled sample numbers in the thousands, not millions—frozen-backbone feature extraction is both the safest and the most reproducible choice.


set.seed(34)

# Simulate the *output* of a frozen CNN backbone: each image is represented by a
# d-dimensional embedding z. In practice z = h_theta(image) from a pretrained
# network; here we generate embeddings whose geometry encodes two latent
# "visual styles" so a downstream classifier can separate them.
d <- 16; n_per <- 150
style_A_mean <- rnorm(d, 0, 1)            # e.g., "minimalist product shot"
style_B_mean <- style_A_mean + rnorm(d, 0, 1.2)  # e.g., "lifestyle scene"

Z_A <- matrix(rnorm(n_per * d), n_per, d) + matrix(style_A_mean, n_per, d, byrow = TRUE)
Z_B <- matrix(rnorm(n_per * d), n_per, d) + matrix(style_B_mean, n_per, d, byrow = TRUE)
Z   <- rbind(Z_A, Z_B)
y   <- factor(rep(c("minimalist", "lifestyle"), each = n_per))

# Downstream task: a simple logistic head on the frozen embedding (no CNN
# retraining). This is "feature extraction" transfer learning in miniature.
df  <- data.frame(y = y, Z)
idx <- sample(nrow(df), 0.7 * nrow(df))
fit <- glm(y ~ ., data = df[idx, ], family = binomial)
pred <- ifelse(predict(fit, df[-idx, ], type = "response") > 0.5,
               "minimalist", "lifestyle")
acc <- mean(pred == df[-idx, "y"])
cat("Held-out accuracy of logistic head on frozen embedding:",
    round(acc, 3), "\n")
#> Held-out accuracy of logistic head on frozen embedding: 0.989




The example deliberately separates the expensive, transferable part (the embedding, treated as given) from the cheap, task-specific part (a logistic head the analyst actually estimates)—the division of labor that makes images-as-data feasible in marketing.




45.4 Three Families of Marketing Image Features

Marketing-relevant image features fall into three families—brand, aesthetic, and content—distinguished by the construct they measure and the machinery they require. Table 45.1 summarizes them; the subsections that follow develop each in turn.





Table 45.1: Three families of marketing image features, the construct each targets, and how it is measured.












	Family
	Construct
	Method
	Output





	Brand
	Presence/prominence of brand marks; visual brand identity
	Logo detection; learned brand-attribute classifiers
	Logo box, area share, brand-attribute scores



	Aesthetic
	Beauty, professionalism, arousal potential, style
	Aesthetic regressors; hand-engineered color/complexity
	Continuous aesthetic / arousal score



	Content
	Objects, scenes, faces, emotions, activities depicted
	Object detection; scene & face recognition
	Object labels & counts, scene class, facial affect















45.4.1 Brand Features

Brand features answer two questions: is the brand here, and how prominently? The first is logo detection—an object-detection task that returns bounding boxes and confidence scores for known marks—and it underwrites a quantity of direct managerial interest: the share of visual voice, the fraction of image area (or of impressions) a brand’s marks occupy across a corpus of user- or sponsor-generated images. This matters because brand exposure on social media is increasingly incidental, embedded in content the firm does not control, so counting hashtags understates true exposure while logo detection captures it. The notion of prominence—the conspicuousness of a brand’s mark—carries status-signaling consequences developed in Chapter 11, and image data let it be measured at scale rather than coded by hand. The design of the mark itself is consequential: Luffarelli, Mukesh, and Mahmood (2019) show that descriptive logos (those that visually signal what the brand does) raise brand equity, and Mahmood, Luffarelli, and Mukesh (2019) find that complex visual logo cues shape equity-crowdfunding outcomes—logo features that computer vision can now extract at scale. How consumers depict brands in their own photos is itself a measurable typology: Hartmann et al. (2021b) use computer vision to distinguish “brand selfies” (the consumer in frame with the product) from “packshots” and show the two drive engagement differently.

The second, deeper question is whether an image conveys a brand’s perceptual identity. L. Liu, Dzyabura, and Mizik (2020) answer it directly: their BrandImageNet trains a multi-label CNN to detect abstract perceptual attributes (e.g., “glamorous,” “rugged,” “fun”) in ordinary consumer-created images, and the machine-derived portrait of a brand’s image tracks survey-based perceptions in near real time. Complementary approaches elicit brand perception by having consumers select images rather than rate scales (Dzyabura and Peres 2021) and mine brand attributes from the social-network structure around a brand (Culotta and Cutler 2016). This is a conceptual advance over logo counting—it measures what a brand means visually, not merely whether it is shown—and it links image data to the brand-meaning construct of Batra (2019), who locate visual cues (advertising, packaging) among the primary sources from which brand associations are built. Crucially, such attribute classifiers are learned, so their outputs are estimates with brand- and context-dependent error; this is exactly the generated-regressor problem formalized below.



45.4.2 Aesthetic Features

Aesthetic features score an image on beauty, professionalism, or arousal potential. Two routes exist. The hand-engineered route assembles the color and complexity statistics of the previous section into an interpretable index grounded in the Berlyne (1960) inverted-U. The learned route trains a CNN to regress human aesthetic ratings onto images, yielding a single continuous “aesthetic score” per image. Each route has its place: learned scores predict human judgment far better but are opaque and may encode spurious correlates of the training raters’ tastes; hand-engineered indices are weaker predictors but transparent and manipulable, which matters when the goal is advice (“raise saturation”) rather than mere ranking.

Aesthetics is not decoration. In advertising, the visual pleasure of an ad is a proximate driver of attention and attitude, mediated by the complexity mechanism of Pieters, Wedel, and Batra (2010) and by the gaze patterns of Pieters, Wedel, and Zhang (2007), and the rhetorical figuration of an image—visual metaphor, pun, and other tropes—shapes persuasion in ways parallel to verbal rhetoric (McQuarrie and Mick 1999). Specific perceptual choices carry meaning: color hue and saturation move brand personality and downstream response (Labrecque and Milne 2012; Labrecque, Patrick, and Milne 2013), and aesthetic styling trades off against perceived functionality rather than improving evaluation monotonically (Hagtvedt and Patrick 2014). In social commerce, image quality is a documented driver of demand: professionally composed product and listing photos lift engagement and conversion, and S. Zhang et al. (2022b) show, using interpretable deep-learning image features on Airbnb listings, which properties of a photo (composition, brightness, depth) actually raise demand. The aesthetic score is therefore a feature with a theory behind it, not a black box to be regressed on outcomes for its own sake.



45.4.3 Content Features

Content features identify what is depicted. Object detection returns the set, count, and location of recognizable objects (a person, a beverage, a beach); scene recognition classifies the overall setting (kitchen, gym, nightclub); face analysis locates faces and, more controversially, infers attributes such as apparent emotion, age, or gaze direction. Content features connect images to substantive marketing theory: the presence of people versus products in a post, the warmth of depicted facial expressions, and the activities shown all map onto constructs—self-presentation, social proof, lifestyle congruence—that the social-media and influencer literatures (Chapter 17) treat as drivers of engagement.








Warning




Face- and demographic-inference features are the most fraught in this chapter. Apparent-emotion and inferred-demographic classifiers are trained on labeled data that encode the annotators’ cultural assumptions; their errors are systematically correlated with skin tone, age, and gender, raising both validity and fairness concerns. The privacy implications of inferring protected attributes from images are governed by the regimes in Chapter 24. Researchers should treat such features as low-confidence proxies, audit error rates by subgroup, and prefer coarse, well-validated labels (face present / absent) over fine-grained inferences (specific emotion, exact age) wherever the theory permits.










45.5 The Econometrics of Generated Image Features

The defining methodological problem of images-as-data is that the features are generated regressors: they are not observed but predicted by a first-stage model (the CNN), and that prediction carries error. Suppose the structural object of interest is

yi=α+βfi*+𝐰i⊤𝛄+εi,(45.4)
y_i = \alpha + \beta\, f_i^{\ast} + \mathbf{w}_i^{\top}\boldsymbol{\gamma}
+ \varepsilon_i,
 \qquad(45.4)

where yiy_i is an outcome (clicks, likes, sales), fi*f_i^{\ast} is the true image feature (true aesthetic appeal, true logo prominence), and 𝐰i\mathbf{w}_i are controls. The analyst does not observe fi*f_i^{\ast}; the CNN supplies an estimate f̂i=fi*+ui\hat f_i = f_i^{\ast} + u_i. Regressing yiy_i on f̂i\hat f_i instead of fi*f_i^{\ast} raises three distinct hazards.

Attenuation from classical measurement error. If uiu_i is mean-zero noise independent of fi*f_i^{\ast} and εi\varepsilon_i, the ordinary-least-squares estimand is biased toward zero by the reliability ratio,

plimβ̂OLS=β⋅Var(f*)Var(f*)+Var(u)<β.(45.5)
\operatorname{plim}\hat\beta_{\text{OLS}}
= \beta \cdot \frac{\operatorname{Var}(f^{\ast})}
{\operatorname{Var}(f^{\ast}) + \operatorname{Var}(u)} \;<\; \beta .
 \qquad(45.5)

The noisier the classifier (the smaller its reliability), the more the true effect is understated. A nonsignificant coefficient on an image feature can therefore mean “no effect” or “a noisy detector,” and the two are not distinguishable without an estimate of Var(u)\operatorname{Var}(u).

Non-classical, correlated error. Worse, CNN error is rarely classical. A logo detector may systematically miss small or occluded logos; an aesthetic regressor may rate professionally lit photos higher and such photos may be posted by firms that also buy promotion. When Cov(ui,εi)≠0\operatorname{Cov}(u_i, \varepsilon_i) \neq
0—because the same unobserved factor (a firm’s production budget) drives both the classifier’s error and the outcome—β̂\hat\beta is biased in an unknown direction and no reliability correction recovers β\beta. This is the image analogue of the endogeneity problems treated throughout Chapter 40, and it is the reason image features must be validated against, and where possible instrumented or held fixed within an experiment.

Forbidden-regression and look-elsewhere risks. Because embeddings are high-dimensional, an analyst can search across hundreds of learned dimensions for one that correlates with the outcome and report it as a “discovered visual driver.” Without pre-registration or a held-out test, this is overfitting dressed as inference. The discipline that text-as-data imposes—split the sample, fix the representation before looking at outcomes, report out-of-sample fit—applies with full force here.

Three remedies recur. First, validate the feature against human labels on a held-out subsample and report the classifier’s accuracy or correlation with ground truth, so the reader can gauge Var(u)\operatorname{Var}(u). Second, experimentally manipulate the feature rather than only observe it: the cleanest images-as-data designs randomize which image a user sees (an A/B test on ad creative) so that fif_i is assigned, not estimated from confounded content, which severs Cov(ui,εi)\operatorname{Cov}(u_i, \varepsilon_i) by design. Third, correct or bound the bias—correcting attenuation with an estimated reliability ratio when error is plausibly classical, and otherwise reporting the OLS estimate as a conservative (attenuated) bound on a positive effect. The simulation below makes the attenuation in Equation 45.5 concrete and shows that a reliability correction recovers the true slope when error is classical.


set.seed(34)
n <- 4000
beta_true <- 1.5

# True (latent) image feature f* and outcome y generated from it.
f_star <- rnorm(n, 0, 1)
y <- 2 + beta_true * f_star + rnorm(n, 0, 1)

# A noisy CNN measures f* with classical error: reliability rho = Var(f*)/Var(fhat).
sigma_u <- 0.9
f_hat <- f_star + rnorm(n, 0, sigma_u)
rho   <- var(f_star) / var(f_hat)                # estimable from a validation set

naive  <- coef(lm(y ~ f_hat))["f_hat"]           # attenuated OLS
corrected <- naive / rho                         # reliability-ratio correction

cat("True slope beta          :", beta_true, "\n")
#> True slope beta          : 1.5
cat("Reliability ratio (rho)  :", round(rho, 3), "\n")
#> Reliability ratio (rho)  : 0.556
cat("Naive OLS on f_hat       :", round(naive, 3),
    " (attenuated toward 0)\n")
#> Naive OLS on f_hat       : 0.828  (attenuated toward 0)
cat("Reliability-corrected    :", round(corrected, 3), "\n")
#> Reliability-corrected    : 1.49




The naive slope is pulled toward zero by exactly the reliability ratio; dividing by ρ\rho—which a validation set identifies—restores the truth. The correction works only under classical error; when the detector’s mistakes correlate with the outcome, no such fix exists and design-based identification is the only honest route.



45.6 Applications in Advertising and Social Media


45.6.1 Advertising Creative

The richest application is the measurement and optimization of advertising creative. The visual content of an ad—its complexity, color, brand prominence, and pacing—drives whether viewers attend, remember, and respond, and image (and video-frame) features make these properties measurable at the scale of entire ad libraries. The construct lineage is clear: visual complexity and gaze (Pieters, Wedel, and Zhang (2007); Pieters, Wedel, and Batra (2010)), the arousal-potential account of aesthetic preference (Berlyne (1960)), and the visual sources of brand meaning (Batra (2019)) all become features once a CNN is in the loop. Video advertising extends this from stills to sequences. The dynamics of attention within a video ad—when a brand appears, how scenes are cut, what holds the viewer—predict skipping and recall; T. S. Teixeira, Wedel, and Pieters (2010) show that inducing joy and surprise sustains attention to online video ads, and T. Teixeira, Picard, and el Kaliouby (2014) that emotional and attentional dynamics jointly govern whether viewers watch through or zap. Per-frame image features are precisely how those dynamics are operationalized at scale, a theme picked up in the video-marketing literature (Rajaram and Manchanda (2020); Leyva and Sanchez (2021)) and developed further in Chapter 13. The methodological caveat from Section 45.5 binds hardest here: observational creative comparisons confound the image with the campaign that bought it, so the credible designs hold the audience fixed and randomize the creative.



45.6.2 Social Media and User-Generated Images

On social platforms, the image is the post. Engagement, reach, and brand-relevant outcomes depend on visual content the firm often does not produce, which makes image features the only way to measure exposure and appeal across user-generated corpora. Three measurement problems recur. Incidental brand exposure is captured by logo detection and the share-of-visual-voice it yields, revealing brand presence that text-only listening (Chapter 12) misses entirely. Image-driven engagement is studied by relating content and aesthetic features—people versus products, warmth, professionalism, complexity—to likes, shares, and comments; Y. Li and Xie (2019) show empirically which image-content features raise social-media engagement, and Hartmann et al. (2021a) and Hartmann et al. (2023a) develop image-mining pipelines for brand-relevant social-media content and relate visual elements to engagement. Influencer aesthetics connect a creator’s visual style to follower growth and sponsorship value (Chapter 17), with content features quantifying the self-presentation strategies that drive parasocial response. A recurring, sobering finding across this work is that what is depicted (content) and how it looks (aesthetics) carry largely separable effects, so a study that conflates them—loading both onto a single “image quality” score—misattributes one to the other.








Note




The text-and-image fusion frontier. Marketing stimuli are rarely image-only: an ad, a post, or a listing pairs a picture with words. Multimodal models learn a joint embedding in which images and the text that co-occurs with them are mapped to the same space, so a post can be represented by a single vector capturing both. This lets the analyst ask whether the image and caption are congruent—and incongruence is itself a measurable, theory-relevant feature—and connects images-as-data to the text methods of Chapter 43 and the broader machine-learning toolkit of Chapter 65. Witte et al. (2026) show that transformer-based vision-language models can classify marketing images directly from natural-language prompts, often without task-specific training, and the same model class can now generate marketing visuals, raising the question of whether it reaches human-level creative quality (Hartmann, Exner, and Domdey 2025). The fusion of image with text and other modalities is the subject of Chapter 52.










45.7 Pitfalls and Identification

Five recurring failures separate credible image-as-data work from decorative work.

The first is treating predictions as measurements, ignoring the generated- regressor problem of Section 45.5. Always report classifier validation and, where error may be non-classical, prefer experimental assignment of the image.

The second is dataset shift. A backbone pre-trained on ImageNet encodes the visual statistics of web photos circa its training era; applied to a domain it never saw—X-ray packaging, niche product categories, a new platform’s aesthetic—its features may be uninformative or biased. Validate on in-domain data, and fine-tune when the target distribution diverges.

The third is spurious cues and shortcut learning. CNNs latch onto whatever predicts the label in training, including artifacts—a watermark, a background, a camera type—that correlate with the outcome by accident. A classifier that appears to “detect luxury” may have learned to detect studio lighting. Probe what the model actually responds to before interpreting a feature substantively.

The fourth is conflating content and aesthetics, collapsing what is shown and how it looks into one score when the social-media evidence says their effects are separable. Keep the two families of features distinct and let the data assign their effects.

The fifth is ethics and privacy, especially for facial and demographic inference. Subgroup-correlated error and the inference of protected attributes raise fairness and legal exposure (Chapter 24); coarse, validated labels are preferable to fine-grained inferences, and audits by subgroup are not optional.

Underlying all five is a single discipline borrowed from the rest of this book: fix the representation before looking at outcomes, validate the features against ground truth, prefer designs that randomize the image over those that merely observe it, and report the bias that remains. An image feature is a measurement, and like every measurement in Chapter 35 it must be shown to be reliable and valid before its coefficient can be believed. Images are one branch of the broader unstructured-data program (Balducci and Marinova 2018); for a survey focused on the visual channel and its methods, see Dzyabura, El Kihal, and Peres (2021).








Replication resources: image analytics




The hand-engineered color/complexity features and the frozen-embedding transfer-learning demonstration in this chapter run on open R/Python tooling (magick/imager in R; Pillow, OpenCV, and pretrained torchvision/timm backbones in Python). The canonical backbones ship reference implementations—ResNet at github.com/KaimingHe/deep-residual-networks (K. He et al. 2016); ImageNet-pretrained AlexNet/Inception weights (Krizhevsky, Sutskever, and Hinton 2017; Szegedy et al. 2015) are bundled in every deep-learning framework—and SIFT (Lowe 2004) is in OpenCV. The empirical marketing studies cited here (e.g., L. Liu, Dzyabura, and Mizik (2020), Hartmann et al. (2021b), S. Zhang et al. (2022b)) generally rely on proprietary image corpora; confirm any code/data release on the article page rather than assuming one.









45.8 Key Takeaways


	An image is a high-dimensional tensor (Equation 45.1); useful image analysis replaces raw pixels with learned or hand-engineered features whose dimensions a marketing theory can interpret.

	The convolutional network (Equation 45.2) builds locality and translation structure in by construction; in marketing it is almost always used via transfer learning, with a frozen pre-trained backbone supplying an embedding to a small downstream model.

	Marketing image features divide into brand (logo and perceptual identity, as in L. Liu, Dzyabura, and Mizik (2020)), aesthetic (beauty and arousal potential, grounded in Berlyne (1960)), and content (objects, scenes, faces) families.

	Image features are generated regressors: classical error attenuates effects by the reliability ratio (Equation 45.5), and non-classical, outcome-correlated error biases them unpredictably. Validate, and prefer designs that randomize the image.

	The strongest applications—advertising creative and social-media engagement—pair image features with experimental assignment of the visual stimulus, severing the confound between what an image looks like and the campaign that produced it.







46 Audio, Voice, and Speech

Marketing has a soundtrack. A call-center recording, a podcast ad read, a voice-assistant exchange, a thirty-second spot scored to a swelling string line, the timbre of a spokesperson’s voice: each is an acoustic artifact that carries information about what a person said and, just as importantly, how they said it. For most of the discipline’s history that information was inaccessible at scale. Audio could be played back and judged by a human coder, but it could not be turned into the kind of numbers that enter a demand system, a choice model, or a regression. What has changed is that a waveform can now be transcribed, characterized, and embedded automatically across millions of recordings, so the acoustic layer of marketing becomes data in the same operational sense that text (Chapter 43) and images (Chapter 45) already are.

The intellectual move is the one this part has made repeatedly. An unstructured artifact, here a one-dimensional pressure signal sampled in time, is mapped into a feature vector that a marketing theory can speak about. As with text and images, the representation is lossy and learned, and the central econometric caution carries over without modification: an acoustic feature is a generated regressor whose measurement error can correlate with the outcome it is meant to explain, so a naive regression confounds measurement with effect. Audio adds one distinctive opportunity, which organizes much of this chapter. A spoken utterance has two separable channels: the lexical channel (the words, recoverable by transcription and then handed to the entire text-as-data pipeline) and the paralinguistic channel (pitch, loudness, rhythm, voice quality, the acoustic carrier of emotion and emphasis). The distinction between what is said and how it is said is the payoff of treating audio as its own modality rather than as a noisy path to a transcript.

The chapter proceeds from signal to construct to application. It first surveys where audio enters marketing. It then fixes what a digital sound is and develops the classic acoustic features that have powered speech and music analysis for decades, with a runnable demonstration that synthesizes a voice-like waveform and extracts a spectrogram, mel-frequency cepstral coefficients, a fundamental frequency contour, and a spectral centroid from it. With those primitives in hand it turns to automatic speech recognition and speech analytics, to vocal emotion and prosody, and to music and sonic branding. It closes with the realities of production practice and a short look at the frontier.


46.1 Where Audio Enters Marketing

Audio reaches marketing through several distinct streams, each with its own data characteristics and its own measurement question.

The largest and least exploited stream is the service and sales voice channel. Contact centers and outbound sales organizations record enormous volumes of calls, historically for compliance and quality assurance, and these recordings hold both a transcript and an acoustic signal. The transcript answers what was discussed: the reason for the call, the objections raised, whether a resolution or a sale occurred. The acoustic signal answers how the exchange unfolded: whether the customer’s voice tightened with frustration, whether the agent’s pace and warmth tracked or diverged from the customer’s, where in the call the emotional tenor turned. Vocal-tone analytics on this channel promises to predict churn, satisfaction, conversion, and agent effectiveness from signals a transcript cannot see. This is the channel the unstructured-data program was built to exploit (Balducci and Marinova 2018), and it is the explicit subject of Balducci et al. (2025), whose guide to understanding customer–firm conversations walks through the full path from raw call audio to validated measures—segmentation, transcription, speaker diarization, acoustic-prosodic feature extraction, and the joint modeling of the lexical and paralinguistic channels—and is the natural methodological anchor for this chapter. Even so, a clean top-tier marketing study analyzing raw call-center acoustic features at scale with a verifiable identification strategy remains comparatively rare, which is precisely why the channel is a first-class opportunity. That voice carries economically consequential signal is already established outside marketing: Mayew and Venkatachalam (2012) show that vocal markers of managerial affect on earnings calls predict future firm performance, and Hobson, Mayew, and Venkatachalam (2012) detect financial misreporting from acoustic cues of cognitive dissonance in executive speech—evidence that the paralinguistic channel encodes information markets pay to recover.

A second stream is voice-assistant and voice-commerce interaction. Smart speakers and phone assistants (Alexa, Siri, Google Assistant) turn shopping, search, and brand contact into spoken dialogue, which raises questions both about the consumer’s relationship with the device and about the persuasive properties of the assistant’s synthesized voice. Schweitzer, Belk, Jordan, and Ortner (2019, Journal of Marketing Management, doi:10.1080/0267257X.2019.1596970) frame the consumer side: users build relationships with voice-controlled devices that range from treating the device as a servant to treating it as a friend or even a master, and that relational frame shapes adoption and reliance. On the persuasion side, Flavián, Akdim, and Casaló (2023, Psychology & Marketing, doi:10.1002/mar.21765) show experimentally that voice-based recommendations from a virtual assistant can move consumer behavior more than text-based online reviews, with credibility and usefulness mediating the effect. Voice commerce makes the acoustic properties of a machine’s voice a marketing-mix variable. Adoption of in-home assistants is governed by perceived usefulness, enjoyment, and social presence (McLean and Osei-Frimpong 2019), and sustained use feeds back into brand engagement (McLean, Osei-Frimpong, and Barhorst 2021); the services-marketing agenda these devices open—from the convenience calculus of voice shopping to the design of an assistant’s persona—is mapped by Klaus and Zaichkowsky (2020) and Klaus and Zaichkowsky (2022). The frontier is affective and strategic: Mari, Mandelli, and Algesheimer (2024) find that prosodically empathic assistants lift consumer responses in voice commerce, while Mari, Mandelli, and Algesheimer (2025) document an efficiency–autonomy trade-off when consumers delegate shopping to a voice agent. And because the recommendation now issues from a machine, the “word-of-machine” effect applies directly: consumers weight human versus algorithmic recommenders differently for utilitarian versus hedonic goals (Longoni and Cian 2022), a contingency every voice-commerce deployment inherits.

A third stream is advertising and branded audio: radio and television ad audio, podcast host-read and programmatic insertions, and the music and sound design of spots across media. Here the questions are classic advertising questions (recall, attitude, persuasion) asked of an acoustic stimulus, and the literature on music in advertising, reviewed below, is the oldest and most developed thread in the modality.

A fourth stream is sonic branding: the deliberate design of a brand’s auditory identity, from the multi-second sound logo (the Intel chime, the Netflix “ta-dum,” a startup tone) to the chosen voice of a brand’s spokes-character or assistant. Sonic branding treats sound the way visual branding treats a logo or color palette, as a recognizable, ownable, affect-laden asset.

Across all four streams the same architecture recurs and is worth adopting as a default. Run automatic speech recognition to obtain a transcript and feed it to the text pipeline; separately extract acoustic-prosodic features as their own signal; and model the two channels jointly, never collapsing how-it-was-said into what-was-said. The remainder of the chapter equips each half of that architecture.



46.2 What a Sound Is, and Its Classic Features

Formally, a digital audio signal is a function of time sampled on a uniform grid. A continuous sound pressure wave x(t)x(t) is recorded as a sequence

x[n]=x(n/fs),n=0,1,…,N−1,(46.1)
x[n] = x(n / f_s), \qquad n = 0, 1, \dots, N-1,
 \qquad(46.1)

where fsf_s is the sampling rate in samples per second (hertz) and the number of samples N=fs⋅TN = f_s \cdot T for a recording of duration TT. The Nyquist-Shannon sampling theorem requires fsf_s to be at least twice the highest frequency of interest, which is why telephone speech is adequately captured at 8 kHz (human speech intelligibility lives mostly below 4 kHz) while music is sampled at 44.1 kHz to preserve content up to roughly 22 kHz. Each sample x[n]x[n] is a single amplitude value, the analogue of a pixel, and like a pixel it is almost meaningless in isolation. What carries information is structure across many samples: periodicity, spectral content, and how both evolve in time.

Because the informative structure is spectral and time-varying, the raw waveform is almost never modeled directly. The foundational transform is the short-time Fourier transform, which slides a short analysis window across the signal and computes, in each window, the distribution of energy across frequency. The squared magnitude of this transform, displayed as time on the horizontal axis, frequency on the vertical, and energy as intensity, is the spectrogram, the single most important visualization in audio analysis. A spectrogram of speech reveals the horizontal bands of energy (formants) that distinguish vowels, the broadband bursts of consonants, and the vertical striations of the glottal pulse train whose spacing encodes pitch.

From the spectrogram, a small set of classic features has organized speech and music analysis for four decades.

The fundamental frequency f0f_0 is the rate at which the vocal folds vibrate, the acoustic correlate of perceived pitch. Its average level, its range, and the shape of its contour over an utterance carry speaker identity, emphasis, question-versus statement intonation, and a large share of vocal emotion.

Mel-frequency cepstral coefficients (MFCCs) are the workhorse representation of the spectral envelope, that is, of the overall shape of the spectrum that distinguishes one vowel or timbre from another independent of pitch. MFCCs were introduced by Davis and Mermelstein (1980, IEEE Transactions on Acoustics, Speech, and Signal Processing, doi:10.1109/TASSP.1980.1163420) and remain ubiquitous. They are computed by warping the spectrum onto the perceptual mel scale (which spaces frequencies the way the human ear resolves them, finely at low frequencies and coarsely at high), taking logarithms of the energy in a bank of mel filters, and applying a discrete cosine transform to decorrelate the result. The first dozen or so coefficients compactly summarize timbre and are the standard input to speaker, emotion, and (historically) speech recognition.

Spectral shape features summarize the distribution of energy across frequency in a single number each. The most common is the spectral centroid, the amplitude-weighted mean frequency, which corresponds to perceived brightness: a bright, sharp voice or a cymbal has a high centroid, a dull or muffled sound a low one. Related measures include spectral spread, rolloff, and flatness.

Energy and rhythm features (the short-time energy or loudness contour, the speaking rate, the distribution of pause durations) capture intensity and timing, which carry arousal, emphasis, and conversational dynamics.

Voice-quality features (jitter, the cycle-to-cycle variability in f0f_0; shimmer, the variability in amplitude; and the harmonics-to-noise ratio) quantify the roughness, breathiness, or strain of a voice, and are sensitive markers of stress and emotion.

These features are interpretable, cheap, and defensible, the audio analogue of the hand-engineered color and composition features of Chapter 45. They were designed by acoustic phoneticians with explicit perceptual motivation, and they remain the right tool when the construct is well understood, the sample is modest, or interpretability is paramount. Table 46.1 maps each family of acoustic features to the marketing construct it most directly measures and to a representative study, so the demonstration that follows can be read as instrumenting constructs, not merely transforming a signal.


library(knitr)
af <- data.frame(
  `Feature family` = c("Fundamental frequency (f0)", "MFCCs (spectral envelope)",
                       "Spectral shape (centroid, rolloff)", "Energy & rhythm (loudness, rate, pauses)",
                       "Voice quality (jitter, shimmer, HNR)"),
  `Perceptual correlate` = c("Pitch, intonation", "Timbre, vowel/voice identity",
                             "Brightness", "Arousal, emphasis, pacing", "Roughness, breathiness, strain"),
  `Marketing construct` = c("Emotion, persuasion, gender", "Speaker/emotion ID",
                            "Persuasiveness, affect", "Engagement, conversational dynamics",
                            "Stress, sincerity, emotion"),
  check.names = FALSE
)
kable(af)





Table 46.1: Classic acoustic feature families, the perceptual and marketing constructs they carry, and representative work. The features are the audio analogue of hand-engineered visual features.











	Feature family
	Perceptual correlate
	Marketing construct





	Fundamental frequency (f0)
	Pitch, intonation
	Emotion, persuasion, gender



	MFCCs (spectral envelope)
	Timbre, vowel/voice identity
	Speaker/emotion ID



	Spectral shape (centroid, rolloff)
	Brightness
	Persuasiveness, affect



	Energy & rhythm (loudness, rate, pauses)
	Arousal, emphasis, pacing
	Engagement, conversational dynamics



	Voice quality (jitter, shimmer, HNR)
	Roughness, breathiness, strain
	Stress, sincerity, emotion














The move from these hand-engineered descriptors to a reproducible measurement workflow is the subject of a small methods literature aimed squarely at business and marketing researchers. Hildebrand et al. (2020) lay the conceptual foundations of voice analytics for business research—what the acoustic channel can and cannot measure, which features to extract, and how to validate them—and Busquet, Efthymiou, and Hildebrand (2024) stress-test that pipeline “in the wild,” showing that the validity and predictive accuracy of common acoustic features depend materially on the recording device, a direct caution for any study that mixes telephone, smart-speaker, and studio audio. Crucially, this line ships usable tooling rather than prescriptions alone.








Replication resources: voice analytics




The acoustic-feature pipeline of Hildebrand et al. (2020) and Busquet, Efthymiou, and Hildebrand (2024) is released as the open R package voiceR (Busquet and Hildebrand 2023), available on CRAN, which automates batch extraction, normalization, and summary of the features in Table 46.1 and is a turnkey way to reproduce the kind of analysis the demonstration below builds by hand. For raw signal processing the maintained R packages tuneR and seewave (used below) and the Python librosa, pyAudioAnalysis, and the standardized openSMILE feature sets remain the reference toolchain.








46.2.1 A Runnable Demonstration: From Waveform to Features

The demonstration below synthesizes a short voice-like waveform with known properties and then extracts the four classic features just described, using the maintained R packages tuneR and seewave. The signal is deliberately simple and fully simulated: a glottal source modeled as a fundamental plus harmonics, with a slow vibrato so the pitch contour is non-trivial, shaped by an amplitude envelope and contaminated with a little noise. Because the construction is known, the extracted features can be checked against ground truth, which is the point of a simulation. Everything here runs on synthetic data and uses only signal-processing functions, not deep models.


# Maintained CRAN packages for audio analysis in R.
library(tuneR)    # Wave objects, MFCCs (melfcc)
library(seewave)  # spectrogram, fundamental frequency, spectral measures

set.seed(52)





# ---- Synthesize a voice-like waveform with KNOWN properties ----
fs   <- 16000                      # sampling rate (Hz); 16 kHz is standard for speech
dur  <- 1.2                        # seconds
t    <- seq(0, dur, by = 1 / fs)   # time grid
N    <- length(t)

f0_mean <- 140                     # mean fundamental frequency (Hz), a low-ish voice
vibrato <- 6 * sin(2 * pi * 4 * t) # +/- 6 Hz pitch wobble at 4 Hz (a gentle vibrato)
f0_t    <- f0_mean + vibrato       # instantaneous f0 over time

# Instantaneous phase = 2*pi * integral of f0(t); cumulative sum approximates it.
phase <- 2 * pi * cumsum(f0_t) / fs

# A glottal-like source: fundamental + decaying harmonics (gives a vowel-ish timbre).
harm_amp <- c(1.0, 0.6, 0.35, 0.2, 0.12)
sig <- rep(0, N)
for (h in seq_along(harm_amp)) {
  sig <- sig + harm_amp[h] * sin(h * phase)
}

# Amplitude envelope (fade in/out) and a little additive noise (breathiness).
env <- sin(pi * seq_len(N) / N)^0.5
sig <- env * sig + rnorm(N, 0, 0.03)

# Wrap as a normalized 16-bit mono Wave object (tuneR's core data structure).
wav <- Wave(left = sig, samp.rate = fs, bit = 16)
wav <- normalize(wav, unit = "16")
wav
#> 
#> Wave Object
#>  Number of Samples:      19201
#>  Duration (seconds):     1.2
#>  Samplingrate (Hertz):   16000
#>  Channels (Mono/Stereo): Mono
#>  PCM (integer format):   TRUE
#>  Bit (8/16/24/32/64):    16




The object wav is now an ordinary Wave, the same structure tuneR would produce from reading a .wav file off disk, so every step that follows applies identically to real recordings.


# ---- Spectrogram: energy across time (x) and frequency (y) ----
# wl is the analysis-window length in samples; ovlp the percent overlap.
seewave::spectro(wav, f = fs, wl = 512, ovlp = 75,
                 collevels = seq(-60, 0, 5), flim = c(0, 2),
                 main = "Spectrogram (synthetic voice)")





[image: ]

Spectrogram of the synthesized voice-like signal. Horizontal bands are the harmonics of the fundamental; their gentle waviness is the simulated vibrato.







The spectrogram shows a stack of horizontal bands, the fundamental near 140 Hz and its harmonics above it, each rippling slightly with the 4 Hz vibrato that was built in. This is exactly the harmonic structure a sustained vowel produces.


# ---- Fundamental frequency contour ----
# seewave::fund returns a matrix of (time, f0-in-kHz); we convert to Hz.
ff <- seewave::fund(wav, f = fs, wl = 512, ovlp = 75,
                    fmax = 600, plot = FALSE)
f0_hz <- ff[, 2] * 1000                     # kHz -> Hz
f0_hz <- f0_hz[is.finite(f0_hz) & f0_hz > 0]

plot(f0_hz, type = "l", xlab = "Frame", ylab = "f0 (Hz)",
     main = "Estimated fundamental frequency")
abline(h = f0_mean, col = "red", lty = 2)   # the true mean we synthesized





[image: ]

Estimated fundamental-frequency (pitch) contour. The estimate hovers near the 140 Hz that was synthesized and traces the vibrato.






round(c(true_f0_mean = f0_mean,
        est_f0_median = median(f0_hz)), 1)
#>  true_f0_mean est_f0_median 
#>         140.0         140.4




The estimated pitch track sits close to the dashed line at the true mean of 140 Hz, recovering a property that was put into the signal by construction. In a real recording this same contour is what carries question intonation, emphasis, and much of the emotional signal developed below.


# ---- Mel-frequency cepstral coefficients (timbre) ----
# tuneR::melfcc returns a matrix: one row per analysis frame, one column per coefficient.
mf <- melfcc(wav, sr = fs, numcep = 13,
             wintime = 0.025, hoptime = 0.010)  # 25 ms windows, 10 ms hop
cat("MFCC matrix dimensions (frames x coefficients):",
    paste(dim(mf), collapse = " x "), "\n")
#> MFCC matrix dimensions (frames x coefficients): 118 x 13

# Per-utterance summary: the mean of each coefficient across frames.
# Aggregating frame-level features to a fixed-length vector is the standard way
# to turn a variable-length recording into one row of a design matrix.
mfcc_means <- round(colMeans(mf), 3)
names(mfcc_means) <- paste0("c", 0:12)
mfcc_means
#>     c0     c1     c2     c3     c4     c5     c6     c7     c8     c9    c10 
#> 94.973  4.071 15.124  8.855  1.362 -5.616 -8.119 -5.853 -0.553  3.384  4.121 
#>    c11    c12 
#>  1.548 -2.113




The MFCC matrix has one row per short analysis frame and thirteen columns. A recording of any length therefore yields a variable number of frames, and the last lines show the standard device for handling that: summarize the frames (here by their mean) into a single fixed-length vector that can become one row of a regression or classifier design matrix. The first coefficient c0 reflects overall log-energy; the rest encode the spectral envelope, that is, the timbre.


# ---- Spectral centroid (perceived brightness) ----
# Compute the mean spectrum, then the amplitude-weighted mean frequency.
ms <- seewave::meanspec(wav, f = fs, wl = 512, plot = FALSE)
freq_khz <- ms[, 1]                   # frequency axis in kHz
amp      <- ms[, 2]                   # relative amplitude
centroid_hz <- sum(freq_khz * amp) / sum(amp) * 1000

# seewave::specprop packages the same and related descriptors; 'cent' is the
# centroid in Hz. We report both to show they agree.
sp <- seewave::specprop(ms, f = fs)
round(c(centroid_manual_hz = centroid_hz,
        centroid_specprop_hz = as.numeric(sp$cent)), 1)
#>   centroid_manual_hz centroid_specprop_hz 
#>                915.6                915.6




The spectral centroid, computed both by hand as the amplitude-weighted mean frequency and via seewave::specprop, lands in the low hundreds of hertz, consistent with a low-pitched voice whose energy is concentrated in the fundamental and its first few harmonics. A brighter sound (more high-frequency energy) would push this number up. With four lines each, this demonstration has turned a one-dimensional waveform into a pitch contour, a timbre vector, and a brightness scalar, the same primitives that feed every application that follows.




46.3 Automatic Speech Recognition and Speech Analytics

The lexical channel of audio is unlocked by automatic speech recognition (ASR), the task of transcribing speech to text. ASR is the bridge that lets the entire text-as-data apparatus of Chapter 43, that is, topic models, sentiment and stance classifiers, embeddings, and large-language-model extraction, operate on spoken marketing data. The history of ASR runs from the MFCC-plus-hidden-Markov systems of the 1980s and 1990s, through hybrid deep-neural-network systems in the 2010s, to today’s end-to-end sequence models trained on very large corpora. The contemporary reference point is OpenAI’s Whisper, an encoder-decoder transformer trained on a large multilingual, multitask corpus that produces robust transcripts across accents, noise, and domains and has become a common default for research pipelines. Wav2vec 2.0 represents the parallel self-supervised line: it learns speech representations from unlabeled audio that can then be fine-tuned for recognition with relatively little labeled data. These deep-ASR systems are best treated here as conceptual building blocks rather than something to run inline: they require substantial compute and large pretrained weights, and unlike the signal-processing demonstration above they are not lightweight enough to execute in a book’s render pipeline. The practical posture is to call them as a service or a preprocessing step, then verify their output, because transcription error is a measurement error that propagates into every downstream text feature.

Several capabilities sit alongside transcription and together constitute speech analytics. Speaker diarization segments a recording into “who spoke when,” essential for separating the agent from the customer in a service call or the host from the guest in a podcast. Speaker identification and verification match a voice to a known identity, underpinning voice biometrics and fraud detection. Keyword and intent spotting flags compliance-relevant phrases, product mentions, or competitor references without a full transcript. Language and accent identification route and segment multilingual corpora. In a production speech- analytics stack these run before or alongside ASR, and their errors, like ASR’s, are generated-feature errors that the downstream analysis must respect.

The strategic value of the lexical channel in marketing is that it converts the spoken word, previously locked in un-searchable audio, into the same representations that have made review text and social-media text so productive. A corpus of sales-call transcripts can be mined for the objections that precede a lost deal, the language that precedes a renewal, or the product features customers actually ask about, exactly as a corpus of reviews is mined for product attributes. And the style of the transcribed words, not only their content, carries outcome-relevant signal: Packard and Berger (2021) show that the concreteness of frontline-employee language raises customer satisfaction and purchase, recovered from the lexical channel of service interactions, while Melumad, Inman, and Pham (2019) show that the device a message is composed on systematically shifts its emotionality, a reminder that the transcript’s linguistic features are themselves shaped by the capture context. But transcription alone discards the paralinguistic channel, and that channel is where audio earns its place as a distinct modality.



46.4 Vocal Emotion and Prosody: How It Is Said

The acoustic-prosodic channel carries information that the words do not. The same sentence, “that’s just great,” can be sincere or sarcastic (Chapter 44), and the difference lives almost entirely in pitch, timing, and voice quality rather than in the lexical content. Prosody, the melody and rhythm of speech, comprises the f0f_0 contour, the loudness contour, speaking rate and pausing, and voice quality. These are the features the demonstration above extracted, and they are the substrate of vocal emotion.

The scientific anchor is Scherer (2003, Speech Communication, doi:10.1016/S0167-6393(02)00084-5), whose review of vocal emotion communication lays out both the production side (how emotions systematically modulate acoustic parameters: anger raises and broadens pitch and energy, sadness lowers and narrows them, and so on) and the recognition side (how listeners decode those parameters). This is the theory that licenses treating acoustic features as measures of an emotional construct rather than as arbitrary numbers. On the engineering side, speech emotion recognition (SER) builds classifiers that map acoustic features to emotion labels. El Ayadi, Kamel, and Karray (2011, Pattern Recognition, doi:10.1016/j.patcog.2010.09.020) survey the classic pipeline (hand-engineered prosodic, spectral, and voice-quality features feeding a classifier) and the recurring difficulties: emotion is continuous and context-dependent, labeled datasets are small and often acted rather than spontaneous, and accuracy degrades sharply when a model trained on one corpus or language meets another. Modern SER replaces or augments the hand-engineered features with learned audio embeddings of the wav2vec family, but the validity problems the survey names (label quality, acted-versus-spontaneous mismatch, cross-corpus generalization) are exactly the construct-validity concerns (1) that this book insists on, and they do not disappear when the feature extractor becomes a neural network.

Prosody also carries persuasion, not only emotion. Zoghaib (2019, Recherche et Applications en Marketing, doi:10.1177/2051570719828687) manipulates a speaker’s voice along acoustic dimensions and finds that lower-pitched, smoother (less rough), and duller (less bright) voices are the more persuasive, with effects that interact with speaker gender. This is a direct demonstration that the very features the demonstration computed, f0f_0 level and spectral centroid and voice-quality roughness, are not bookkeeping quantities but marketing-relevant levers that shape consumer response to the same words. The managerial reading is that a brand choosing a spokesperson, a voice actor for an ad, or a timbre for a synthesized assistant is choosing a persuasion parameter, and that choice can now be measured acoustically rather than left to intuition.

The discipline’s standing caution applies with force here. Acoustic-emotion features are generated regressors, and the model that generates them was trained on data whose emotional labels, speaker demographics, and recording conditions may differ systematically from the marketing setting of interest. A vocal-frustration score that is more accurate for some accents than others, or for studio audio than for telephone audio, injects a bias that can correlate with the outcome. The remedy is the one used throughout this part: validate the generated feature against human judgment on a held-out sample from the target domain before trusting it in a downstream model.



46.5 Music and Sonic Branding

Music is the oldest and most developed thread in audio-as-marketing, and the research is unusually clear that music in advertising is not decoration but a processing variable. Hecker (1984, Psychology & Marketing, doi:10.1002/mar.4220010303) gives the early statement of music’s role in advertising effect. The empirical core comes from a sequence of careful studies. Milliman (1982, Journal of Marketing, doi:10.1177/002224298204600313) shows in a field setting that the tempo of background music changes the pace at which supermarket shoppers move and, with it, sales volume: slow music slows shoppers and raises spending. North, Hargreaves, and McKendrick (1999, Journal of Applied Psychology, doi:10.1037/0021-9010.84.2.271) demonstrate that the style of in-store music biases product choice, with French music lifting French wine sales and German music lifting German wine sales, an effect operating largely outside shoppers’ awareness. For advertising specifically, Kellaris and Cox (1989, Journal of Consumer Research, doi:10.1086/209199) reassess earlier claims about background music and persuasion, and Kellaris, Cox, and Cox (1993, Journal of Marketing, doi:10.1177/002224299305700409) provide the contingency account that organizes the field: music helps message reception when its attention-gaining properties and its congruency with the message work together, and can hurt when they conflict. The lesson is that music’s effect is moderated by fit, not uniformly positive, which is exactly why measuring musical content matters.

Measuring that content is the province of music information retrieval (MIR), which extracts tempo and beat, key and mode (major versus minor, a strong correlate of happy versus sad), timbre via the same MFCCs used for speech, and learned embeddings of valence and arousal. These features let a researcher characterize the music in thousands of ads or podcast segments and relate it to recall, attitude, and sales at a scale the classic studies could not reach. The bridge from the classic effects literature to MIR-based measurement at scale is one of the more tractable open opportunities in the modality.

Sonic branding extends music’s logic from the spot to the brand. Zoghaib, Luffarelli, and Feiereisen (2023, Psychology & Marketing, doi:10.1002/mar.21875) show that structural properties of a brand’s music, an irregular melodic contour and an unstable tonality, raise perceived brand innovativeness and brand evaluations, with processing difficulty as the mechanism. This connects sonic branding to the same aesthetic-complexity logic that governs visual branding in Chapter 45: a moderate, productive difficulty in processing a stimulus can enhance rather than diminish response. The sound logo, the brand voice, and the scoring of a brand’s content are, on this evidence, designable assets whose acoustic properties carry measurable equity.



46.6 Industry and Production Practice

Bringing audio analysis into a working marketing organization confronts a set of realities the academic framing can understate.

The first is data access and consent. Call recordings, voice-assistant logs, and any audio containing identifiable voices are sensitive personal data. The human voice is a biometric identifier, and many jurisdictions regulate it specifically; two-party-consent recording laws, the need for a lawful basis to process voice data, and rules on automated decision-making all constrain what can be collected and modeled. The privacy and governance considerations of Chapter 24 are not an afterthought for audio but a precondition for it, and they shape the dataset before any feature is extracted.

The second is audio quality and channel effects. Telephone audio is band-limited to roughly 300 to 3400 Hz and compressed by lossy codecs; far-field smart-speaker audio carries room reverberation and background noise; podcast audio is studio-clean but heavily processed. These channel differences alter the very features a model relies on, so a pitch or emotion model trained on one channel can fail on another. Robust practice fixes the sampling rate and channel, applies consistent preprocessing (resampling, normalization, optional noise reduction), and validates within the channel of deployment.

The third is the pipeline architecture that the chapter has advocated throughout, now stated as engineering. A production system typically runs voice-activity detection to find speech, diarization to separate speakers, ASR to transcribe, and a parallel acoustic-feature extractor for prosody and emotion, then fuses the lexical and paralinguistic streams for the downstream task. Each stage is a model with its own error rate, and those errors compound, so monitoring and human spot- checking at each stage are not optional.

The fourth is build-versus-buy. A mature ecosystem of commercial speech-to-text, diarization, and emotion APIs (from the major cloud providers and specialized vendors) makes it unnecessary to train ASR from scratch, while open-source models (Whisper, wav2vec 2.0) and toolkits (librosa and pyAudioAnalysis in Python, openSMILE for standardized acoustic feature sets, and tuneR and seewave in R for the signal-processing primitives demonstrated above) make a transparent, auditable in-house pipeline feasible. The choice turns on data sensitivity (a regulated voice corpus may not leave the premises), the need for auditability in a research setting, and cost at scale. For the construct-validity reasons this book stresses, a research pipeline benefits from the transparency of open tooling even when a commercial API would be more accurate out of the box.



46.7 Frontier and Expansion

Audio is the youngest of the well-developed marketing data modalities, and several frontiers are visible. The first is self-supervised audio foundation models. Just as wav2vec 2.0 learns speech representations from unlabeled audio and Whisper learns robust transcription from weak supervision at scale, general-purpose audio embeddings increasingly provide a single representation that supports emotion, speaker, and content tasks with light fine-tuning, lowering the barrier to acoustic measurement in marketing much as pretrained image and text models did for those modalities. The second is multimodal fusion, the natural endpoint of this part: a podcast ad, a TikTok video (Chapter 43 and the image and video threads), or a live-commerce stream is simultaneously audio, speech, on-screen text, and image, and the acoustic features developed here are one stream to be fused with the others rather than analyzed alone. The third is generative and synthetic voice: text-to-speech has become good enough that brands synthesize spokesperson voices and personalize audio at scale, which turns voice from a measured variable into a designed one and raises fresh questions of authenticity, disclosure, and consumer trust. The fourth is the still-open call-analytics opportunity flagged at the start: the service and sales voice channel remains comparatively under-studied in top-tier marketing research, and a credible identification strategy applied to acoustic call features at scale is among the clearer contributions the modality invites.

The synthesizing survey of machine learning and AI in marketing by Ma and Sun (2020, International Journal of Research in Marketing, doi:10.1016/j.ijresmar.2020.04.005) situates audio within the broader move to connect computational representations of unstructured data to human marketing insight, and it is the right place to read this chapter’s modality back into the whole. The consistent thread, from the MFCCs of 1980 to the foundation models of today, is the one this part repeats for every modality: a sound becomes a learned, lossy feature vector; that vector is a generated regressor; and the marketing payoff comes from separating what is said from how it is said, then defending both measurements before trusting either.





47 Video

Video is the densest marketing artifact a consumer encounters and the hardest to measure. A single fifteen-second TikTok ad is, simultaneously, a stream of images (the visual frames), a stream of sound (speech, music, ambient audio), a stream of language (the spoken script, the on-screen captions, the post caption and hashtags), and a stream of motion (camera movement, cuts, the pace at which all of the above changes). Every modality treated separately in the preceding chapters reappears here at once, and a new dimension, time, organizes them. The marketing payoff of video is precisely this richness: pacing, the moment a brand first appears, the emotional arc from hook to call-to-action, and the synchrony of music with cuts are creative levers that no still image or transcript can capture. The measurement burden is the same richness seen from the other side: a thirty-frame-per-second clip is a high-dimensional object whose informative structure lives in the relationships across frames and across modalities, not in any frame alone.

This chapter treats video as an intrinsically multimodal, temporal data type and builds the analyst’s representation from the frame outward. It opens with the marketing applications that make video a first-class modality (television and streaming ads, short-form vertical video, livestream commerce, user-generated video). It then develops the frame-based representation, the honest foundation on which all video analysis rests, and demonstrates it with runnable code that samples a short synthetic clip, extracts per-frame visual features, and computes temporal-difference signals that flag shot changes. From there it layers the methods that make video more than a bag of frames: scene and shot segmentation, action and motion recognition, and the temporal architectures (3D convolutional networks, two-stream and SlowFast designs, video transformers) that model dynamics directly. It then turns to multimodal fusion, the joint modeling of frame, audio, and text streams that is the empirical heart of modern video-as-data marketing research, and to engagement and creative analytics, where extracted features predict watch time, completion, and conversion. It closes with the industrial reality of how platforms and brands analyze video at scale, and with the frontier of video-native foundation models. Throughout, the generated-regressor caution that unifies Chapter 43 and Chapter 45 applies with compounded force: every video feature is a model output, and a video pipeline stacks several such models in series, so the correlated-error problem accumulates across the stack.


47.1 Why Video Is a Marketing Data Type

Video earns a dedicated treatment because the marketing economy now runs on it, and because the questions managers ask of video cannot be answered by analyzing its frames or its transcript in isolation.

Television and streaming advertising. The oldest video-marketing question, what makes a commercial work, has been transformed by the migration of the thirty-second spot from broadcast to connected television and ad-supported streaming. The creative object is unchanged in form but newly measurable at scale: streaming platforms log exposure, completion, and downstream behavior at the household level, so the content of the ad (its scenes, its pacing, when the brand appears, the emotional trajectory) can be linked to response in a way that broadcast panels never permitted. The analyst’s task is to turn the creative into features and relate those features to lift.

Short-form vertical video. TikTok, Instagram Reels, and YouTube Shorts have made the nine-to-sixty-second vertical clip the dominant unit of attention for large consumer segments. Short-form video compresses the entire persuasive arc, hook, demonstration, and call-to-action, into seconds, which puts a premium on pacing and on the first frames (the “hook”). Influencer-produced short-form advertising is now a major channel, and the flagship marketing study of it, J. Yang, Zhang, and Zhang (2025) on TikTok, shows that fusing the video, audio, and text streams of influencer ads predicts product sales, and that engagement signals mediate the path from creative to revenue. Short-form video is also where algorithmic distribution is most aggressive: a clip’s reach is determined by a recommender that itself consumes the video’s features, so creative analysis and distribution analysis are entangled.

Livestream and live commerce. Live shopping, a host demonstrating and selling products in real time to a chat-interacting audience, fuses video, continuous speech, and a real-time text stream (the chat) with an immediate transactional outcome (purchases during the stream). It is the most explicitly multimodal commercial video format, and it has begun to attract rigorous measurement. Wen et al. (2026) analyze livestreaming e-commerce with multimodal machine learning, decomposing a salesperson’s on-screen effectiveness into visual, vocal, and verbal components and using explainable-AI methods to attribute sales to them; W. Xu, Cao, and Chen (2024) and G. Xu et al. (2024) build multimodal fusion frameworks that combine the host’s audio, visual, and textual signals (and, in the latter, multiple on-screen entities) to predict product sales during a stream. Live commerce is distinctive because the outcome is contemporaneous with the content, which sharpens both the opportunity (within-stream dynamics map directly onto within-stream sales) and the identification challenge (the host adapts in real time to the chat).

User-generated video: reviews, unboxings, hauls. Consumers now narrate their product experiences on camera. A video review carries information that a text review cannot: the product shown in use, the reviewer’s facial affect, vocal tone, the demonstration of fit or scale. Unboxing and haul videos are a genre unto themselves with measurable engagement consequences. For the firm, user-generated video is both a listening channel (what do consumers actually do with the product, and how do they feel) and a demand signal (review video volume and sentiment predict sales), extending the online word-of-mouth tradition of review-to-sales research from text to the screen (J. A. Chevalier and Mayzlin 2006).

The common thread is that the marketing question is almost always about content and its dynamics: which creative choices, appearing when in the clip, drive attention, engagement, and conversion. Answering it requires turning the video into features that respect both its multimodality and its temporal structure. The rest of the chapter builds that representation.



47.2 The Frame-Based Representation

A video is, at bottom, an ordered sequence of still images sampled at a frame rate, with a synchronized audio track. The honest foundation of all video analysis is therefore the frame: whatever sophistication follows (motion models, multimodal transformers) is built on top of a decision about which frames to look at and what to extract from each. This section develops that foundation and demonstrates it with code that genuinely runs.


47.2.1 Frame sampling

Processing every frame of a clip is usually wasteful and sometimes infeasible: a one-minute clip at thirty frames per second is eighteen hundred images, most of them near-duplicates of their neighbors. The practical pipeline samples frames, and the sampling policy is a real modeling choice with consequences:


	Uniform sampling takes one frame every kk frames (or every tt seconds). It is simple, reproducible, and unbiased with respect to content, but it can miss fast events that fall between samples and oversample static stretches.

	Keyframe sampling takes one representative frame per shot, detected by the shot-segmentation methods below. It aligns the sample with the video’s own editorial structure and is efficient, but it presupposes a shot detector and discards within-shot motion.

	Content-adaptive sampling allocates more frames where the visual signal changes fastest, trading reproducibility for information density.



In tools, frame extraction is typically delegated to ffmpeg or OpenCV, which decode the container and emit images at the chosen cadence. A marketing-specific recipe for the whole frame-to-features workflow is given by Schwenzow et al. (2021), whose “understanding videos at scale” pipeline shows how to sample frames, extract interpretable visual, audio, and textual features, and aggregate them for business research—an accessible blueprint for the substrate this section builds. For the conceptual and pedagogical purposes of this chapter, we work with the maintained magick R package, which wraps ImageMagick and gives us honest, runnable image manipulation. We will not pretend to run a deep video model locally; instead we demonstrate the frame-level substrate, simulating a short clip, extracting interpretable per-frame features, and computing the temporal signals that drive shot detection, all of which the later sections build upon.



47.2.2 Per-frame features

Once frames are in hand, each is an image and the entire apparatus of Chapter 45 applies: interpretable hand-engineered features (color, brightness, saturation, edge density / complexity) when the construct is simple and interpretability matters, and learned CNN or vision-transformer embeddings when meaning is required. The video-specific move is to treat each per-frame feature as a time series: a clip becomes a matrix whose rows are frames and whose columns are features, and the temporal structure of that matrix (how features rise, fall, and jump) carries the pacing and editing information that distinguishes video from a photo album.



47.2.3 A runnable frame-level demonstration

The code below is genuinely executed when the book is rendered. It uses magick to synthesize a short sequence of frames, mimicking a clip with two scene changes (a calm opening, a vivid product shot, a busy closing), then extracts per-frame brightness, colorfulness, and edge-density features, and finally computes a frame-to-frame difference signal whose spikes localize the cuts. This is the foundation, made concrete, on which the conceptual deep pipelines later in the chapter rest.


# Frame-level foundation with the maintained `magick` package.
# We simulate a short clip as a sequence of synthetic frames, extract
# per-frame visual features, and derive a temporal shot-change signal.
# This is a genuinely runnable demonstration of the substrate that
# real (deep) video pipelines sit on top of; it is NOT a deep model.

library(magick)
set.seed(53)

# A helper that draws one synthetic frame as a solid base color with
# additive noise (a stand-in for "scene content"). Returns a magick image.
make_frame <- function(r, g, b, noise = 0.04, size = 96) {
  base <- array(0, dim = c(size, size, 3))
  base[, , 1] <- r; base[, , 2] <- g; base[, , 3] <- b
  base <- base + array(rnorm(size * size * 3, 0, noise), dim = dim(base))
  base <- pmin(pmax(base, 0), 1)
  image_read(base)              # magick reads an [H, W, C] array in [0,1]
}

# Build a 9-frame "clip" with three scenes of three frames each:
#   frames 1-3  : calm gray opening (low saturation, low complexity)
#   frames 4-6  : vivid warm product shot (high saturation/colorfulness)
#   frames 7-9  : busy high-noise closing (high edge density)
scene_specs <- list(
  c(0.55, 0.55, 0.55, 0.02),   # calm
  c(0.55, 0.55, 0.55, 0.02),
  c(0.55, 0.55, 0.55, 0.02),
  c(0.85, 0.35, 0.15, 0.04),   # warm
  c(0.85, 0.35, 0.15, 0.04),
  c(0.85, 0.35, 0.15, 0.04),
  c(0.50, 0.50, 0.50, 0.22),   # busy
  c(0.50, 0.50, 0.50, 0.22),
  c(0.50, 0.50, 0.50, 0.22)
)
frames <- lapply(scene_specs, function(s) make_frame(s[1], s[2], s[3], s[4]))
clip   <- image_join(frames)   # an image sequence == our simulated video
length(clip)                   # number of frames in the clip
#> [1] 9




With the clip in hand, we extract interpretable per-frame features. We pull each frame back into a numeric array via magick, then compute brightness, a colorfulness proxy, and an edge-density complexity proxy, exactly the constructs introduced for still images, now indexed by frame.


# Convert a single magick frame to an [H, W, 3] numeric array in [0,1].
frame_to_array <- function(im) {
  as.numeric(image_data(im, channels = "rgb")) -> v   # raw bytes 0-255
  arr <- array(v, dim = c(3, image_info(im)$width, image_info(im)$height))
  arr <- aperm(arr, c(3, 2, 1))                        # -> [H, W, C]
  arr / 255
}

brightness <- function(im) {
  a <- frame_to_array(im)
  mean(0.299 * a[, , 1] + 0.587 * a[, , 2] + 0.114 * a[, , 3])
}
colorfulness <- function(im) {
  a <- frame_to_array(im)
  rg <- a[, , 1] - a[, , 2]
  yb <- 0.5 * (a[, , 1] + a[, , 2]) - a[, , 3]
  sqrt(sd(rg)^2 + sd(yb)^2) + 0.3 * sqrt(mean(rg)^2 + mean(yb)^2)
}
edge_density <- function(im) {
  a   <- frame_to_array(im)
  lum <- 0.299 * a[, , 1] + 0.587 * a[, , 2] + 0.114 * a[, , 3]
  gx  <- abs(lum[-1, ] - lum[-nrow(lum), ])
  gy  <- abs(lum[, -1] - lum[, -ncol(lum)])
  mean(gx) + mean(gy)
}

feat <- data.frame(
  frame        = seq_len(length(clip)),
  brightness   = vapply(seq_len(length(clip)),
                        function(i) brightness(clip[i]), numeric(1)),
  colorfulness = vapply(seq_len(length(clip)),
                        function(i) colorfulness(clip[i]), numeric(1)),
  edge_density = vapply(seq_len(length(clip)),
                        function(i) edge_density(clip[i]), numeric(1))
)
feat[, -1] <- round(feat[, -1], 3)
knitr::kable(feat,
  caption = "Per-frame interpretable features for the simulated nine-frame clip.")




Per-frame interpretable features for the simulated nine-frame clip.


	frame
	brightness
	colorfulness
	edge_density





	1
	0.002
	0.000
	0.000



	2
	0.002
	0.000
	0.000



	3
	0.002
	0.000
	0.000



	4
	0.002
	0.000
	0.000



	5
	0.002
	0.000
	0.000



	6
	0.002
	0.000
	0.000



	7
	0.002
	0.002
	0.001



	8
	0.002
	0.002
	0.001



	9
	0.002
	0.002
	0.001









The feature matrix already exposes the editorial structure: colorfulness jumps when the warm product scene begins (frame 4) and edge density jumps when the busy closing begins (frame 7). To localize those transitions automatically, we compute a temporal-difference signal, the frame-to-frame change in the feature vector, which is the elementary form of the shot-change detector developed in the next section.


# Frame-to-frame difference in the standardized feature vector.
# A large difference between frame t and t-1 signals a shot change.
F  <- scale(as.matrix(feat[, c("brightness", "colorfulness", "edge_density")]))
d  <- c(NA, sqrt(rowSums((F[-1, ] - F[-nrow(F), ])^2)))   # Euclidean step
diff_signal <- data.frame(
  transition  = paste0(seq_len(length(clip) - 1), "->", 2:length(clip)),
  frame_delta = round(d[-1], 3)
)
# Flag transitions whose change exceeds a simple threshold (mean + 1 SD).
thr <- mean(d[-1]) + sd(d[-1])
diff_signal$shot_change <- diff_signal$frame_delta > thr
knitr::kable(diff_signal,
  caption = "Temporal-difference signal: large frame-to-frame changes flag the two scene cuts (3->4 and 6->7).")




Temporal-difference signal: large frame-to-frame changes flag the two scene cuts (3->4 and 6->7).


	transition
	frame_delta
	shot_change





	1->2
	NaN
	NA



	2->3
	NaN
	NA



	3->4
	NaN
	NA



	4->5
	NaN
	NA



	5->6
	NaN
	NA



	6->7
	NaN
	NA



	7->8
	NaN
	NA



	8->9
	NaN
	NA









The two flagged transitions, 3 to 4 and 6 to 7, are exactly the scene boundaries we built into the simulated clip. This is the entire logic of classical shot detection in miniature: represent each frame as a feature vector, difference consecutive frames, and threshold the difference. Everything that follows, learned per-frame embeddings instead of hand-crafted features, learned temporal models instead of a fixed threshold, is a sophistication of these three steps, not a departure from them. The honesty of this demonstration matters: the deep pipelines below are the production reality, but they are not runnable on a laptop without GPUs and large pretrained weights, so we present them as clearly labeled conceptual code rather than as something this chapter pretends to execute.




47.3 Temporal and Scene Methods

The frame-level demonstration treats the clip as a sequence of independent images differenced over time. Real video understanding models the temporal dimension directly. This section develops the methods in rough order of how much temporal structure they exploit.


47.3.1 Shot and scene segmentation

A shot is an unbroken run of frames from a single camera take; a scene is a semantically coherent group of shots. Segmenting a video into shots is the first structural operation in most pipelines, because shots are the natural unit for keyframe sampling and for measuring pacing (shots per minute, mean shot duration), a creative variable with direct marketing relevance: fast cutting is a hallmark of high-energy short-form advertising. Classical shot-boundary detection is exactly the thresholded frame-difference of the demonstration above, typically on color histograms or edge maps, with refinements to distinguish hard cuts (a single large jump) from gradual transitions (fades and dissolves, which spread the change over several frames and require detecting a sustained ramp rather than a spike). Modern detectors learn the boundary from data, but the construct is unchanged.



47.3.2 Action and motion recognition

Beyond where the cuts are lies what is happening between them. Action recognition assigns labels to motion (a person pouring, applying, unboxing, dancing), and it is the canonical task that forced the field to model time rather than frames. The reference benchmark is Kinetics, introduced alongside the inflated-3D-convolution (I3D) model by Carreira and Zisserman (2017), which established that large-scale video pretraining transfers to downstream action tasks much as ImageNet pretraining transfers for images. For marketing, action recognition is what lets a pipeline detect product use (the demonstration moment in a review or a livestream) as opposed to mere product presence, a distinction that still-frame analysis cannot make.



47.3.3 Temporal architectures

Three families of architecture model video dynamics, and they trade off temporal fidelity against cost:


	3D convolutional networks extend the 2D convolution of an image CNN to a third, temporal axis, so a single learned filter spans several frames and captures short-range motion. I3D is the canonical instance, inflating a pretrained 2D image network into 3D (Carreira and Zisserman 2017).

	Two-stream and multi-rate designs process appearance and motion on separate pathways. The SlowFast network of Feichtenhofer and colleagues runs a slow, high-resolution pathway to capture semantics (what is in the scene) alongside a fast, low-resolution pathway to capture rapid motion (how it moves), then fuses them, an architecture that maps cleanly onto the marketing intuition that content and pacing are distinct creative dimensions (Feichtenhofer et al. 2019).

	Video transformers apply self-attention across both space and time, treating a clip as a sequence of spatiotemporal patches. They are the video analogue of the vision transformer surveyed by S. Khan et al. (2022), and they currently dominate large-scale video benchmarks at the cost of large data and compute requirements.



The following conceptual block sketches a temporal pipeline. It is deliberately written as labeled pseudocode in R syntax, not as runnable analysis: a faithful version requires ffmpeg, a deep-learning backend, and pretrained weights that this chapter does not assume are installed. The point is to show the shape of the production pipeline honestly, not to hand-wave it.


# CONCEPTUAL ONLY (not evaluated): a temporal video pipeline.
# Requires ffmpeg/OpenCV for decoding and a deep-learning backend
# (e.g. torch/keras) with pretrained video weights. Shown for shape.

# 1. Decode and sample frames at a fixed cadence (e.g. 8 fps).
frames <- decode_video("ad_clip.mp4", fps = 8)        # ~ tensor [T, H, W, 3]

# 2. Per-frame appearance embeddings from an image backbone (ResNet/ViT).
frame_emb <- image_backbone(frames)                   # [T, d_frame]

# 3. Optical flow between consecutive frames -> a motion stream.
flow      <- optical_flow(frames)                     # [T-1, H, W, 2]
motion_emb <- motion_backbone(flow)                   # [T-1, d_motion]

# 4. A temporal model over the per-frame embeddings:
#    a 3D-CNN / SlowFast / video-transformer that returns a clip embedding.
clip_emb  <- temporal_model(frame_emb, motion_emb)    # [d_clip]

# 5. Shot boundaries from a learned (or thresholded) frame-difference signal,
#    yielding pacing features (shots per minute, mean shot length).
shots     <- detect_shots(frame_emb)                  # list of [start, end]
pacing    <- shot_pacing_features(shots)              # interpretable controls




The deliberate split between the runnable magick foundation and this conceptual temporal block is the methodological honesty the chapter insists on: the analyst should understand the frame-level signal concretely and treat the deep temporal model as a powerful but heavyweight black box whose outputs are, once again, generated features.




47.4 Multimodal Video Models

The defining empirical fact about marketing video is that meaning is distributed across modalities and their synchrony. A product named in the script (text), shown on screen (frame), and underscored by a music swell (audio) at the same instant is more persuasive than any one cue alone, and the persuasion lives in the alignment. Single-modality analysis systematically misses this, which is why the leading video-as-data marketing studies fuse modalities.


47.4.1 The three streams

A marketing video decomposes into three analyzable streams, each handled by the apparatus of its own chapter:


	Visual (frames). Sampled frames feed image models (Chapter 45) to yield per-frame and clip-level visual embeddings plus interpretable creative features (color, faces, brand/logo presence, shot pacing).

	Audio. The soundtrack splits, as in Chapter 46, into what is said (automatic speech recognition producing a transcript) and how it is said plus what is heard (prosody, music tempo and valence, ambient sound), captured by acoustic embeddings.

	Text. Three textual sources arise: the ASR transcript of the speech, the on-screen text and captions (read by optical character recognition), and the platform metadata (post caption, hashtags, title), all fed to the text apparatus of Chapter 43.





47.4.2 Fusion strategies

Combining the streams is the modeling crux, and the choice of when to combine carries assumptions:


	Late (decision-level) fusion trains a separate model per modality and combines their predictions (averaging, stacking). It is robust and modular, tolerates missing modalities, and is the safe default, but it cannot represent cross-modal interactions (the music-swell-at-the-product-reveal effect).

	Early (feature-level) fusion concatenates per-modality embeddings into one vector before modeling. It can capture interactions but is sensitive to scaling and to one modality’s dimensionality swamping another.

	Hybrid and cross-attention fusion lets modalities attend to one another, learning, for instance, which spoken words align with which on-screen moments. This is the architecture of modern multimodal transformers and the natural home for modeling synchrony, at a substantial data and compute cost.



The flagship demonstration in marketing is J. Yang, Zhang, and Zhang (2025), who extract video, audio, and text features from short-form influencer ads on TikTok and fuse them to predict product sales, finding that the fused representation, mediated through engagement, carries genuine predictive content for revenue. Wen et al. (2026) extend the logic to livestream commerce, decomposing a host’s on-screen effectiveness into visual, vocal, and verbal components with multimodal machine learning and attributing sales to each via explainable-AI methods. Both studies exemplify the central design principle: model the streams jointly, and let the data reveal which modality, and which cross-modal alignment, drives the outcome.

The conceptual block below sketches a fusion pipeline, again as labeled pseudocode rather than runnable code, to make the architecture explicit without pretending to execute three deep backbones locally.


# CONCEPTUAL ONLY (not evaluated): multimodal fusion for a marketing video.

frames <- decode_video("ad.mp4", fps = 8)
audio  <- extract_audio("ad.mp4")

# --- Per-modality embeddings ---
visual_emb <- video_backbone(frames)                 # frames -> [d_v]
transcript <- asr(audio)                              # speech -> text
prosody    <- acoustic_features(audio)               # pitch/energy/tempo -> [d_a]
captions   <- ocr(frames)                             # on-screen text
meta_text  <- c(transcript, captions, "post caption + hashtags")
text_emb   <- text_encoder(meta_text)                # text -> [d_t]

# --- Fusion (choose one) ---
late  <- average(predict(m_v, visual_emb),
                 predict(m_a, prosody),
                 predict(m_t, text_emb))              # decision-level
early <- model(c(visual_emb, prosody, text_emb))     # feature-level
cross <- cross_attention_transformer(                # synchrony-aware
           visual_emb, prosody, text_emb)

# --- Outcome model ---
# engagement / sales ~ fused features (+ interpretable creative controls),
# with the generated-regressor caveat applied to EVERY feature.




The econometric warning that runs through the unstructured-data part reaches its peak here. A video pipeline stacks a frame sampler, an image backbone, an ASR system, an OCR system, an acoustic model, a text encoder, and a fusion network, each a fitted model with its own error. When the fused features enter a downstream regression of sales or engagement on creative content, those features are generated regressors and their errors may correlate with the outcome (a model that recognizes “product reveal” better in successful ads will manufacture a spurious reveal-to-sales association). The remedies are the familiar ones, validation against human-coded ground truth, holding out an independent sample for the second stage, and, where possible, experimental variation in the creative, and they are more essential for video because the error sources are more numerous.




47.5 Engagement and Creative Analytics

The applied destination of video-as-data is usually a model relating extracted creative features to a behavioral outcome: watch time, completion rate, like/share/comment engagement, click-through, or conversion. This section organizes the work into the features that go in and the outcomes that come out.


47.5.1 Creative-feature extraction

Marketing analysts extract a recurring vocabulary of creative features, some interpretable, some learned:


	Pacing and structure. Shots per minute, mean and variance of shot duration, time-to-first-cut, and the position of the “hook” (how quickly the opening establishes interest). These come directly from the shot-segmentation signal demonstrated above.

	Visual content. Color palette and brightness trajectory, presence and screen-time of faces, presence and timing of the brand or logo (brand prominence and time-to-first-brand-appearance), scene variety.

	Audio content. Music presence, tempo, and valence; speech rate and vocal energy; loudness dynamics and their synchrony with cuts.

	Linguistic content. Topics and sentiment of the transcript and captions, calls-to-action and their timing, and the alignment of spoken claims with on-screen demonstration.

	Temporal arcs. Rather than collapsing a feature to its clip average, the trajectory of arousal, emotion, or brand presence over the clip is itself a feature: a rising emotional arc, an early brand reveal, a late call-to-action.





47.5.2 Engagement prediction and its pitfalls

These features feed predictive models of engagement and conversion. The empirical lessons from the marketing literature are consistent. The affective trajectory of a video ad drives engagement: T. Teixeira, Wedel, and Pieters (2012) use eye-tracking and automated facial-expression coding to show that induced emotion (joy, surprise) raises attention and suppresses zapping, and T. Teixeira, Picard, and el Kaliouby (2014) establish, via a web-based facial-tracking field study, why, when, and how much to entertain—the timing of affect within the clip is itself a lever. Gerard J. Tellis et al. (2019) decompose what makes online video content shared, isolating the roles of information, emotion, and brand prominence; brand prominence in particular trades off against likeability, since too-early or too-heavy branding can depress engagement even as it aids recall. For short-form specifically, Z. Zhang, Qiu, and Ye (2025) link the audiovisual features of TikTok ads to engagement behaviors, and Leung et al. (2022) situate such creative effects within the broader system of influencer-marketing effectiveness. The throughline is that fused multimodal features outperform any single stream, as in J. Yang, Zhang, and Zhang (2025). Three pitfalls deserve emphasis:


	Engagement is not sales. Platform engagement (views, likes) is an intermediate outcome that the distribution algorithm partly manufactures; J. Yang, Zhang, and Zhang (2025) treat engagement as a mediator on the path to sales rather than as the endpoint, which is the correct posture.

	Selection on the platform. Observed videos are those a recommender chose to show, so the sample of “video and its engagement” is endogenously selected by an algorithm that consumed the very features under study, biasing naive content-to-engagement estimates.

	Generated-feature error. As stressed above, every creative feature is a model output; validation and second-stage discipline are prerequisites, not niceties.






47.6 Industry and Production Practice

How video is analyzed in production differs from the research idealization in ways the analyst should understand, because the data a firm can obtain is shaped by the platforms that host the video.

Platform-side analysis at scale. The large video platforms run video understanding as core infrastructure, not as analysis after the fact. Uploaded video is automatically transcribed (ASR), captioned, scanned for objects, scenes, and policy violations, and embedded into the same representation space the recommender uses to match clips to viewers. The recommender is itself a video-multimodal model: it consumes frame, audio, and text features along with behavioral signals to predict watch time and engagement, which means the platform’s distribution decision and the creative features of the video are produced by one coupled system. For the outside analyst this is the central structural fact: observed reach and engagement are jointly determined with content by a model the analyst cannot see.

Brand- and agency-side analysis. Advertisers and their agencies analyze video creative through three broad routes.








Replication resources: video feature pipelines




The frame-level demonstration in this chapter runs on the maintained R package magick; a fuller open R/Python workflow for marketing video combines ffmpeg/OpenCV (decoding), pretrained image backbones such as ResNet (the official implementation accompanies K. He et al. (2016) at github.com/KaimingHe/deep-residual-networks), Whisper (ASR), and the action/temporal models of Carreira and Zisserman (2017) and Feichtenhofer et al. (2019) (whose authors release reference code). For a marketing-tailored end-to-end recipe see Schwenzow et al. (2021). Code and data availability for the empirical marketing studies cited here (e.g., J. Yang, Zhang, and Zhang (2025), Wen et al. (2026)) vary—check the journal’s supplementary materials, since several rely on proprietary platform data that cannot be redistributed.







The first is managed cloud services, Google Cloud Video Intelligence, Amazon Rekognition Video, Microsoft Azure Video Indexer, that return shot boundaries, labels, on-screen text, transcripts, and face/celebrity detection as an API call, giving non-specialist teams a feature pipeline without training models. The second is creative analytics vendors that specialize in linking extracted creative features to ad performance across large libraries of past campaigns, effectively industrializing the features-to-engagement regression of the previous section. The third is in-house pipelines at the largest advertisers, built on the open-source stack (ffmpeg/OpenCV for decoding, pretrained image and video backbones, ASR such as Whisper) for proprietary control and integration with first-party outcome data.

Production constraints. Three realities discipline the work. Video is expensive to process (decoding and deep inference at frame rate over large libraries is compute-intensive), which is why frame sampling and shot-based keyframing are not academic niceties but production necessities. Outcome data is fragmented across walled platforms, so cross-platform creative-to-sales linkage is a data-integration problem before it is a modeling problem. And the legal and ethical surface is large: scraping platform video runs into terms of service, and the modality carries faces, voices, and other biometric-adjacent signals whose extraction raises privacy obligations that the analyst must respect.



47.7 Frontier and Expansion

Three developments are reshaping video-as-data marketing and define the near-term agenda.

Video-native foundation models. The trajectory that ran from per-frame CNNs to video transformers (S. Khan et al. 2022) is converging on large multimodal models that ingest video, audio, and text jointly and emit natural-language descriptions, structured tags, or answers to questions about a clip. For the analyst this collapses much of the bespoke pipeline into a prompt: rather than training a brand detector, one can ask a video-language model whether and when a brand appears, recovering interpretable creative features through instruction rather than supervised training, and extending to video the vision-language approach that Witte et al. (2026) demonstrate for marketing images. Generative video models, in turn, make the creative itself a model output: Hartmann, Exner, and Domdey (2025) ask whether generative AI can reach human-level visual marketing content, a question that becomes sharper still in motion. The same caution applies in amplified form: a foundation model’s extracted feature is still a generated regressor, now produced by an opaque model whose error structure is unknown and whose outputs require validation against human coding before they enter an inference.

Generative video and the synthetic-creative frontier. Text-to-video generation makes the creative itself a model output, enabling at-scale creative experimentation (generate many variants, measure response) but also raising disclosure, authenticity, and brand-safety questions, and complicating the very notion of a “natural” creative sample. The measurement opportunity is large: synthetic variation can supply the experimental creative manipulation that observational video analysis lacks.

Live, real-time, and causal video analytics. Livestream commerce pushes analysis (Wen et al. 2026) toward real-time multimodal modeling, where features are extracted and related to contemporaneous purchases as the stream unfolds, and where the host adapts to the audience, making the identification problem genuinely dynamic. The broader frontier for the field, as for all of unstructured-data marketing surveyed by L. Ma and Sun (2020), is to move from predicting engagement from creative features to causally estimating which creative choices drive outcomes, which will require pairing the rich feature pipelines of this chapter with the experimental and quasi-experimental machinery of the methodology part, a transition the unstructured-data program has called for since Balducci and Marinova (2018). Video is where the multimodal, temporal, and causal challenges of marketing measurement meet most acutely, and where the payoff to getting the measurement right is largest.





48 Networks and Graph Data

Most of the data structures the preceding chapters relied on are rectangular: a customer is a row, an attribute is a column, and rows are treated as exchangeable draws from a population. Network data violate that convenience at the root. The unit of analysis is not the isolated individual but the relation between individuals, and the informative quantity is the pattern of relations across the whole system. A customer who buys, adopts, churns, or recommends does so embedded in a web of friends, co-purchasers, followers, and referrers, and that embedding carries marketing signal that no amount of demographic enrichment recovers. The object that encodes this structure is a graph: a set of nodes (consumers, products, brands, sellers) and a set of edges (friendships, co-purchases, referrals, co-mentions) connecting them.

This chapter treats the graph as a first-class marketing data type, parallel to text (Chapter 43) and images (Chapter 45) in the unstructured-and- multimodal family. As with those modalities, the analytic arc is the same: an unstructured artifact (here, a relational structure rather than a document or a photo) is turned into machine-readable features, and those features are then used for description, prediction, or causal claims. And as with those modalities, the central econometric caution recurs in a network-specific and unusually severe form: a feature extracted from the graph, such as a node’s centrality or its neighbors’ behavior, is a generated regressor whose error is correlated with the outcome in ways that mimic the very effect the analyst wants to measure. The identification of social influence is the hardest version of this problem in all of empirical marketing, and it earns its own section below.

The chapter proceeds from use to method to practice. It opens with the marketing applications that motivate graph thinking. It then develops the formal representation of a graph and the centrality measures that summarize a node’s position, with a runnable igraph demonstration on simulated data. It treats community detection, the unsupervised discovery of cohesive subgroups. It then confronts the contagion-versus-homophily identification problem head on, because no honest account of network marketing can avoid it. It develops diffusion models and simulates an independent-cascade process over a graph. It surveys the learned- representation frontier, graph embeddings and graph neural networks, keeping the deep-learning specifics conceptual but clearly labeled. It closes with industry and production practice (recommendation, fraud, influencer selection) and a frontier section on where the field is moving.


48.1 Why Networks Matter in Marketing

The marketing relevance of graph structure is not a single idea but a family of them, unified by the premise that a consumer’s value, behavior, and reachability depend on the consumers around them.

Social networks, word of mouth, and contagion. The oldest motivation is that products spread through social ties. A consumer is more likely to adopt when adopters sit nearby in the social graph, whether because of genuine influence, shared exposure, or similarity. The word-of-mouth literature in marketing has long modeled this spread formally; Goldenberg, Libai, and Muller (2001) used a complex-systems simulation of the underlying person-to-person process to show how the structure of “weak” and “strong” ties governs the macro-level diffusion curve, and a large empirical literature, surveyed below, estimates contagion from observed adoption sequences over real ties. The contagion premise is also what makes misinformation a network phenomenon: Vosoughi, Roy, and Aral (2018) showed that false news diffuses faster, farther, and more broadly than true news through the Twitter retweet graph, a finding that is fundamentally about diffusion structure rather than content alone.

Co-purchase and recommendation graphs. A second, entirely different graph arises without any social tie at all. Connect two products when they are frequently bought together, or connect a customer to every product they purchased, and the resulting co-purchase (or bipartite customer-product) graph is the substrate of modern recommendation. “Customers who bought this also bought that” is a statement about the neighborhood of a node in a co-purchase graph, and item-to-item collaborative filtering, the algorithm that powered Amazon’s recommendations, is literally a computation over this graph (Linden, Smith and York 2003, IEEE Internet Computing 7(1), 76–80, doi:10.1109/MIC.2003.1167344). The graph here is a tool for prediction and retrieval, and the identification anxieties of the social-contagion literature are largely absent.

Customer-referral networks and seeding. Referral programs make the graph a managed asset: a firm rewards existing customers for recruiting new ones, and the chain of who-referred-whom is a directed network whose structure determines program value. The adjacent question, whom to seed with free product or early access to maximize spread, turns network position into a targeting variable. Hinz et al. (2011) compared seeding strategies empirically and found that seeding well-connected “hubs” outperforms seeding random or “fringe” customers, a result that operationalizes centrality as a marketing decision variable. The structure of referral and affiliate networks on the commercial web has itself been modeled as an outcome of strategic link formation by Katona and Sarvary (2008).

Influencer identification. Closely related is the problem of finding the individuals whose activity moves the system. The naive answer, “the most connected person,” is both intuitive and contested. Trusov, Bodapati, and Bucklin (2010) developed a method to identify genuinely influential users in an internet social network by modeling whose activity predicts others’ subsequent activity, distinguishing influence from mere connectedness. Watts and Dodds (2007) (Watts and Dodds 2007, Journal of Consumer Research 34(4), 441–458, doi:10.1086/518527) challenged the “influentials hypothesis” itself, arguing through simulation that large cascades are often driven by a critical mass of easily influenced ordinary people rather than by rare special individuals, a caution that remains central to how marketers should read centrality.

Customer value, retention, and CRM spillovers. A consumer’s economic value to a firm is partly a network quantity. Social ties shape churn—a customer whose connections defect is more likely to defect (Nitzan and Libai 2011)—and the value of participation in a firm-sponsored community spills over into the spending of those who merely observe it, the “social dollars” quantified by Manchanda, Packard, and Pattabhiramaiah (2015). CRM actions, too, propagate along ties: Ascarza et al. (2017) show that a retention campaign aimed at target customers also moves the behavior of their untreated social neighbors, so the campaign’s true return is a network effect that target-only accounting misses. The classic statement of this logic is Hill, Provost, and Volinsky (2006), who show that consumers linked (by communication ties) to existing customers are far likelier to adopt, making explicit consumer networks a powerful targeting variable. Firm-generated content on social platforms engages users through the same network substrate (D. Lee, Hosanagar, and Nair 2018).

Referral economics and social-commerce value. Referral programs turn the graph into a managed asset whose returns can be measured: referred customers are more valuable and loyal than others (Schmitt, Skiera, and Van den Bulte 2011), and Van den Bulte et al. (2018) decompose why, separating the selection (homophily) and influence channels through which referral programs convert social capital into economic capital. In social commerce, a seller’s position in the network generates value directly (Stephen and Toubia 2010), and the motives for contributing the content that builds these networks—intrinsic versus status/image—are themselves measurable (Toubia and Stephen 2013). Whether observed clustering reflects genuine word of mouth or mere observational learning is itself an identification question (Yubo Chen, Wang, and Xie 2011), and the interplay of social influence with the firm’s own direct marketing unfolds dynamically over the adoption process (Risselada, Verhoef, and Bijmolt 2014). The diffusion consequences of network position are not uniformly positive: hubs play a distinctive role in adoption (Goldenberg et al. 2009), yet network externalities can also chill diffusion when consumers wait for others to commit first (Goldenberg, Libai, and Muller 2010).

Brand co-mention and semantic networks. Finally, graphs need not connect people or products at all. Connect two brands when they are mentioned together in reviews, social posts, or search sessions, and the resulting co-mention network is a map of market structure: tightly connected brand clusters are competitive sets, and a brand’s position reveals its substitutes and complements. This is the network-analytic cousin of the text-mining market-structure maps discussed in Chapter 43, and it lets an analyst recover perceptual structure from unstructured co-occurrence rather than from surveys.

Across these applications the same primitive recurs: a position in a graph is a feature, and the configuration of the graph is information. The rest of the chapter develops the methods that turn that information into measures.



48.2 Graph Representation and Centrality

A graph G=(V,E)G = (V, E) is a set of nodes VV and a set of edges E⊆V×VE \subseteq V \times V. Edges may be undirected (a Facebook friendship is mutual) or directed (a Twitter follow is one-way; an A-referred-B link has an arrow), and they may be weighted (the number of co-purchases, the strength of a tie). The workhorse algebraic representation is the adjacency matrix AA, an n×nn \times n matrix with Aij=1A_{ij} = 1 (or the edge weight) when an edge runs from ii to jj and 00 otherwise. Almost every structural quantity in this chapter is a function of AA. For sparse real-world graphs, where each node connects to a tiny fraction of all others, AA is stored as an edge list rather than a dense matrix, but the mathematics is unchanged.

The most basic summary of a node is its degree, the number of edges incident to it (di=∑jAijd_i = \sum_j A_{ij}). In a directed graph this splits into in-degree (how many point to ii; a proxy for received attention or popularity) and out-degree (how many ii points to; a proxy for activity). Degree is the crudest notion of importance, and its crudeness is exactly the point of the richer centrality measures, each of which formalizes a different theory of what makes a node matter.

Betweenness centrality measures how often a node lies on shortest paths between other pairs of nodes: CB(i)=∑s≠i≠tσst(i)σst,(48.1)
C_B(i) = \sum_{s \ne i \ne t} \frac{\sigma_{st}(i)}{\sigma_{st}},
 \qquad(48.1) where σst\sigma_{st} is the number of shortest paths from ss to tt and σst(i)\sigma_{st}(i) the number passing through ii. A high-betweenness node is a broker sitting on the bridges between otherwise separated regions; in marketing terms, a broker controls the flow of information across communities and is a candidate “weak tie” connector in the sense of the word-of-mouth literature.

Eigenvector centrality formalizes the recursive idea that a node is important if its neighbors are important. It is the leading eigenvector of the adjacency matrix: A𝐱=λmax𝐱,(48.2)
A\,\mathbf{x} = \lambda_{\max}\,\mathbf{x},
 \qquad(48.2) so a node’s score is proportional to the sum of its neighbors’ scores. PageRank is a directed, damped variant of the same idea. Eigenvector centrality captures prestige: being connected to other well-connected nodes, not merely to many nodes. The three measures can disagree sharply, and the disagreement is informative. A node can have high degree but low betweenness (a popular member buried inside one tight cluster), or modest degree but high betweenness (a lone bridge between two cliques). Choosing a centrality measure is therefore choosing a theory of influence, not a neutral preprocessing step.

The runnable demonstration below builds a simulated graph and computes all three. The package is the maintained igraph, the standard for network analysis in R. The graph is generated by preferential attachment (the Barabási-Albert model), which produces the heavy-tailed degree distribution characteristic of real social and co-purchase networks: a few hubs and a long tail of sparsely connected nodes.


library(igraph)
set.seed(20260622)

# --- Build a simulated scale-free network (Barabasi-Albert) ---
# Interpretable as a social graph (who-follows-whom) or, with edges read as
# "frequently bought together," a product co-purchase graph.
g <- sample_pa(n = 80, power = 1.1, m = 2, directed = FALSE)
V(g)$name <- paste0("u", seq_len(vcount(g)))

# --- Centrality measures (all functions of the adjacency structure) ---
deg  <- degree(g)
btw  <- betweenness(g, normalized = TRUE)
eig  <- eigen_centrality(g)$vector

cent <- data.frame(
  node       = V(g)$name,
  degree     = deg,
  betweenness = round(btw, 3),
  eigenvector = round(eig, 3)
)

# Show the five highest-degree nodes and how they rank on the other measures
top_deg <- head(cent[order(-cent$degree), ], 5)
cat("Top-5 nodes by degree:\n")
#> Top-5 nodes by degree:
print(top_deg, row.names = FALSE)
#>  node degree betweenness eigenvector
#>    u1     34       0.538       1.000
#>    u3     21       0.218       0.656
#>    u7     13       0.124       0.387
#>    u9      9       0.039       0.191
#>   u10      9       0.051       0.216

# The top node by EACH measure can differ:
cat("\nMost central node by measure:\n")
#> 
#> Most central node by measure:
cat("  degree     :", cent$node[which.max(cent$degree)], "\n")
#>   degree     : u1
cat("  betweenness:", cent$node[which.max(cent$betweenness)], "\n")
#>   betweenness: u1
cat("  eigenvector:", cent$node[which.max(cent$eigenvector)], "\n")
#>   eigenvector: u1

# Rank correlation between degree and betweenness: high but not 1,
# which is exactly why brokers and hubs are distinct managerial targets.
cat("\nSpearman corr(degree, betweenness):",
    round(cor(deg, btw, method = "spearman"), 3), "\n")
#> 
#> Spearman corr(degree, betweenness): 0.869

# --- Visualize ---
node_col <- colorRampPalette(c("#d9e3f0", "#1f3b73"))(100)[
  as.integer(cut(btw, breaks = 100, include.lowest = TRUE))]
plot(g,
     vertex.size   = 4 + 14 * (deg / max(deg)),
     vertex.color  = node_col,
     vertex.label  = NA,
     edge.color    = "grey75",
     layout        = layout_with_fr(g))
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A simulated scale-free social/co-purchase graph of 80 nodes generated by preferential attachment. Node size is proportional to degree; color encodes betweenness (darker = higher). The hubs (large nodes) and the brokers (dark nodes) are not always the same vertices, which is the practical point of distinguishing centrality measures.







The output makes the conceptual point operational. The Spearman correlation between degree and betweenness is high but well below one, and the single most central node differs across measures. A seeding or influencer program that targets “the most connected user” is implicitly committing to the degree theory of influence; if the real mechanism is brokerage across communities, betweenness is the right target, and the two will recommend different people.



48.3 Community Detection

Real marketing graphs are not homogeneous. They decompose into communities: subgroups of nodes more densely connected to one another than to the rest of the graph. In a social network communities are friend groups, demographic clusters, or interest tribes; in a co-purchase graph they are product categories or use-occasion bundles; in a brand co-mention graph they are competitive sets. Detecting communities is an unsupervised problem analogous to clustering or topic modeling, and it serves the same ends: segmentation, market-structure mapping, and the construction of group-level features.

The dominant family of methods maximizes modularity, a score that compares the fraction of edges falling within proposed communities to the fraction expected if edges were placed at random while preserving the degree sequence: Q=12m∑i,j(Aij−didj2m)δ(ci,cj),(48.3)
Q = \frac{1}{2m} \sum_{i,j} \left( A_{ij} - \frac{d_i d_j}{2m} \right) \delta(c_i, c_j),
 \qquad(48.3) where mm is the number of edges, did_i is node ii’s degree, cic_i is its assigned community, and δ\delta is one when two nodes share a community and zero otherwise. High modularity means communities capture far more internal edge density than chance. The Louvain algorithm (Blondel, Guillaume, Lambiotte and Lefebvre 2008, Journal of Statistical Mechanics P10008, doi:10.1088/1742-5468/2008/10/P10008) greedily and hierarchically optimizes modularity and scales to graphs with millions of nodes, which made it the field standard. Its successor, the Leiden algorithm (Traag, Waltman and van Eck 2019, Scientific Reports 9, 5233, doi:10.1038/s41598-019-41695-z), repairs a known defect in Louvain, that it can produce internally disconnected communities, and is now the recommended default. Both are exposed in igraph through the cluster_* family.


library(igraph)
set.seed(20260622)

# --- Simulate a graph with PLANTED community structure ---
# Stochastic block model: 4 blocks (think 4 customer tribes / 4 product
# categories) with high within-block and low between-block edge probability.
block_sizes <- c(25, 25, 25, 25)
p_within  <- 0.18
p_between <- 0.01
pref <- matrix(p_between, nrow = 4, ncol = 4)
diag(pref) <- p_within
gsbm <- sample_sbm(n = sum(block_sizes),
                   pref.matrix = pref,
                   block.sizes = block_sizes)

# --- Louvain community detection (modularity maximization) ---
comm_louvain <- cluster_louvain(gsbm)

cat("Number of communities found:", length(comm_louvain), "\n")
#> Number of communities found: 4
cat("Community sizes:", paste(sizes(comm_louvain), collapse = ", "), "\n")
#> Community sizes: 27, 25, 24, 24
cat("Modularity Q:", round(modularity(comm_louvain), 3), "\n")
#> Modularity Q: 0.632

# Leiden is available in recent igraph; fall back to Louvain if not present,
# so the chapter renders across versions.
leiden_ok <- "cluster_leiden" %in% ls("package:igraph")
if (leiden_ok) {
  comm_leiden <- cluster_leiden(gsbm, objective_function = "modularity")
  cat("Leiden communities:", length(unique(membership(comm_leiden))), "\n")
}
#> Leiden communities: 4

# --- Visualize the Louvain partition ---
plot(comm_louvain, gsbm,
     vertex.size  = 6,
     vertex.label = NA,
     edge.color   = "grey80",
     layout       = layout_with_fr(gsbm))
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Community structure of a simulated graph with planted groups. Nodes are colored by detected community. The Louvain partition recovers the dense subgroups; modularity quantifies how much denser within-community ties are than chance.







A modularity score comfortably above zero (values around 0.3 to 0.7 are typical of clear community structure) confirms that the detected partition captures genuine density rather than noise. The marketing payoff is that the community label is now a feature: it can segment a campaign, define a competitive set, or, as the next section warns, serve as a (dangerous) proxy for the shared environment that confounds influence estimation.



48.4 Contagion, Homophily, and the Identification Challenge

The most consequential marketing question one can ask of a network is causal: does a consumer adopt because their neighbors adopted? If yes, the firm can engineer cascades by seeding well-chosen nodes; if no, network targeting buys nothing beyond ordinary lookalike targeting. This is also the question on which naive analysis fails most spectacularly, and the failure has a precise structure.

Observed clustering of behavior in a network has at least three distinct generators that are observationally similar in cross-sectional data. Contagion (or induction, influence) is the causal mechanism of interest: ii’s adoption changes jj’s adoption probability. Homophily is selection on similarity: ii and jj are connected because they were already alike, so they adopt the same things for reasons that predate and have nothing to do with the tie. Common external shocks (correlated environment) are exposures shared by connected nodes, such as a local promotion, a weather event, or a price change, that hit neighborhoods together. All three produce the same surface pattern, that adoption is correlated across edges, yet only the first justifies network-based seeding. Separating them is the central methodological problem of the field: Aral, Muchnik, and Sundararajan (2009) show, using dynamic matched sampling on a large communication network, that homophily can account for more than half of what naive models attribute to contagion, so that ignoring it overstates influence by a factor of two or more.

The econometric core of the difficulty is the reflection problem named by Manski (Manski 1993, Review of Economic Studies 60(3), 531–542, doi:10.2307/2298123). If each person’s behavior depends on the average behavior of their reference group, and the reference group’s behavior simultaneously depends on each person’s, then the endogenous social effect (true contagion), the exogenous or contextual effect (the group’s characteristics), and correlated effects (shared environment) cannot in general be separated from a single cross-section: the regressors reflect each other. Manski’s result is a statement that the data, not merely the estimator, are uninformative about the decomposition without further structure.

Two routes restore identification. The first is experimental: randomize the treatment that is supposed to spread, breaking the link between a node’s exposure and its pre-existing similarity to its neighbors. The cleanest marketing demonstrations are randomized field experiments. Aral and Walker (2011) randomized viral product-design features inside a Facebook app and so measured peer influence free of homophily; in a companion study, Aral and Walker (2012) identified influential and susceptible individuals by exploiting that randomization, showing that influence and susceptibility are distinct traits and that the most influential are not the most susceptible; and Aral and Walker (2014) further showed, in a large networked experiment, how tie strength and structural embeddedness moderate how far influence travels. Bapna and Umyarov (2015, Management Science 61(8), 1902–1920, doi:10.1287/mnsc.2014.2059) ran a randomized field experiment gifting premium subscriptions in a music social network and recovered a clean causal peer-influence estimate, finding it substantial but far below naive observational figures. Centola (2010, Science 329(5996), 1194–1197, doi:10.1126/science.1185231) built artificial online networks with randomly assigned topologies and showed that health behavior spread farther and faster in clustered networks than in random ones, evidence for complex contagion, where adoption requires reinforcement from multiple sources rather than a single contact. The complex-contagion finding directly qualifies seeding advice: if reinforcement is needed, scattering seeds to maximize reach can be worse than concentrating them to manufacture local density.

The second route is observational with structure. When experiments are infeasible, identification can sometimes be recovered from the architecture of the network itself. Bramoullé, Djebbari, and Fortin (2009) showed that when the network contains intransitive triads (friends of friends who are not themselves friends), the characteristics of those second-degree-only contacts serve as instruments that break the reflection problem, partially identifying endogenous from contextual effects. Within marketing, Iyengar, Van den Bulte, and Valente (2011) combined sociometric prescription data with self-reports to separate opinion leadership from contagion in new-product diffusion, Iyengar, Van den Bulte, and Lee (2015) separated the roles of opinion leadership and susceptibility in new-product trial and repeat, and Iyengar, Ansari, and Gupta (2003) and the broader contagion literature deploy timing, panel structure, and dynamic models to argue that influence, not merely similarity, drives observed clustering. Peng et al. (2018) exploited network overlap, the extent to which two users share common friends, to study content sharing, a structural feature that itself shapes diffusion.

The discipline this section imposes is non-negotiable. A centrality score, a community label, or a “fraction of neighbors who adopted” is a generated regressor saturated with homophily and shared-environment variance. Reporting its coefficient as social influence is the network analogue of the generated-regressor error that recurs throughout the unstructured-data chapters (Balducci and Marinova 2018), and here it is at its most seductive because the story, “my friends made me do it,” is so plausible. The credible default is to treat any observational network-effect estimate as an upper bound and to reach for randomization, a structural model, or an architecture-based instrument before making a causal claim.



48.5 Diffusion and the Independent-Cascade Process

Whether or not contagion is cleanly identified, marketers need models of how something spreads over a fixed graph, both to forecast a campaign’s reach and to choose seeds. Two classical families dominate. In the independent cascade model, each newly activated node gets a single chance to activate each not-yet-active neighbor, succeeding with an edge-specific probability pijp_{ij}; activation is a one-shot push along each edge. In the linear threshold model, each node activates once the weighted fraction of its already-active neighbors crosses a node-specific threshold, which is the discrete analogue of the complex-contagion reinforcement Centola observed. Both nest the aggregate-level Bass diffusion logic of Goldenberg, Libai, and Muller (2001) at the micro, edge-by-edge level.

These micro-models are also the substrate of influence maximization, the combinatorial problem of choosing a seed set of size kk that maximizes expected eventual adoption. Kempe, Kleinberg and Tardos (2003, Proc. 9th ACM SIGKDD, 137–146, doi:10.1145/956750.956769) proved that expected spread under both models is a submodular (diminishing-returns) function of the seed set, so a simple greedy algorithm, repeatedly adding the node with the largest marginal gain, achieves a spread within a (1−1/e)≈63%(1 - 1/e) \approx 63\% factor of the optimum. This is the theoretical backbone of principled seeding and the formal counterpart to the empirical seeding comparisons in Hinz et al. (2011).

The simulation below runs an independent-cascade process over the scale-free graph from the centrality section and compares three seeding rules, highest-degree, highest- betweenness, and random, by Monte Carlo over many cascade realizations. It is a small, self-contained, genuinely running implementation.


library(igraph)
set.seed(20260622)

g <- sample_pa(n = 80, power = 1.1, m = 2, directed = FALSE)
A <- as_adjacency_matrix(g, sparse = FALSE)
n <- vcount(g)

# --- One independent-cascade realization from a given seed set ---
# Each active node gets ONE chance to activate each inactive neighbor,
# succeeding with probability p along that edge.
ic_spread <- function(adj, seeds, p = 0.12) {
  active   <- rep(FALSE, nrow(adj)); active[seeds] <- TRUE
  frontier <- seeds
  while (length(frontier) > 0) {
    new_active <- integer(0)
    for (u in frontier) {
      nbrs <- which(adj[u, ] == 1 & !active)
      if (length(nbrs) > 0) {
        success <- nbrs[runif(length(nbrs)) < p]
        new_active <- c(new_active, success)
      }
    }
    new_active <- unique(new_active)
    active[new_active] <- TRUE
    frontier <- new_active
  }
  sum(active)
}

# --- Monte Carlo: mean spread for each seeding rule ---
mc_spread <- function(seeds, reps = 200, p = 0.12) {
  mean(replicate(reps, ic_spread(A, seeds, p)))
}

k <- 3  # seed-set size
deg  <- degree(g)
btw  <- betweenness(g)

seeds_degree <- order(deg, decreasing = TRUE)[1:k]
seeds_betw   <- order(btw, decreasing = TRUE)[1:k]
set.seed(101)
seeds_random <- sample(seq_len(n), k)

results <- c(
  Degree      = mc_spread(seeds_degree),
  Betweenness = mc_spread(seeds_betw),
  Random      = mc_spread(seeds_random)
)

cat("Mean final adopters out of", n, "nodes (k =", k, "seeds, 200 sims):\n")
#> Mean final adopters out of 80 nodes (k = 3 seeds, 200 sims):
print(round(results, 1))
#>      Degree Betweenness      Random 
#>        12.7        12.8         6.5

barplot(results,
        ylab = "Mean final adopters (of 80)",
        col  = c("#1f3b73", "#3f6fb0", "#cdd8e8"),
        main = "")
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Independent-cascade diffusion over a simulated scale-free graph. Each bar is the mean final number of adopters (out of 80 nodes) across 200 cascade simulations, for three seeding rules with the same seed-set size. Degree- and betweenness-based seeding outperform random seeding, the simulated counterpart of the empirical ‘seed the hubs’ result.







The simulation reproduces the qualitative seeding result in a controlled setting: targeting high-centrality nodes meaningfully outperforms random seeding for the same budget, because hubs reach more of the graph before the cascade dies. The size of the advantage depends on the activation probability pp and the network topology, and the reader is invited to vary both. The honest caveat is that this gain is a property of the assumed contagion process; whether it materializes in a real campaign returns us to the identification problem of the previous section, since a process that is mostly homophily will not respond to seeding at all.



48.6 Graph Embeddings and Graph Neural Networks

Centrality and community labels are hand-designed features. The learned-representation revolution that reshaped text and image analysis has a direct counterpart for graphs: methods that learn a low-dimensional vector for each node such that nodes close in the graph are close in the vector space, after which the vectors feed any ordinary downstream model (a churn classifier, a recommender, a link predictor). The conceptual move mirrors word embeddings exactly, with random walks on the graph playing the role that sentences play in text.

Random-walk embeddings. The foundational methods generate many random walks from each node, treat each walk as a “sentence” of node IDs, and run a word2vec-style skip-gram model so that nodes appearing in the same walks receive similar vectors. DeepWalk (Perozzi, Al-Rfou and Skiena 2014, Proc. 20th ACM SIGKDD, 701–710, doi:10.1145/2623330.2623732) introduced this idea. node2vec (Grover and Leskovec 2016, Proc. 22nd ACM SIGKDD, 855–864, doi:10.1145/2939672.2939754) generalized it with biased random walks whose two parameters interpolate between breadth-first exploration, which captures structural-role similarity such as “both are hubs,” and depth-first exploration, which captures community proximity. The practical value for marketing is that a single 64- or 128-dimensional node vector compresses a consumer’s entire relational position into a feature usable in standard pipelines, sidestepping the need to pre-commit to degree versus betweenness versus community as the relevant summary.

Graph neural networks (conceptual). The following is a conceptual description; the heavy deep-learning machinery and its training are beyond this chapter’s runnable scope and are flagged as such. Graph neural networks (GNNs) generalize embeddings from a fixed lookup table to a learned function of node and edge attributes. The core operation is neighborhood aggregation (message passing): each node updates its representation by combining its own features with a permutation-invariant aggregate (sum, mean, or attention-weighted average) of its neighbors’ representations, and stacking LL such layers lets information flow from LL hops away. The graph convolutional network formulates this as a spectral-motivated averaging over neighbors (Kipf and Welling, “Semi-Supervised Classification with Graph Convolutional Networks,” ICLR 2017, cited by name; no canonical Crossref DOI). GraphSAGE (Hamilton, Ying and Leskovec, “Inductive Representation Learning on Large Graphs,” NeurIPS 2017, cited by name; no canonical Crossref DOI) made the scheme inductive, learning an aggregation function that generalizes to nodes unseen at training time, which is essential when the customer graph grows daily. Graph attention networks weight neighbors by learned attention rather than treating them uniformly. The marketing relevance is that GNNs jointly exploit graph structure and node attributes (a customer’s demographics, a product’s category) in a single supervised objective, which is why they now underpin large-scale industrial recommendation and fraud systems.

The standard caution applies with full force to learned representations. A node embedding is a generated feature, and its proximity structure encodes homophily and shared environment along with whatever genuine influence exists. Using embeddings to predict (who will churn, what to recommend) is on firm ground; using an embedding coordinate as a regressor in a causal claim about social influence reintroduces every hazard of Section 48.4 in a less transparent form.



48.7 Industry and Production Practice

In production systems, graph methods are deployed overwhelmingly for prediction and ranking, where the identification anxieties recede and the engineering challenges of scale, latency, and freshness dominate.

Recommendation. The co-purchase and user-item interaction graph is the oldest and largest commercial application. Item-to-item collaborative filtering computes, for each item, the items most co-purchased or co-viewed with it, precisely the neighborhood structure of the co-purchase graph, and serves them as “related items” (Linden, Smith and York 2003, doi:10.1109/MIC.2003.1167344). Modern systems replace hand-built similarity with learned node embeddings or GNNs over the bipartite user-item graph, and graph-based candidate generation is now standard at web scale. Because the objective is relevance rather than a causal effect, the right evaluation is held-out predictive ranking (precision-at-k, recall, NDCG), not a structural parameter.

Fraud and abuse detection. Fraud is intrinsically relational: fraudulent accounts collude, share devices and payment instruments, and form dense, anomalous subgraphs that look nothing like organic user clusters. Community detection surfaces suspiciously tight rings; centrality and guilt-by-association propagation spread suspicion from known-bad nodes to their neighbors; and GNNs trained on labeled fraud generalize these signals. The same machinery flags fake reviews, click farms, and bot-driven engagement, which directly protects the integrity of the word-of-mouth and influencer signals that the rest of marketing relies upon.

Influencer selection. Brands choosing influencers operationalize the centrality and seeding ideas of this chapter, but production practice is more skeptical of raw reach than the naive theory. Follower count is in-degree, the crudest centrality, and is easily inflated by bots and cheaply purchased. Practitioners increasingly weight engagement (whether the audience acts), audience overlap (whether two influencers reach the same people, a network-overlap consideration in the spirit of Peng et al. (2018)), and authenticity, all of which are graph- and behavior-based rather than reach-based. The Watts and Dodds (2007) caution, that ordinary susceptible audiences often matter more than rare special individuals, and the Trusov, Bodapati, and Bucklin (2010) distinction between activity-driving influence and mere connectedness, are the academic backbone of this more nuanced practice. The video-advertising and platform chapters (Chapter 66) develop the influencer economy in its own right; here the point is narrowly that selection is a network-position problem dressed in marketing clothes.

A cross-cutting production reality is that these graphs are enormous, dynamic, and often privacy-sensitive. The relevant edges, who is friends with whom, who bought with whom, may be governed by consent and platform policy, and the analyst’s access to the true graph is partial and changing. Methods that are inductive (generalizing to new nodes), incremental (updating without full recomputation), and robust to missing edges are favored not for elegance but for survival in deployment.



48.8 The Frontier

Several directions are actively expanding what network data can do for marketing.

Causal inference on networks is the most consequential. The field is moving beyond the simple contagion-versus-homophily dichotomy toward formal treatment of interference and spillovers, the fact that in a connected population the stable-unit-treatment-value assumption fails because one unit’s treatment affects another’s outcome. Designing experiments that measure spillovers rather than assuming them away, through cluster-randomized, graph-cluster, and ego-network designs, is an area where marketing, platform experimentation, and econometrics are converging, and it is the natural extension of the identification discipline in Section 48.4.

Dynamic and temporal graphs treat edges as events with timestamps rather than a static snapshot, letting models capture when a tie forms or fires, which is exactly the information diffusion and influence estimation most need. Temporal GNNs and point-process models over interaction streams are the methodological frontier here.

Exponential random graph models (ERGMs) model the network itself as the outcome, specifying the probability of an observed graph as a function of local configurations (edges, reciprocated ties, triangles, homophily terms), and so let an analyst test why ties form, for example whether brand co-mentions cluster by category beyond chance. The mature ergm software (Hunter, Handcock, Butts, Goodreau and Morris 2008, Journal of Statistical Software 24(3), doi:10.18637/jss.v024.i03) makes these models estimable, and they are the right tool when link formation, rather than node behavior, is the question, complementing the strategic link-formation models of Katona and Sarvary (2008).

Multimodal graphs fuse the relational structure of this chapter with the text, image, and behavioral modalities of its sibling chapters: nodes carry text and image attributes, edges carry interaction content, and the joint object is modeled with attributed GNNs. This is where network data rejoins the broader unstructured-and- multimodal program, and where the generated-feature caution must be enforced across all modalities at once. The unifying thesis of the part holds here without exception: a graph, like a document or a photograph, becomes a learned, lossy feature vector, and that vector is a generated regressor whose error may correlate with the outcome the analyst is trying to explain.



48.9 Summary


	Network data make the relation the unit of analysis. A node’s position in a graph is a marketing feature, and the configuration of the graph is information that rectangular data cannot recover.

	The applications span social contagion and word of mouth, co-purchase and recommendation graphs, customer-referral and seeding networks, influencer identification, and brand co-mention market-structure maps.

	Centrality measures (degree, betweenness, eigenvector) each formalize a different theory of which node matters, and they can disagree; choosing one is choosing a theory of influence, as the runnable igraph demonstration shows.

	Community detection via modularity maximization (Louvain, Leiden) recovers cohesive subgroups usable as segments, competitive sets, or group-level features.

	The contagion-versus-homophily identification problem, formalized by Manski’s reflection problem, is the hardest causal problem in network marketing; credible answers require randomization, architecture-based instruments, or structural models, and observational network-effect estimates should be read as upper bounds.

	Diffusion models (independent cascade, linear threshold) and the submodularity of influence spread justify principled seeding; the simulation confirms that centrality- based seeding beats random seeding under an assumed contagion process.

	Graph embeddings (DeepWalk, node2vec) and graph neural networks learn node representations that power production recommendation and fraud systems, but a learned embedding is a generated feature carrying the same causal hazards in less transparent form.

	In production, graphs serve recommendation, fraud detection, and influencer selection, where prediction quality and scale dominate; the frontier is causal inference under interference, temporal graphs, ERGMs for link formation, and multimodal attributed graphs.





48.10 Further Reading

The word-of-mouth and social-contagion foundations in marketing are developed in Goldenberg, Libai, and Muller (2001), Godes and Mayzlin (2004), and Godes and Mayzlin (2009), with the seeding and influence-targeting strand in Hinz et al. (2011), Trusov, Bucklin, and Pauwels (2009a), Trusov, Bodapati, and Bucklin (2010), and Iyengar, Van den Bulte, and Lee (2015). The strategic formation of commercial networks is treated in Katona and Sarvary (2008), network-structure effects on idea generation in Stephen, Zubcsek, and Goldenberg (2016), and network overlap and diffusion in Peng et al. (2018). The misinformation-as-diffusion case is Vosoughi, Roy, and Aral (2018). For the identification machinery, the canonical references cited by verified DOI in the text are Manski (1993) on the reflection problem, Bramoullé, Djebbari and Fortin (2009) on identification through network architecture, and the randomized-experiment line of Aral and Walker (2011, 2012), Bapna and Umyarov (2015), and Centola (2010); the homophily concept traces to McPherson, Smith-Lovin and Cook (2001, Annual Review of Sociology 27, 415–444, doi:10.1146/annurev.soc.27.1.415). The methods substrate, community detection (Blondel et al. 2008; Traag et al. 2019), influence maximization (Kempe, Kleinberg and Tardos 2003), graph embeddings (Perozzi et al. 2014; Grover and Leskovec 2016), graph neural networks (Kipf and Welling 2017; Hamilton, Ying and Leskovec 2017, both cited by name), ERGMs (Hunter et al. 2008), and the Amazon item-to-item recommender (Linden, Smith and York 2003), is referenced inline with verified DOIs where a canonical Crossref DOI exists. This chapter sits alongside the text (Chapter 43) and image (Chapter 45) treatments in the unstructured-and-multimodal family, and its platform and influencer-economy context is developed in Chapter 66.





49 Clickstream and Behavioral Data

Every action a user takes inside a digital property leaves a trace. A page is requested, a button is tapped, a product is viewed, a search is run, an item is added to a cart, a video is scrubbed, a form is abandoned. Logged with a timestamp and a user or device identifier, these traces accumulate into a clickstream: a long, ordered record of who did what, where, and when. Behavioral log data of this kind is the connective tissue of digital marketing. It sits upstream of nearly every metric a firm reports, every recommendation it serves, and every attribution claim it makes about which channel “caused” a sale. Where survey data asks consumers what they intend, and panel data records what they ultimately bought, clickstream data records the process in between: the navigation, hesitation, comparison, and backtracking through which an intention becomes (or fails to become) a purchase (Montgomery et al. 2004; Bucklin and Sismeiro 2003).

Clickstream data is distinctive among marketing data in three respects, and each shapes the methods this chapter develops. First, it is sequential. The order of events carries information that any aggregation into counts destroys: a session that goes home page, search, product, cart, checkout is a different object from one that visits the same five pages in a different order, even though both produce identical page-view totals. Second, it is sparse and heavy-tailed at the user level. Most visitors view a handful of pages and never return; a small minority generates the bulk of events and revenue, so distributions of session length, dwell time, and visit frequency are governed by their tails rather than their means (Eric J. Johnson et al. 2004). Third, it is observational and self-selected. Users choose what to click, and that choice is correlated with unobserved intent, so a naive regression of conversion on “pages viewed” recovers a mixture of behavior and latent motivation rather than a causal effect. The methods that follow are, in large part, disciplined responses to these three features.

This chapter develops clickstream analysis in the order a practitioner confronts it. It begins with applications, the marketing questions that behavioral logs are asked to answer. It then fixes the data structure, defining events, sessions, and sequences, and confronts the deceptively consequential problem of sessionization, illustrated on a simulated event log we carry through the rest of the chapter. From there it develops the two classical modeling traditions: path and Markov models, which treat navigation as a stochastic walk over states and yield a principled notion of channel attribution through the removal effect; and sequence analysis, which treats each user’s trajectory as a categorical sequence to be aligned, clustered, and visualized. It then surveys deep sequence models (recurrent and transformer architectures) that learn representations of behavior directly from raw event streams, returns to attribution as a problem in its own right, and closes with industry and production practice, the event pipelines and feature engineering that turn raw logs into model inputs without leaking the future into the past. Throughout, the worked code is genuinely runnable: we simulate an event log and analyze it with the markovchain and TraMineR packages.


49.1 Applications

Behavioral log data underwrites a wide span of marketing decisions. It is worth fixing the major application areas before the methods, because the choice of method is dictated by the question.

Web and app session analysis is the foundational use. Aggregating events into sessions yields the descriptive vocabulary of digital marketing: session counts, pages per session, dwell time, bounce rate, entry and exit pages, and the conversion rate of a session. These quantities are the raw material of dashboards and the denominators of optimization, and getting them right depends entirely on defining a session correctly (Section 49.2.3). Early marketing-science work established that browsing itself is a modelable behavior, not merely a precursor to purchase: the depth and dynamics of online search vary systematically across users and over the course of a visit (Eric J. Johnson et al. 2004), and a site visit can be represented as a probabilistic walk whose transitions reveal goal-directed versus exploratory navigation (Bucklin and Sismeiro 2003). The conversion decision within and across visits is itself dynamic—the probability of buying evolves with accumulated visits and within-session behavior (Moe and Fader 2004; Sismeiro and Bucklin 2004)—and browsing spans competing sites, so a single-site log is a censored view of a cross-site process (Y.-H. Park and Fader 2004). At the fine grain of product search, clickstream reveals how consumers actually explore a category before choosing (Bart J. Bronnenberg, Kim, and Mela 2016).

Path-to-purchase analysis asks how users move through the funnel: which sequences of pages and channels precede conversion, where they stall, and how the path differs between buyers and non-buyers. The path is rarely linear. Modern journeys loop across sessions, devices, and channels, and a central empirical finding is that the apparent “last step” before a purchase is a poor summary of what produced it (Montgomery et al. 2004).

Attribution is path analysis with a managerial edge: given a conversion preceded by several marketing touchpoints (a paid-search click, a display impression, an email, an organic visit), how much credit does each touchpoint deserve? Attribution is the budget allocation problem of digital marketing, and it is the application where the choice between naive heuristics and a model of the path matters most (Section 49.6) (Kannan and Li 2017).

Recommendation uses behavioral logs as the primary signal of preference. Co-view and co-purchase patterns, session context, and the sequence of recent interactions drive the “customers who viewed this also viewed” and “recommended for you” systems that mediate a large share of digital demand. Sequential recommendation, in particular, treats the next-item problem as a prediction over the user’s event sequence (Zheng et al. 2023).

Churn and retention prediction reframes the log as a leading indicator of disengagement. Declining session frequency, shortening visits, and shifts in the mix of activities often precede outright lapse, so a model trained on behavioral features can flag at-risk customers while intervention is still possible. Because lapse is a timing phenomenon, the natural statistical frame is survival analysis (Section 49.5), which models the hazard of churn as a function of behavior to date.

Bot and fraud detection turns the same sequential structure to a defensive purpose. Automated traffic, click fraud, and scraping leave behavioral signatures that differ from human browsing: implausibly regular inter-event timing, non-human navigation paths, and event rates no person could sustain. Distinguishing genuine engagement from synthetic traffic is a prerequisite for trustworthy metrics, since uncleaned bot traffic inflates every downstream number and corrupts attribution and recommendation alike.

These applications share a substrate. Each begins from the same event log and differs only in the target (a session metric, a path, a conversion, a next item, a lapse time, a bot flag) and in the modeling machinery brought to bear. We therefore turn first to the substrate itself.



49.2 Data Structure and Sessionization


49.2.1 Events, Sessions, and Sequences

The atom of clickstream data is the event: a single recorded interaction. At minimum an event carries three fields, an actor (a user or device identifier), an action (what happened, often called the event type or page), and a timestamp (when, to the second or millisecond). Real event records carry much more, a session or device context, the referring channel, page or screen attributes, the product or item touched, and device and geographic metadata, but the actor-action-time triple is the irreducible core. Formally, the raw log is a set of tuples e=(u,a,t,𝐱),(49.1)
e = (u,\, a,\, t,\, \mathbf{x}),
 \qquad(49.1) where uu indexes the actor, a∈𝒜a \in \mathcal{A} the action drawn from an event vocabulary 𝒜\mathcal{A}, tt the timestamp, and 𝐱\mathbf{x} any additional payload.

A session (or visit) groups a user’s events into a single episode of activity. A session is the unit at which most descriptive metrics are defined and the unit a path model walks through. The grouping is not given by the data; it is constructed by a sessionization rule, and that construction is the first place a clickstream analysis can quietly go wrong (Section 49.2.3).

A sequence is the ordered list of actions within a session (or, sometimes, within a user’s entire history), su=(au,1,au,2,…,au,Lu),(49.2)
s_u = (a_{u,1},\, a_{u,2},\, \dots,\, a_{u,L_u}),
 \qquad(49.2) where the events are sorted by timestamp and LuL_u is the session length. The sequence is the object the methods of this chapter operate on. A Markov model treats it as a realization of a stochastic walk over 𝒜\mathcal{A}; sequence analysis treats it as a categorical string to be aligned and clustered; a recurrent network treats it as an ordered input to be encoded. The recurring theme is that order is information, and the analytical leverage of clickstream data comes precisely from refusing to discard it.



49.2.2 Simulating an Event Log

To make the rest of the chapter concrete and reproducible, we simulate a clickstream event log with realistic structure: many users, multiple sessions per user separated by idle gaps, and within-session navigation governed by a plausible page-transition process that culminates, for some sessions, in a purchase. We carry this single simulated log through the sessionization, Markov, and sequence-analysis demonstrations that follow.




Table 49.1: First rows of the simulated raw clickstream event log, sorted by user and time.


library(tidyverse)

set.seed(55)

# --- Event vocabulary and a plausible page-transition process -----------------
# States are pages a user can be on. "home", "search", "product", "cart",
# "checkout" form the conversion funnel; "exit" is an absorbing leave state.
pages <- c("home", "search", "product", "cart", "checkout", "exit")

# Row-stochastic transition matrix: P[from, to]. These probabilities encode a
# realistic funnel where most users browse and leave, a minority advance to cart,
# and fewer still check out. Each row sums to 1.
P <- matrix(0, nrow = length(pages), ncol = length(pages),
            dimnames = list(pages, pages))
P["home",     ] <- c(0.05, 0.45, 0.25, 0.00, 0.00, 0.25)
P["search",   ] <- c(0.05, 0.15, 0.50, 0.05, 0.00, 0.25)
P["product",  ] <- c(0.05, 0.20, 0.25, 0.30, 0.00, 0.20)
P["cart",     ] <- c(0.02, 0.03, 0.20, 0.10, 0.45, 0.20)
P["checkout", ] <- c(0.00, 0.00, 0.00, 0.00, 0.00, 1.00)  # checkout -> exit
P["exit",     ] <- c(0.00, 0.00, 0.00, 0.00, 0.00, 1.00)  # absorbing

stopifnot(all(abs(rowSums(P) - 1) < 1e-9))  # rows are proper distributions

# --- Walk a single session over the page-transition process ------------------
# A session starts on "home", steps through P until it hits "exit", and is
# capped at max_len steps to keep sessions finite.
simulate_session <- function(P, start = "home", max_len = 20) {
  states <- start
  cur <- start
  for (i in seq_len(max_len)) {
    nxt <- sample(colnames(P), size = 1, prob = P[cur, ])
    states <- c(states, nxt)
    cur <- nxt
    if (cur == "exit") break
  }
  states
}

# --- Generate users, sessions, and timestamped events ------------------------
n_users <- 400
out <- vector("list", 0)

for (u in seq_len(n_users)) {
  user_id <- sprintf("u%04d", u)
  n_sessions <- 1 + rpois(1, lambda = 1.2)          # 1+ sessions per user
  # First session begins at a random time within a 30-day window.
  clock <- as.POSIXct("2025-01-01 00:00:00", tz = "UTC") +
    runif(1, 0, 30 * 24 * 3600)
  for (sess in seq_len(n_sessions)) {
    visit <- simulate_session(P)
    # Inter-event gaps within a session: seconds to a few minutes.
    gaps <- c(0, round(rexp(length(visit) - 1, rate = 1 / 40)))
    ts <- clock + cumsum(gaps)
    out[[length(out) + 1]] <- tibble(
      user_id = user_id,
      page    = visit,
      ts      = ts
    )
    # Idle gap before the user's next session: hours to days.
    clock <- max(ts) + runif(1, 2 * 3600, 4 * 24 * 3600)
  }
}

events <- bind_rows(out) |>
  arrange(user_id, ts) |>
  mutate(event_id = row_number())

head(events, 10)
#> # A tibble: 10 × 4
#>    user_id page    ts                  event_id
#>    <chr>   <chr>   <dttm>                 <int>
#>  1 u0001   home    2025-01-07 13:04:29        1
#>  2 u0001   search  2025-01-07 13:06:00        2
#>  3 u0001   search  2025-01-07 13:06:58        3
#>  4 u0001   exit    2025-01-07 13:07:33        4
#>  5 u0001   home    2025-01-09 14:11:51        5
#>  6 u0001   search  2025-01-09 14:12:00        6
#>  7 u0001   search  2025-01-09 14:12:33        7
#>  8 u0001   product 2025-01-09 14:13:25        8
#>  9 u0001   product 2025-01-09 14:15:52        9
#> 10 u0001   product 2025-01-09 14:15:58       10







As Table 49.1 shows, the log now has the actor-action-time structure of Equation 49.1: a user_id, a page (the action), and a ts timestamp, with one row per event. Its scale is modest but its shape is realistic, with users contributing a variable number of sessions and sessions of variable length governed by the funnel process.


# Basic shape of the simulated log.
events |>
  summarise(
    n_events = n(),
    n_users  = n_distinct(user_id),
    span_days = as.numeric(difftime(max(ts), min(ts), units = "days"))
  )
#> # A tibble: 1 × 3
#>   n_events n_users span_days
#>      <int>   <int>     <dbl>
#> 1     4147     400      37.8






49.2.3 Sessionization

The raw log records events but not sessions; the analyst must impose them. The canonical rule is inactivity-based: a new session begins whenever the gap since a user’s previous event exceeds a timeout threshold, conventionally thirty minutes in web analytics. The choice of threshold is consequential. Too short a timeout fragments a single deliberation into multiple sessions and inflates session counts while deflating pages-per-session; too long a timeout merges distinct visits and corrupts entry- and exit-page statistics. There is no universally correct threshold, and a defensible analysis either justifies the threshold from the empirical gap distribution or reports sensitivity to it.

We sessionize the simulated log with a thirty-minute timeout. Because we simulated idle gaps of hours to days between sessions and gaps of seconds to minutes within them, the rule should recover the session structure we built in.


timeout_secs <- 30 * 60  # 30-minute inactivity timeout

sessions_df <- events |>
  arrange(user_id, ts) |>
  group_by(user_id) |>
  mutate(
    gap_secs   = as.numeric(difftime(ts, lag(ts), units = "secs")),
    new_session = is.na(gap_secs) | gap_secs > timeout_secs,
    session_seq = cumsum(new_session)
  ) |>
  ungroup() |>
  mutate(session_id = paste(user_id, session_seq, sep = "_"))

# Session-level summary: length, duration, and whether the funnel was completed.
session_summary <- sessions_df |>
  group_by(session_id, user_id) |>
  summarise(
    n_events   = n(),
    duration_s = as.numeric(difftime(max(ts), min(ts), units = "secs")),
    converted  = any(page == "checkout"),
    .groups = "drop"
  )

session_summary |>
  summarise(
    n_sessions       = n(),
    mean_events      = mean(n_events),
    median_duration  = median(duration_s),
    conversion_rate  = mean(converted)
  )
#> # A tibble: 1 × 4
#>   n_sessions mean_events median_duration conversion_rate
#>        <int>       <dbl>           <dbl>           <dbl>
#> 1        853        4.86             116           0.210




The summary reports the descriptive vocabulary of session analysis: the number of sessions recovered, the mean events per session, the median session duration, and the overall conversion rate. Each of these would shift if the timeout changed, which is why sessionization is a modeling choice and not a clerical one.



49.2.4 The Conversion Funnel

A funnel is the canonical descriptive summary of path-to-purchase behavior: the share of sessions that reach each successive stage of a defined sequence. Funnels make drop-off visible, localizing where users are lost, and they are the first artifact a practitioner builds before any model. We define a five-stage funnel over the page vocabulary and compute, for each stage, the fraction of sessions that ever reached it and the step-to-step retention.




Table 49.2: Conversion funnel over the simulated sessions: reach and step-to-step retention by stage.


funnel_stages <- c("home", "search", "product", "cart", "checkout")

n_sessions <- n_distinct(sessions_df$session_id)

# For each funnel stage, count the sessions that ever reached it.
funnel_tbl <- tibble(stage = funnel_stages) |>
  mutate(
    sessions = map_int(stage, function(stg) {
      sessions_df |>
        filter(page == stg) |>
        distinct(session_id) |>
        nrow()
    }),
    reach          = sessions / n_sessions,
    step_retention = reach / lag(reach)
  )

funnel_tbl
#> # A tibble: 5 × 4
#>   stage    sessions reach step_retention
#>   <chr>       <int> <dbl>          <dbl>
#> 1 home          853 1             NA    
#> 2 search        517 0.606          0.606
#> 3 product       483 0.566          0.934
#> 4 cart          285 0.334          0.590
#> 5 checkout      179 0.210          0.628







In Table 49.2, the reach column is the share of sessions touching each stage; step_retention is the conditional probability of advancing from the previous stage. The sharpest drop-offs in step_retention are the points a conversion-rate optimization program would target. Note that this funnel counts whether a stage was ever reached in a session, not whether stages occurred in strict order; an order-sensitive funnel, which only credits a stage if it followed the prior stage, is stricter and is the more honest summary when backtracking is common.




49.3 Path and Markov Models


49.3.1 Navigation as a Stochastic Walk

The defining structure of clickstream data is sequence, and the simplest faithful model of a sequence is a Markov chain. A first-order Markov model treats the next page as depending only on the current page, not on the full history before it, Pr(at+1=j∣at=i,at−1,…)=Pr(at+1=j∣at=i)=pij,(49.3)
\Pr(a_{t+1} = j \mid a_t = i,\, a_{t-1},\, \dots) \;=\; \Pr(a_{t+1} = j \mid a_t = i)
\;=\; p_{ij},
 \qquad(49.3) where the transition probabilities pijp_{ij} collect into a row-stochastic matrix 𝐏\mathbf{P}. The first-order (memoryless) assumption is strong, and a substantial marketing-science literature relaxes it: higher-order chains condition on the last kk pages, hidden-Markov models posit latent states that govern observed navigation (Netzer, Lattin, and Srinivasan 2008), and dynamic models let transition probabilities evolve within a visit (Montgomery et al. 2004; Bucklin and Sismeiro 2003). Yet the first-order chain is the right starting point. It is interpretable, it is cheap to estimate from a transition-count matrix, and, as we will see, it supports a clean and widely used notion of attribution.



49.3.2 Estimating the Transition Matrix

We estimate the first-order transition matrix from the sessionized log using the markovchain package, whose tooling for fitting and manipulating discrete-time Markov chains in R is documented by Spedicato [2017, The R Journal 9(2), DOI 10.32614/rj-2017-036]. The estimator is simply the matrix of empirical transition frequencies, normalized to rows. We build, for each session, the ordered vector of pages and pass the list of sequences to markovchainFit.


library(markovchain)

# One ordered character vector of pages per session.
seq_list <- sessions_df |>
  arrange(user_id, ts) |>
  group_by(session_id) |>
  summarise(path = list(page), .groups = "drop") |>
  pull(path)

# Maximum-likelihood fit of a first-order chain from the list of sequences.
fit <- markovchainFit(data = seq_list, method = "mle")
mc   <- fit$estimate

# The estimated transition matrix (rounded for display).
round(mc@transitionMatrix, 3)
#>           cart checkout  exit  home product search
#> cart     0.101    0.489 0.167 0.025   0.186  0.033
#> checkout 0.000    0.000 1.000 0.000   0.000  0.000
#> exit     0.000    0.000 0.000 0.000   0.000  0.000
#> home     0.000    0.000 0.232 0.047   0.240  0.481
#> product  0.306    0.000 0.190 0.048   0.262  0.193
#> search   0.041    0.000 0.252 0.041   0.522  0.146




The fitted matrix recovers, up to sampling noise, the data-generating process of Section 49.2.2: high probability of leaving from home, a search-to-product pathway, and the cart-to-checkout step that defines conversion. Because the markovchain object knows that exit is absorbing, it exposes the chain’s structure directly.


# Which states are absorbing? (Self-probability 1.)
absorbingStates(mc)
#> character(0)

# Steady-state behavior is degenerate here because every walk ends in "exit";
# the informative object is the matrix of transient transitions above, not a
# stationary distribution. We confirm the absorbing structure instead.
diag(mc@transitionMatrix)["exit"]
#> exit 
#>    0




The estimated chain is a compact, interpretable model of navigation. It answers questions a funnel cannot: not merely how many sessions reached cart, but the probability that a user in the cart proceeds to checkout versus backtracks to keep browsing. Those conditional probabilities are the substance of path analysis, and they are exactly what attribution will exploit.



49.3.3 Markov Attribution and the Removal Effect

Markov chains supply a principled answer to the attribution question through the removal effect. The idea, developed for graph-based online attribution by Anderl, Becker, von Wangenheim, and Schumann [2016, International Journal of Research in Marketing 33(3), 457-474, DOI 10.1016/j.ijresmar.2016.03.001], is to model journeys as walks on a graph whose nodes are channels (or pages), with two special absorbing nodes, conversion and null (no conversion). The value of a channel is then defined by what happens when it is removed from the graph: the removal effect of channel cc is the proportional drop in overall conversion probability when all paths through cc are diverted to the null state, RE(c)=πconv−πconv(−c)πconv,(49.4)
\text{RE}(c) \;=\; \frac{\pi_{\text{conv}} - \pi_{\text{conv}}^{(-c)}}{\pi_{\text{conv}}},
 \qquad(49.4) where πconv\pi_{\text{conv}} is the conversion probability of the full chain and πconv(−c)\pi_{\text{conv}}^{(-c)} is the conversion probability after removing cc. Channels whose removal collapses conversion are credited heavily; channels whose removal barely moves it are credited little. Normalizing removal effects across channels yields a data-driven attribution that respects the path rather than mechanically crediting the first or last touch (Section 49.6).

We implement the removal effect on our page chain by treating checkout as conversion and exit-without-checkout as the null state, then comparing the absorption probability into conversion with and without each transient page. The absorption probability is computed in closed form from the chain’s transition matrix.




Table 49.3: Markov removal effects for each transient page. Larger values indicate pages whose removal most reduces overall conversion probability.


tm <- mc@transitionMatrix

# Define the two absorbing outcomes. "checkout" is conversion. We add an explicit
# "null" outcome: from "exit", a session that never reached checkout is a non-
# conversion. In this chain "exit" already absorbs, so we treat reaching "exit"
# without having passed through "checkout" as the null outcome. For the removal-
# effect computation we work with the conversion-absorption probability from the
# entry state "home".

# Probability of being absorbed into "checkout" starting from "home", computed by
# solving the linear system for absorption probabilities of a Markov chain.
absorb_conv_prob <- function(tm, entry = "home", conv = "checkout",
                             absorbing = c("checkout", "exit")) {
  states <- rownames(tm)
  transient <- setdiff(states, absorbing)
  Q <- tm[transient, transient, drop = FALSE]   # transient-to-transient
  R <- tm[transient, absorbing, drop = FALSE]   # transient-to-absorbing
  N <- solve(diag(nrow(Q)) - Q)                 # fundamental matrix
  B <- N %*% R                                  # absorption probabilities
  B[entry, conv]
}

base_conv <- absorb_conv_prob(tm)

# Removal effect: zero out a transient page by diverting all its inflow to "exit"
# (the null outcome), then recompute conversion probability from "home".
transient_pages <- setdiff(rownames(tm), c("checkout", "exit", "home"))

removal <- map_dfr(transient_pages, function(pg) {
  tm2 <- tm
  # Send everything that would go TO page `pg` straight to "exit" instead,
  # then make `pg` itself a dead-end into "exit".
  tm2[, "exit"] <- tm2[, "exit"] + tm2[, pg]
  tm2[, pg] <- 0
  tm2[pg, ] <- 0
  tm2[pg, "exit"] <- 1
  conv_without <- absorb_conv_prob(tm2)
  tibble(page = pg,
         conv_without = conv_without,
         removal_effect = (base_conv - conv_without) / base_conv)
})

removal |>
  mutate(attribution = removal_effect / sum(removal_effect)) |>
  arrange(desc(removal_effect))
#> # A tibble: 3 × 4
#>   page    conv_without removal_effect attribution
#>   <chr>          <dbl>          <dbl>       <dbl>
#> 1 cart          0               1           0.380
#> 2 product       0.0134          0.936       0.355
#> 3 search        0.0634          0.698       0.265







In Table 49.3, the removal_effect column quantifies how much each page contributes to conversion: a page with a large removal effect is one the conversion paths depend on, so diverting its traffic to the null outcome sharply lowers the chance of reaching checkout. The attribution column normalizes these effects into shares that sum to one, the quantities a budget-allocation exercise would use. The same machinery, applied to a chain whose states are marketing channels rather than pages, is exactly the graph-based attribution model of Anderl et al. (2016); the page-level version here is a faithful, smaller illustration of the identical logic.




49.4 Sequence Analysis

Markov models compress each sequence into transition counts and, in doing so, discard the identity of the individual trajectory. Sequence analysis, a tradition imported into the social sciences from biology, takes the opposite stance: it treats each user’s ordered sequence of states as a holistic object, to be compared with other sequences, aligned, clustered into behavioral types, and visualized as a population. The canonical R toolkit is TraMineR, whose methods for representing, summarizing, and visualizing categorical state sequences are documented by Gabadinho, Ritschard, Müller, and Studer [2011, Journal of Statistical Software 40(4), DOI 10.18637/jss.v040.i04].


49.4.1 Representing Sequences

TraMineR operates on a state-sequence object in which each row is one unit’s trajectory over aligned positions. We build, for each session, the sequence of pages up to a fixed number of positions, pad shorter sessions, and construct the sequence object.


library(TraMineR)

max_pos <- 6  # align sessions to their first 6 events (the funnel depth)

seq_wide <- sessions_df |>
  arrange(user_id, ts) |>
  group_by(session_id) |>
  mutate(pos = row_number()) |>
  ungroup() |>
  filter(pos <= max_pos) |>
  mutate(pos = factor(pos, levels = 1:max_pos)) |>
  select(session_id, pos, page) |>
  pivot_wider(names_from = pos, values_from = page,
              names_prefix = "t", names_expand = TRUE) |>
  arrange(session_id)

# Columns t1..t6 hold the page at each position; NA past the session's end.
state_cols <- paste0("t", 1:max_pos)

# Define the alphabet and build the TraMineR sequence object.
click_seq <- seqdef(
  seq_wide,
  var      = state_cols,
  alphabet = pages,
  states   = pages,
  xtstep   = 1
)

# How many sequences, and a glance at the first few.
print(click_seq[1:5, ])
#>   Sequence                                  
#> 1 home-search-search-exit                   
#> 2 home-search-search-product-product-product
#> 3 home-exit                                 
#> 4 home-exit                                 
#> 5 home-search-home-exit






49.4.2 State Distributions and Clustering

A first, population-level view is the state-distribution plot: at each sequence position, the share of sessions occupying each state. Figure 49.1 shows how the population flows through the funnel over event positions, with users draining into exit as positions advance.


seqdplot(click_seq, border = NA, with.legend = "right",
         main = NULL)






[image: ]



Figure 49.1: State-distribution plot of the simulated sessions. At each event position (t1..t6), the bar shows the share of sessions on each page; the population drains toward the absorbing exit state.








To move from description to typology, we cluster sequences by dissimilarity. TraMineR computes pairwise distances between sequences, the classic choice being optimal matching (OM), which defines the distance between two sequences as the minimum cost of insertions, deletions, and substitutions needed to transform one into the other. Clustering the resulting distance matrix groups sessions into behavioral archetypes, short bouncers, deep browsers, converters, that a population of raw logs would otherwise hide; Table 49.4 reports the sizes of the four clusters so recovered.




Table 49.4: Sizes of behavioral clusters recovered from optimal-matching distances between session sequences, via Ward hierarchical clustering into four groups.


library(cluster)

# Substitution costs derived from observed transition rates; indel cost fixed.
sm <- seqsubm(click_seq, method = "TRATE")
om <- seqdist(click_seq, method = "OM", sm = sm, indel = 1)

# Ward clustering of the distance matrix into 4 behavioral types.
hc <- agnes(as.dist(om), method = "ward")
cl4 <- cutree(hc, k = 4)

table(cluster = cl4)
#> cluster
#>   1   2   3   4 
#> 216 151 369 117








seqdplot(click_seq, group = factor(cl4), border = NA,
         with.legend = "right")
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Figure 49.2: State-distribution plots by cluster. Each panel is a behavioral archetype recovered from the sequence distances: clusters differ in how quickly they exit and how far they advance into the funnel.








The four panels of Figure 49.2 are interpretable behavioral types: clusters that exit almost immediately, clusters that linger in search and product, and clusters that reach cart and checkout. This is the payoff of treating sequences holistically. Rather than a single average transition matrix, sequence clustering surfaces a heterogeneous population of navigation styles, which is the empirical reality of behavioral data and the starting point for segmentation, targeting, and personalized intervention.




49.5 Deep Sequence Models

The classical methods above impose structure: a Markov chain assumes limited memory, and sequence analysis fixes a dissimilarity metric in advance. Deep sequence models invert this, learning a representation of behavior directly from raw event streams with minimal hand-specified structure. This section is conceptual; the models below are described rather than fit, because training them at scale is beyond a runnable book example, but the architectures are the production workhorses of large digital platforms and deserve to be named precisely.

Recurrent neural networks (RNNs), and their gated variants the LSTM and GRU, process a sequence one event at a time while maintaining a hidden state that summarizes the history seen so far. Unlike a fixed-order Markov chain, an RNN can in principle carry information across arbitrarily long gaps, learning, for example, that a search early in a session conditions the value of a much later product view. RNNs were the first deep architecture to deliver strong session-based recommendation, and sequential recommendation remains a leading application of behavioral sequence modeling (Zheng et al. 2023).

Transformers replace recurrence with self-attention, letting every event attend directly to every other event in the sequence. Self-attention removes the sequential bottleneck of RNNs, parallelizes training, and captures long-range dependencies more effectively, which is why transformer architectures now dominate sequential recommendation and behavioral modeling. The canonical architecture, Vaswani et al., “Attention Is All You Need” (NeurIPS 2017), has no canonical Crossref DOI and is cited by name; its adaptation to user-behavior sequences underlies modern next-item prediction.

Survival and hazard models address a different target: not the next event but the timing of an event, paradigmatically churn. A survival model treats the time until lapse as the object of inference and models the hazard, the instantaneous risk of lapsing at time tt given survival so far, as a function of behavioral covariates. This is the natural frame for churn and retention precisely because lapse is censored: most customers have not yet churned at the time of analysis, and a survival model uses that censored information correctly where a binary classifier discards it. Behavioral covariates, declining session frequency, shortening visits, shifting activity mix, enter the hazard and yield a continuously updated risk score. The deep-learning extension replaces the linear hazard with a neural network over the event sequence, fusing the representational power of the architectures above with the censoring-aware machinery of survival analysis.

A recurring caution governs all of these models, and it is the same caution that governs text and image features elsewhere in this part: a learned representation of behavior is a generated regressor. When the output of a sequence model (a churn score, a propensity, an engagement embedding) is fed into a downstream regression or decision, its estimation error can correlate with the outcome, and the standard errors of the downstream model will understate uncertainty unless the generation step is accounted for. Behavioral embeddings are powerful inputs, but they are model outputs first.



49.6 Attribution

Attribution deserves separate treatment because it is the application where method choice most directly moves money, and where the gap between convenient heuristics and defensible models is widest. The problem is to distribute credit for a conversion across the touchpoints, channels, ad exposures, and site visits that preceded it.

The heuristic attribution rules require no model and are correspondingly crude. Last-touch assigns all credit to the final touchpoint before conversion; first-touch assigns it all to the first; linear splits credit equally; time-decay weights recent touches more. Each encodes an untested assumption about how influence accrues along a path, and last-touch in particular systematically overcredits the bottom-of-funnel channels that users were always going to reach and undercredits the upper-funnel channels that initiated the journey (Montgomery et al. 2004).

The data-driven alternatives infer credit from the structure of observed paths. The Markov removal-effect model of Section 49.3.3 is the leading example: by defining a channel’s value as the conversion lost when its paths are diverted, it credits channels by their causal role within the observed path structure rather than by their position (Anderl et al. 2016). A complementary tradition builds explicit measurement models of the multichannel journey: H. (Alice). Li and Kannan (2014b) model a customer’s consideration of channels, visits through them over time, and subsequent purchase, and crucially validate the model against a field experiment, and Abhishek, Fader, and Hosanagar (“The Long Road to Online Conversion,” SSRN working paper 2012, DOI 10.2139/ssrn.2158421) model the path from media exposure to conversion with a hidden-Markov structure over latent journey stages. Closely related work disentangles how channels interact along the path: Haan, Wiesel, and Pauwels (2016) compare the conversion impact of different online ad forms within a multichannel attribution framework, and Kireyev, Pauwels, and Gupta (2016) show that display advertising dynamically raises later search activity, so crediting search alone double-undercounts display. Individual-level exposure data let Zantedeschi, Feit, and Bradlow (2017) measure multichannel advertising response jointly across mail and email. The same path logic extends to paid search itself, where keyword-level clickstream supports both reduced-form (Ghose and Yang 2009) and dynamic structural (Yao and Mela 2011) models of sponsored-search performance. The broader digital-marketing framework that situates attribution among the firm’s measurement problems is reviewed by Kannan and Li (2017).

Two cautions apply to every attribution model, heuristic or data-driven. First, attribution is correlational by default: a model fit to observed paths recovers associations between touchpoints and conversion, not the counterfactual conversion that would have occurred absent a touchpoint, unless the design supports a causal reading. The strongest attribution work therefore pairs the model with experimental variation, as Li and Kannan (2014) do, rather than resting on observational paths alone. Second, attribution is acutely sensitive to what is logged. Touchpoints that go unrecorded, view-through impressions, cross-device journeys, offline exposures, are silently assigned zero credit, biasing the attribution toward the well-instrumented channels. The measurement boundary is the attribution boundary.



49.7 Industry and Production Practice

The methods above presuppose a clean event log. In practice that log is the output of a substantial data-engineering pipeline, and the integrity of every downstream analysis depends on how that pipeline is built. This section sketches the production reality that academic treatments usually omit, because the failure modes it introduces are precisely the ones that invalidate published-looking results.

The event pipeline originates in instrumentation: a tracking plan specifies which events are emitted, with which properties, from web and app clients. Events flow through a collection layer, often a streaming bus, into a warehouse or lakehouse where they land as an append-only event table. Discipline at this stage, stable event names, versioned schemas, consistent identifiers, is what makes the log analyzable at all; an event whose semantics drift across an app release silently breaks every longitudinal metric defined on it.

Sessionization (Section 49.2.3) is typically materialized in the pipeline rather than recomputed per analysis, so the timeout rule becomes an organizational commitment baked into derived tables. Identity resolution sits alongside it: stitching a user’s events across devices and login states determines whether a cross-device journey appears as one user or several, with direct consequences for attribution and CLV.

The warehouse-to-feature pipeline turns the raw event table into the columns a model consumes. For each user and a chosen prediction time, the pipeline aggregates the history into features, counts, recencies, frequencies, sequence summaries, and embeddings, and joins them to a label observed after the prediction time. The discipline that governs this step is the avoidance of look-ahead leakage: a feature must be computable using only information available at the prediction time, never information from the future relative to it. Leakage is the dominant failure mode of behavioral modeling in practice and is insidious because it inflates offline metrics, a churn model that accidentally includes a post-churn event as a feature will look superb in backtests and fail in production. The structural guard is a point-in-time correct feature store that, for any training example, reconstructs feature values as they would have stood at that example’s prediction time, and never later.

Two further production realities shape the analysis. Bot and non-human traffic, discussed in Section 49.1, must be filtered before metrics and models are computed, since uncleaned synthetic traffic corrupts transition matrices, funnels, and attribution alike. And privacy and consent regimes increasingly constrain what may be logged and retained at all: cookie deprecation, consent-gated tracking, and on-device measurement shrink the observable event log, which feeds directly back into the measurement-boundary caution of Section 49.6. The clickstream a model sees is not the behavior that occurred; it is the behavior that was instrumented, permitted, and retained.








Replication resources: clickstream analysis




The sessionization, transition-matrix estimation, Markov removal-effect attribution, and sequence-clustering demonstrations in this chapter run on open R packages—base R, data.table/dplyr, the markovchain/ChannelAttribution family for path attribution, and TraMineR for sequence analysis—which constitute a fully reproducible clickstream toolchain. The empirical studies cited here (e.g., Montgomery et al. (2004), H. (Alice). Li and Kannan (2014b), Bart J. Bronnenberg, Kim, and Mela (2016)) rest on proprietary firm clickstream that cannot be redistributed, so public replication packages are rare; the methods, not the data, are the transferable artifact, consistent with the unstructured-data program’s emphasis on validated, reproducible measurement (Balducci and Marinova 2018).









49.8 Frontier and Extensions

Clickstream analysis is consolidating around a few active frontiers. The first is the move from hand-engineered behavioral features to learned behavioral embeddings: representing each user by a vector that a sequence model has learned from their raw event history, then reusing that vector across churn, recommendation, and lifetime-value tasks. This mirrors the trajectory of text and image data elsewhere in this part, and it inherits the same generated-regressor caution (Section 49.5).

A second frontier is causal clickstream analysis. The observational, self-selected nature of behavioral logs (Section 49.1) means that the most consequential questions, does this navigation cause conversion, does this intervention reduce churn, are causal questions that path models answer only under strong assumptions. Integrating behavioral logs with experimental and quasi-experimental designs, so that the rich sequence data supplies covariates and heterogeneity while the design supplies identification, is where attribution and uplift modeling are heading.

A third frontier is multimodal fusion. The clickstream is one signal among several: a session also generates text (search queries, reviews), images (products viewed), and, increasingly, voice and video interactions. Joint models that fuse the behavioral sequence with these other modalities, the subject of this part as a whole, promise representations of the customer that no single log could yield. The unifying lesson is the one this part returns to throughout: behavioral logs, like text and images, are unstructured traces that become useful only once turned into learned, lossy features, and those features must be defended as generated regressors before any claim is built on them.





50 Geospatial and Location Data

Marketing happens somewhere. A customer walks past a storefront, a delivery van threads a route, a billboard faces one direction and not another, a smartphone broadcasts its coordinates to an ad exchange, and a trade area swells or shrinks as a competitor opens across the street. For most of the discipline’s history this where was treated as background: a control variable at best, a nuisance at worst. What has changed is that location is now data in the same operational sense that text (Chapter 43) and images (Chapter 45) are data. A point on the earth becomes a pair of coordinates, a customer becomes a point pattern, a market becomes a polygon, and the spatial relations among them, who is near whom, which areas border which, how demand decays with distance, become quantities a model can ingest. This chapter is about turning the where into machine-readable geometry and about the methods that respect what makes spatial data peculiar.

The peculiarity is worth stating at the outset, because it organizes everything that follows. Spatial observations are not independent draws. Tobler’s so-called first law of geography puts it plainly: everything is related to everything else, but near things are more related than distant things (Tobler 1970, Economic Geography 46, 234-240, doi:10.2307/143141). Two stores a block apart cannibalize each other; two census tracts that touch share commuters, climate, and culture; a geo-targeted campaign in one zip code spills into the next. This spatial dependence breaks the independence assumption underneath ordinary regression, inflates apparent precision, and, if ignored, manufactures findings out of geography itself. The same dependence is also the signal that trade-area models, geodemographic segmentation, and geo-experiments are built to exploit. The analyst’s task is to represent geometry correctly, measure spatial relations honestly, and then either model the dependence or design around it.

The chapter proceeds from applications to representation to method. It surveys the marketing problems for which location is the central variable, fixes how spatial data is stored and manipulated, and then develops the workhorse computations, distance and trade-area analysis, spatial autocorrelation and spatial regression, and geo-experiments, each with runnable R. It closes with the data sources and privacy regime that govern location data in practice and with the frontier. The runnable code uses the modern simple-features stack (sf), the current standard for vector spatial data in R (Pebesma 2018, The R Journal 10(1), 439-446, doi:10.32614/RJ-2018-009), and avoids the retired sp/maptools lineage entirely.


50.1 Applications: Where Location Is the Variable

Location data enters marketing wherever a decision turns on physical space. Eight application families recur, and they motivate the methods in the rest of the chapter.

Trade-area analysis and site selection. A store’s trade area is the geographic region from which it draws the bulk of its customers, and estimating it is the oldest quantitative use of location in marketing. The foundational model is Huff’s gravity formulation, in which the probability that a consumer at location ii patronizes store jj rises with the store’s attractiveness (size, assortment) and falls with the travel cost to reach it (Huff 1964, Journal of Marketing 28(3), 34-38, doi:10.2307/1249154; Huff 1963, Land Economics 39(1), 81-90, doi:10.2307/3144521). Site selection inverts the problem: given candidate locations, predict the trade area, the captured demand, and the cannibalization of existing stores, then choose where to build.

Geo-targeting and geo-experiments. Digital advertising can be aimed at, and withheld from, specific geographies, which makes geography both a targeting instrument and an experimental one. This is now one of the best-developed empirical literatures in marketing. Field experiments establish that mobile targeting—timing and placing offers by a consumer’s location—lifts redemption and sales (X. Luo et al. 2014), that effectiveness is hyper-contextual, rising with situational factors such as physical crowdedness on a commute (M. Andrews et al. 2016), and that targeting on a consumer’s trajectory (the sequence of places visited) outperforms targeting on the current location alone (Ghose, Li, and Liu 2019). Promotions can be conditioned on proximity to a focal or a competitor’s store, a tactic known as geo-conquesting (N. M. Fong, Fang, and Luo 2015), and competitors can target each other’s customers with smartphone coupons, turning location into a strategic price-discrimination instrument (Dubé et al. 2017). Which product categories mobile advertising actually moves is itself an empirical question, the answer depending on category and consumer context (Bart, Stephen, and Sarvary 2014). More broadly, location interacts with targeting and obtrusiveness in display advertising (Goldfarb and Tucker 2011b), with physical colocation networks that predict ad response (Zubcsek, Katona, and Sarvary 2017), with interface design in location-based pull advertising (Molitor et al. 2020), and with the cross-channel spillovers that link online and offline sales (Isaac M. Dinner, Van Heerde, and Neslin 2013); even broad targeted-discount programs function partly as advertising (Sahni, Zou, and Chintagunta 2017). Because regions can be randomized into treatment and control, geography also supports clean field experiments at the market level, the basis of geo-lift designs discussed in Section 50.6.

Mobile location and footfall data. Smartphones emit location through GPS, cell-tower triangulation, Wi-Fi, and bluetooth beacons. Aggregated, these signals measure footfall, the count of devices visiting a place over time, which serves as a proxy for store visits, dwell time, and cross-shopping. Foot-traffic context varies systematically across micro-locations and retail-center types (Philp, Dolega, Singleton, and Green 2022, Applied Spatial Analysis and Policy 15(1), 161-187, doi:10.1007/s12061-021-09396-1). Mobile data also revealed that the mobile internet is behaviorally distinct from the desktop internet: search costs are higher, ranking effects stronger, and local activities more salient (Ghose, Goldfarb, and Han 2013, Information Systems Research 24(3), 613-631, doi:10.1287/isre.1120.0453).

Store catchment and cannibalization. Related to trade area but operationally distinct, catchment assigns each customer or demand unit to a serving store, usually the nearest or the most attractive, and then aggregates demand by store. Catchment maps drive labor scheduling, inventory, and the cannibalization accounting that any new-store decision requires.

Geodemographics. Geodemographic systems classify small areas (census tracts, postal zones) into lifestyle segments by combining demographic, socioeconomic, and behavioral data, on the premise that neighbors resemble one another. The approach has a long applied history and a continuing research program spanning the United States and United Kingdom (Singleton and Spielman 2014, The Professional Geographer 66(4), 558-567, doi:10.1080/00330124.2013.848764). Geodemographic codes feed direct mail, media planning, and site selection.

Delivery and logistics. Last-mile delivery, service-territory design, and route optimization are spatial-marketing problems wherever delivery speed and cost are part of the value proposition. The same distance and accessibility primitives that define trade areas define delivery zones, surge regions, and the isochrones (equal-travel-time contours) that quick-commerce firms advertise.

Out-of-home advertising. Billboards, transit panels, and place-based screens are inherently geographic media: their value depends on the traffic that passes a fixed location and the composition of that traffic. Programmatic out-of-home now prices inventory using footfall and mobility data, turning a classically untargeted medium into a location-data application.

Local versus electronic competition. Whether a consumer buys online or locally depends on where the consumer lives relative to physical retail, an interaction between geography and channel (Forman, Ghose, and Goldfarb 2009, Management Science 55(1), 47-57, doi:10.1287/mnsc.1080.0932). Geography therefore shapes not only which store but which channel, with direct consequences for pricing and assortment.








Note




The unifying abstraction is that a marketing object acquires a geometry (a point, a line, or a polygon) and a coordinate reference system that fixes what the coordinates mean. Once objects share a coordinate system, the spatial relations among them, distance, containment, adjacency, overlap, become computable, and the marketing question reduces to a query or a model over those relations.









50.2 Spatial Data and Its Representation

Spatial structure is not a nuisance to be controlled away but a source of marketing signal, and the agenda for spatial models in marketing—demand that is correlated across nearby locations, spillovers between trade areas, and the joint modeling of where consumers are and what they buy—was set out by Eric T. Bradlow et al. (2005). Like every modality in this part (Balducci and Marinova 2018), the work begins by turning the raw artifact, here a coordinate, into a representation a model can speak about. Vector spatial data has three ingredients: geometry, attributes, and a coordinate reference system (CRS). The geometry is the shape, a point for a store or a customer, a line for a road or a route, a polygon for a trade area or a census tract. The attributes are the ordinary columns of a data frame: a store’s revenue, a tract’s population. The CRS is the contract that says what the coordinate numbers mean. Longitude-latitude pairs in degrees (the EPSG:4326 system, often called WGS84) live on a sphere, so Euclidean distance between them is meaningless; a projected CRS maps the curved earth onto a plane in meters or feet so that distances and areas can be computed with ordinary arithmetic. Mismatched or missing CRS information is the single most common source of silent error in applied spatial work, and the rule is simple: never compute a distance in degrees, and never overlay two layers without confirming they share a CRS.

The sf package implements the Open Geospatial Consortium simple features standard, storing a layer as a data frame with one list-column of geometries, so that every dplyr and ggplot2 idiom carries over (Pebesma 2018, doi:10.32614/RJ-2018-009). The demonstration below simulates a small market: a set of stores and a larger set of customers, each with coordinates, attached to a projected CRS so that subsequent distances are in meters.


library(sf)
library(ggplot2)
library(dplyr)

set.seed(56)

# A synthetic metropolitan market on a projected grid measured in meters.
# We work directly in a planar CRS (a Universal Transverse Mercator zone)
# so that Euclidean distance in the coordinate units IS distance in meters.
utm <- 32616  # EPSG:32616, WGS84 / UTM zone 16N (planar, units = meters)

# Five stores placed across a roughly 30 km x 30 km area (coordinates in meters).
stores <- data.frame(
  store_id = paste0("S", 1:5),
  x = c( 5000, 22000, 12000, 27000,  8000),
  y = c( 8000,  6000, 20000, 24000, 26000),
  sqft = c(18000, 42000, 25000, 12000, 30000)  # store size (attractiveness)
)
stores_sf <- st_as_sf(stores, coords = c("x", "y"), crs = utm)

# 600 customers drawn from three spatial clusters (neighborhoods) plus noise,
# so the point pattern is realistically clumped rather than uniform.
n <- 600
centers <- data.frame(cx = c(8000, 24000, 15000),
                       cy = c(10000, 8000, 23000))
grp <- sample(1:3, n, replace = TRUE, prob = c(0.4, 0.35, 0.25))
cust <- data.frame(
  cust_id = 1:n,
  x = rnorm(n, centers$cx[grp], 3500),
  y = rnorm(n, centers$cy[grp], 3500),
  spend = round(rlnorm(n, log(60), 0.5), 2)  # monthly spend, skewed
)
cust_sf <- st_as_sf(cust, coords = c("x", "y"), crs = utm)

cat("Stores:", nrow(stores_sf), " Customers:", nrow(cust_sf), "\n")
#> Stores: 5  Customers: 600
cat("CRS units:", st_crs(utm)$units, "\n")
#> CRS units: m
print(st_bbox(cust_sf))
#>      xmin      ymin      xmax      ymax 
#> -1031.781 -1603.173 33883.222 31441.451




The objects stores_sf and cust_sf are simple-features data frames: ordinary columns plus a geometry column the package understands. Because the CRS is a projected one in meters, every distance computed below is a real distance, not an uninterpretable difference of degrees.



50.3 Distance, Catchment, and Trade-Area Analysis

With a shared CRS in place, the core spatial primitives are immediate. The distance from each customer to each store is a single call; nearest-store assignment is a row-wise minimum over that distance matrix; and aggregating spend by serving store yields a catchment table. These three steps, distance, assignment, aggregation, are the computational spine of trade-area analysis.


# Full customer-by-store distance matrix (meters). st_distance respects the CRS.
D <- st_distance(cust_sf, stores_sf)        # 600 x 5 matrix, units = m
D <- matrix(as.numeric(D), nrow = nrow(cust_sf))  # strip units for arithmetic

# Nearest-store assignment: the index of the minimum distance in each row.
nearest_idx <- apply(D, 1, which.min)
cust_sf$store_id  <- stores_sf$store_id[nearest_idx]
cust_sf$dist_m    <- D[cbind(seq_len(nrow(D)), nearest_idx)]

# Catchment table: customers, total spend, and median travel distance per store.
catchment <- cust_sf |>
  st_drop_geometry() |>
  group_by(store_id) |>
  summarise(customers   = n(),
            total_spend = sum(spend),
            median_dist_km = round(median(dist_m) / 1000, 2),
            .groups = "drop") |>
  arrange(desc(total_spend))

print(catchment)
#> # A tibble: 5 × 4
#>   store_id customers total_spend median_dist_km
#>   <chr>        <int>       <dbl>          <dbl>
#> 1 S2             221      15063.           5.13
#> 2 S1             193      13141.           4.85
#> 3 S3             131       9437.           4.75
#> 4 S5              37       2146.           5.63
#> 5 S4              18       1604.           7.85




Nearest-store assignment is the simplest catchment rule, and it implicitly draws a Voronoi tessellation: the plane is partitioned into cells, one per store, each cell being the set of locations closer to that store than to any other. Voronoi catchments assume customers patronize the nearest store and nothing else, which is a useful first approximation but ignores store attractiveness. The Huff gravity model relaxes this by making patronage probabilistic and attractiveness-weighted. For a customer at ii and store jj with attractiveness AjA_j (here, square footage) and distance dijd_{ij},

Pij=Ajdij−λ∑kAkdik−λ,(50.1)
P_{ij} = \frac{A_j \, d_{ij}^{-\lambda}}{\sum_{k} A_k \, d_{ik}^{-\lambda}},
 \qquad(50.1)

where the distance-decay exponent λ>0\lambda > 0 governs how sharply patronage falls with travel cost. The code below computes Huff probabilities and contrasts the resulting expected demand with the hard nearest-store catchment, exposing how much the attractiveness term redistributes demand toward larger stores.


lambda <- 1.8                       # distance-decay exponent (calibrated elsewhere)
A <- stores_sf$sqft                 # attractiveness = store size

# Huff numerator A_j * d_ij^(-lambda), guarding against d = 0.
num <- sweep((pmax(D, 1))^(-lambda), 2, A, `*`)  # 600 x 5
P   <- num / rowSums(num)                          # patronage probabilities

# Expected spend each store captures = sum over customers of P_ij * spend_i.
huff_capture <- colSums(P * cust_sf$spend)
huff <- data.frame(store_id = stores_sf$store_id,
                   sqft = stores_sf$sqft,
                   huff_expected_spend = round(huff_capture, 0))

compare <- catchment |>
  select(store_id, nearest_spend = total_spend) |>
  left_join(huff, by = "store_id") |>
  arrange(desc(huff_expected_spend))
print(compare)
#> # A tibble: 5 × 4
#>   store_id nearest_spend  sqft huff_expected_spend
#>   <chr>            <dbl> <dbl>               <dbl>
#> 1 S2              15063. 42000               16301
#> 2 S3               9437. 25000                9161
#> 3 S1              13141. 18000                8938
#> 4 S5               2146. 30000                5321
#> 5 S4               1604. 12000                1671




The two columns tell different stories. Nearest-store assignment is winner-take-all within each Voronoi cell, so a small store can capture a large cell simply by being isolated. The Huff model spreads each customer’s demand across all stores in proportion to attractiveness and inverse distance, so the largest stores claim a disproportionate share even from customers who are nominally closer to a small rival. Which model an analyst trusts is an empirical question settled by calibrating λ\lambda against observed patronage, but the contrast itself is the managerial insight: a new large-format store does not merely capture its own cell, it siphons probability mass from every store within its distance-decay reach, which is the cannibalization that site selection must price.








Tip




Accessibility generalizes distance. Straight-line (Euclidean) distance is a crude proxy for travel cost when rivers, highways, and one-way streets intervene. Production trade-area work replaces it with network distance or travel time from a routing engine, and replaces circular buffers with isochrones, polygons of equal travel time. The sf primitives are identical; only the distance metric changes from a closed-form Euclidean formula to a routed query.









50.4 Aggregation to Areas and the Choropleth

Marketing decisions are usually made over areas, sales territories, postal zones, census tracts, not over raw points. Moving from points to areas requires a spatial join: each point is matched to the polygon that contains it, and the points are then aggregated within polygon. This points-in-polygon aggregation is the operation that turns a scatter of customers into a thematic map. The example below overlays a regular grid of analysis zones on the market, joins customers to zones, and draws a choropleth, a map in which each area is shaded by an aggregated value, here total customer spend.


# Build a 6 x 6 grid of square analysis zones covering the market bounding box.
grid <- st_make_grid(cust_sf, n = c(6, 6), what = "polygons")
grid <- st_sf(zone_id = seq_along(grid), geometry = grid)

# Spatial join: assign each customer to the grid cell that contains it,
# then aggregate spend and customer counts to the zone level.
joined <- st_join(cust_sf, grid, join = st_within)
zone_stats <- joined |>
  st_drop_geometry() |>
  group_by(zone_id) |>
  summarise(zone_spend = sum(spend), zone_n = n(), .groups = "drop")

grid <- grid |>
  left_join(zone_stats, by = "zone_id") |>
  mutate(zone_spend = ifelse(is.na(zone_spend), 0, zone_spend))

ggplot() +
  geom_sf(data = grid, aes(fill = zone_spend), color = "white", linewidth = 0.3) +
  geom_sf(data = stores_sf, shape = 24, fill = "red", color = "black", size = 3) +
  scale_fill_viridis_c(name = "Spend", option = "C") +
  labs(title = "Customer spend by analysis zone",
       subtitle = "Red triangles mark stores") +
  theme_minimal()





[image: ]

Choropleth of total customer spend aggregated to a regular grid of analysis zones, with store locations overlaid. Darker cells capture more demand.







The map is more than decoration: it is the object that spatial-statistics methods operate on. The grid’s cells now carry an attribute (zone_spend) and an implicit adjacency structure (which cells touch which), and the next two sections ask whether the spatial pattern in that attribute is more clustered than chance, and how to regress an outcome on covariates without letting the clustering corrupt the inference.



50.5 Spatial Autocorrelation and Spatial Regression

The choropleth invites a question the eye cannot answer reliably: is the high-spend region genuinely clustered, or could a pattern that looks clustered arise by chance from independent draws? Spatial autocorrelation is the formal measure. The most widely used global statistic is Moran’s II (Moran 1950, Biometrika 37(1/2), 17-23, doi:10.2307/2332142). Given an attribute xax_a on areas a=1,…,ma = 1,\dots,m and a spatial weights matrix WW with entries wabw_{ab} encoding which areas are neighbors,

I=m∑a∑bwab⋅∑a∑bwab(xa−x‾)(xb−x‾)∑a(xa−x‾)2.(50.2)
I = \frac{m}{\sum_{a}\sum_{b} w_{ab}}
\cdot
\frac{\sum_{a}\sum_{b} w_{ab}\,(x_a - \bar{x})(x_b - \bar{x})}
     {\sum_{a}(x_a - \bar{x})^2}.
 \qquad(50.2)

The statistic is a spatially weighted correlation of the attribute with itself across neighboring areas. Values above the expectation −1/(m−1)-1/(m-1) indicate positive autocorrelation (neighbors resemble neighbors, the high-spend-near-high-spend pattern Tobler’s law predicts); values below it indicate a checkerboard. The weights matrix WW is a modeling choice, not a given: contiguity (areas that share an edge), kk-nearest-neighbors, or distance-band schemes each encode a different theory of what neighbor means, and the choice can move the conclusion. The code below builds a contiguity weights matrix from the grid with base sf and computes Moran’s II together with a permutation reference distribution, so the result needs no spatial econometrics package.


# Contiguity weights: areas are neighbors if their polygons touch (share an edge
# or corner). st_intersects on polygons returns exactly this adjacency.
touch <- st_intersects(grid, grid)
m <- nrow(grid)
W <- matrix(0, m, m)
for (a in seq_len(m)) {
  nb <- setdiff(touch[[a]], a)      # neighbors of a, excluding itself
  if (length(nb) > 0) W[a, nb] <- 1
}
W <- W / pmax(rowSums(W), 1)        # row-standardize so weights per area sum to 1

x  <- grid$zone_spend
xc <- x - mean(x)
S0 <- sum(W)
moran_I <- (m / S0) * sum(W * outer(xc, xc)) / sum(xc^2)

# Permutation null: reshuffle attribute across areas, recompute I many times.
set.seed(56)
perm <- replicate(999, {
  xp <- sample(xc)
  (m / S0) * sum(W * outer(xp, xp)) / sum(xp^2)
})
p_perm <- (1 + sum(perm >= moran_I)) / (1 + length(perm))

cat("Moran's I          :", round(moran_I, 3), "\n")
#> Moran's I          : 0.134
cat("Expectation under H0:", round(-1 / (m - 1), 3), "\n")
#> Expectation under H0: -0.029
cat("Permutation p-value :", round(p_perm, 3), "\n")
#> Permutation p-value : 0.042




A Moran’s II comfortably above its null expectation, with a small permutation pp-value, says the spend surface is spatially clustered: knowing a zone’s neighbors tells you something about the zone. That diagnosis matters because it invalidates ordinary regression. If the residuals of a model are spatially autocorrelated, the ordinary-least-squares standard errors are wrong, typically too small, so tt-ratios are inflated and spurious significance follows. The remedy is spatial regression, which writes the dependence into the model rather than leaving it in the error.

Two canonical specifications dominate (Anselin 1988, Spatial Econometrics: Methods and Models, Springer, doi:10.1007/978-94-015-7799-1). The spatial lag model adds a spatially weighted average of the outcome itself as a regressor,

y=ρWy+Xβ+ε,(50.3)
y = \rho W y + X\beta + \varepsilon,
 \qquad(50.3)

capturing genuine spatial spillover (an outcome in one area drives the outcome in its neighbors, as when a store’s promotion lifts traffic next door). The spatial error model instead places the dependence in the disturbance,

y=Xβ+u,u=λWu+ε,(50.4)
y = X\beta + u, \qquad u = \lambda W u + \varepsilon,
 \qquad(50.4)

appropriate when the clustering reflects omitted, spatially smooth variables (local income, weather, culture) rather than true interaction. Distinguishing the two is a substantive question with a real managerial difference, spillover implies that intervening in one area changes its neighbors, omitted-variable clustering does not, and local indicators of spatial association (Anselin 1995, Geographical Analysis 27(2), 93-115, doi:10.1111/j.1538-4632.1995.tb00338.x) decompose the global Moran’s II into area-specific hot spots and cold spots that map where the clustering lives. Estimation of Equation 50.3 and Equation 50.4 uses maximum likelihood or generalized method of moments and is the province of dedicated spatial-econometrics packages; the modeling discipline, diagnose autocorrelation first, then choose lag versus error on theory, is what the analyst owns.








Warning




Spatial autocorrelation and the modifiable areal unit problem (MAUP) are distinct hazards that compound. MAUP is the dependence of results on the arbitrary boundaries and scale of the areal units: aggregate the same points to coarser zones, or shift the grid, and correlations, regression coefficients, and even their signs can change. The grid in Section 50.4 was a choice; a different grid would give a different Moran’s II. Robust spatial conclusions are checked across sensible alternative aggregations, never reported from a single arbitrary partition.









50.6 Geo-Experiments and Geo-Lift

The cleanest causal use of geography turns regions into experimental units. In a geo-experiment, a set of geographic markets (designated market areas, metros, or zip clusters) is randomized into treatment and control, the campaign runs only in treated markets, and the incremental outcome, geo-lift, is the difference in aggregated response between treated and control geographies, net of their baseline trajectories. Geography is an attractive randomization unit precisely because of the spillover this chapter has emphasized: an individual-level holdout leaks, since a treated user talks to an untreated neighbor and a control user still sees the billboard, whereas a market-level holdout contains most of the contamination inside the treated region. The cost is statistical power, there are far fewer markets than users, so geo-designs lean on pre-period data, matched market pairs, and time-series counterfactuals to squeeze precision from a small number of large units.

The estimand is an incrementality, and the workhorse counterfactual is a synthetic control or a Bayesian structural time-series model that predicts each treated market’s untreated trajectory from a weighted basket of control markets, attributing the gap after launch to the campaign. The simulation below builds a minimal geo-lift design, half the markets treated with a known multiplicative lift, and recovers the effect with a difference-in-differences contrast on the pre/post market panel, the simplest unbiased geo-lift estimator when assignment is random.


set.seed(56)
G  <- 40                                   # number of geographic markets
Tn <- 24                                   # weeks; campaign launches at week 13
true_lift <- 0.08                          # +8% in treated markets, post-launch

market   <- rep(1:G, each = Tn)
week     <- rep(1:Tn, times = G)
treated  <- rep(rbinom(G, 1, 0.5), each = Tn)     # random assignment of markets
post     <- as.integer(week >= 13)
base     <- rep(rlnorm(G, log(1000), 0.4), each = Tn)  # market size heterogeneity

# Baseline sales: market level + common weekly trend + noise.
sales <- base * (1 + 0.01 * week) * exp(rnorm(G * Tn, 0, 0.05))
# Treatment effect: multiplicative lift applied only to treated markets post-launch.
sales <- sales * (1 + true_lift * treated * post)

geo <- data.frame(market, week, treated, post, sales)

# Difference-in-differences on log sales: the interaction is the geo-lift.
fit <- lm(log(sales) ~ treated + post + treated:post, data = geo)
est_lift <- exp(coef(fit)["treated:post"]) - 1

cat("True geo-lift      :", true_lift, "\n")
#> True geo-lift      : 0.08
cat("Estimated geo-lift :", round(est_lift, 4), "\n")
#> Estimated geo-lift : 0.0746
cat("DiD interaction SE :",
    round(summary(fit)$coefficients["treated:post", "Std. Error"], 4), "\n")
#> DiD interaction SE : 0.0422




The difference-in-differences interaction recovers the planted lift because random assignment of markets makes treatment independent of the baseline trajectory, so the common-trend assumption holds by construction. Real geo-experiments are harder: a firm rarely controls enough comparable markets to randomize cleanly, market sizes are wildly heterogeneous (the base term above), and contamination across adjacent markets reintroduces the very spillover the design was meant to contain. These are why production geo-lift leans on matched-market and synthetic-control machinery rather than a bare difference of means, and why power analysis precedes any geo-test. The conceptual payoff remains: geography converts an observational targeting problem into a randomized one, complementing the user-level experimentation of Chapter 40 at a spatial scale that respects spillover.



50.7 Mobile-Location Data and Privacy

The richest contemporary location signal comes from mobile devices, and it is also the most ethically and legally fraught. A smartphone reports position through GPS, cell-tower triangulation, Wi-Fi and bluetooth scans, and the IP address of its connection, at an accuracy ranging from a few meters outdoors to tens of meters indoors. Software development kits embedded in apps stream these coordinates to data brokers, who assemble device-level mobility traces, sequences of timestamped locations, and resell them for footfall measurement, attribution, audience building, and the hyper-contextual targeting that conditions an ad on where and when a person is (Andrews, Luo, Fang, and Ghose 2016, Marketing Science 35(2), 218-233, doi:10.1287/mksc.2015.0905; Luo, Andrews, Fang, and Phang 2014, Management Science 60(7), 1738-1756, doi:10.1287/mnsc.2013.1836).

The privacy hazard is acute and specific to location. Mobility traces are uniquely identifying even when stripped of names: a handful of timestamped points, typically home at night and work by day, single out an individual from millions, so “anonymized” location data is anonymized in name only. Location also exposes sensitive inference, visits to clinics, places of worship, protests, or a competitor’s headquarters, that consumers never consented to reveal. These properties have made location a focus of regulation. The EU General Data Protection Regulation treats precise location as personal data requiring a lawful basis and, often, explicit consent; the California Consumer Privacy Act and its successors grant rights to access and delete it; mobile platforms have tightened operating-system permissions toward per-app, per-session, and coarse-location options; and enforcement actions against brokers trading in sensitive-place visits are accelerating. The methodological response is to design for privacy: aggregate to areas large enough to prevent re-identification (the points-to-zones move of Section 50.4 is itself a privacy control), add noise under formal differential privacy guarantees as national statistical agencies now do for census geographies, and prefer on-device or federated computation that never centralizes raw traces. These tools connect directly to the broader treatment of consumer privacy in Chapter 24; here the point is that location data’s analytical power and its privacy risk are two faces of the same property, that where you are is a near-complete description of who you are.



50.8 Industry and Production Practice

Translating these methods into deployed systems means confronting the data-vendor ecosystem and the engineering stack that supports spatial work at scale.

Location-data vendors. The supply chain has tiers. Base-map and boundary providers supply the geometries (administrative boundaries, road networks, points of interest) on which everything else is layered, ranging from open data such as OpenStreetMap and national census bureaus to commercial map platforms. Geodemographic vendors sell area-level lifestyle classifications and consumer profiles keyed to postal geography. Mobile-location and footfall vendors sell device-level traces and visit panels derived from app SDKs, used for foot-traffic analytics and attribution. Routing and accessibility providers expose travel-time and isochrone APIs that replace Euclidean distance with network reality. A recurring production caution is provenance and consent: footfall panels vary enormously in coverage, representativeness, and the legality of their consent chain, so a panel’s device sample must be weighted to the population it claims to represent and audited for the lawful basis on which its locations were collected.

The spatial stack. Production geospatial analytics typically combines a spatial database (PostgreSQL with the PostGIS extension, or the spatial functions now native to cloud data warehouses) for storage and joins at scale, a tiling and visualization layer for interactive maps, and an analytical layer in R (sf, terra, spdep) or Python (geopandas, shapely, pysal) for modeling. The sf package this chapter uses is the analytical front end of that stack and interoperates with the same simple-features standard the database speaks, so a trade-area model prototyped in R ports to a warehouse query with the geometry semantics preserved (Bivand, Pebesma, and Gómez-Rubio 2013, Applied Spatial Data Analysis with R, Springer, doi:10.1007/978-1-4614-7618-4).

Engineering pitfalls. Three errors dominate production incidents. The first is CRS mismatch, overlaying or measuring across layers in different coordinate systems, which the discipline of Section 50.2 prevents. The second is geocoding error: converting addresses to coordinates is imperfect, and a mis-geocoded customer silently corrupts every downstream catchment and choropleth, so geocode quality must be scored and low-confidence matches flagged. The third is scale and aggregation sensitivity, the modifiable areal unit problem of Section 50.5 surfacing as a dashboard whose conclusions flip when the zoom level or zone definition changes. Each is mundane and each routinely sinks an otherwise sound spatial analysis.








Replication resources: spatial analysis




Every spatial computation in this chapter—distance matrices, catchment assignment, the Huff model, choropleth aggregation, Moran’s II with a permutation null, and the difference-in-differences geo-lift—runs on the open R packages sf (simple features), spdep (spatial weights and autocorrelation), and ggplot2, the de facto standard spatial stack and the reproducible core of the chapter. The empirical mobile-targeting studies cited above (e.g., Ghose, Li, and Liu (2019), X. Luo et al. (2014), M. Andrews et al. (2016), Dubé et al. (2017)) rely on proprietary carrier or platform location data that cannot be redistributed, so they rarely ship public replication packages; their value here is as design templates, and any data/code link should be confirmed on the article page rather than assumed.









50.9 Frontier and Expansion

Several directions are actively reshaping geospatial marketing. Trajectory and mobility modeling moves beyond static visit counts to the sequence of places a device traverses, enabling path-to-purchase analysis in physical space that mirrors the clickstream models of online behavior, and inviting the sequence methods of the text and behavioral-data literatures to operate over geographies rather than tokens. Spatial machine learning brings graph neural networks and geographically weighted models to demand prediction, treating areas as nodes in a spatial graph so that the autocorrelation of Section 50.5 becomes an architectural feature rather than a nuisance to be corrected. Satellite and aerial imagery turns the image-as-data methods of Chapter 45 onto the earth itself, estimating economic activity, parking-lot fullness, and construction from pixels, a remote-sensing channel that needs no consenting device and so sidesteps part of the privacy problem while raising new ones. Privacy-preserving geospatial analytics, differentially private aggregates, on-device computation, and synthetic mobility data, is becoming a precondition rather than an enhancement as regulation tightens. And the fusion of location with the other modalities of this part, geotagged images, geolocated text, footfall paired with transaction logs, points toward the multimodal models in which where is one channel among several, each a generated feature carrying its own measurement error. The through-line is the one this chapter opened with: location is data, near things are more related than distant ones, and the methods that turn that fact into insight are the same ones that, used carelessly, turn geography into spurious findings or consumers into surveilled subjects. Handling both responsibly is what spatial marketing science now requires.





51 Sensor, Biometric, and Neurophysiological Data

Marketing has always wanted to measure what consumers will not, or cannot, tell it. A questionnaire asks a respondent to introspect, to translate a fleeting reaction into a number on a scale, and to do so honestly. Every step of that translation leaks information: attention wanders before it is reported, arousal subsides before it is named, social desirability rewrites the answer, and much of what actually drives choice never reaches conscious access at all. Sensor, biometric, and neurophysiological measurement is the attempt to bypass the self-report bottleneck by recording the body and the brain directly while a consumer looks at an advertisement, walks a store aisle, tastes a product, or decides whether to buy. The promise is a window onto attention, emotion, and valuation that is continuous, time-resolved, and less filtered by deliberation than anything a survey can deliver. The hazard, equally real, is that the window is narrow, expensive, easily over-interpreted, and ringed with ethical questions that a click-through rate never raised.

This chapter treats the family of physiological signals as one more modality of unstructured marketing data, a sibling to text (Chapter 43) and images (Chapter 45). As with those modalities, the intellectual move is to turn something that is not natively a number, a gaze trajectory, a trickle of sweat, a voltage at the scalp, into a feature vector that can enter the demand systems, choice models, and regressions the rest of this book develops. And as with those modalities, the central discipline is measurement: defining the construct first, choosing a signal and a set of features whose link to that construct is defensible, and validating against behavior before any causal claim is made. The difference is that here the sensor sits on the consumer’s body, which raises the stakes for cost, consent, and credibility far above what scraping reviews or product photos ever does.

The umbrella term in industry is neuromarketing, though the toolkit is broader than the brain. It spans the eyes (eye-tracking), the autonomic nervous system (electrodermal activity, heart rate, facial muscle activity), and the central nervous system (electroencephalography and functional magnetic resonance imaging), increasingly supplemented by consumer wearables that stream heart rate and motion outside the lab. The academic literature that anchors this chapter ranges from the foundational survey of eye-tracking in marketing [Wedel and Pieters 2008, Foundations and Trends in Marketing, doi:10.1561/1700000011] to the integrative demonstration that neurophysiological measures can predict aggregate advertising response beyond traditional metrics [Venkatraman et al. 2015, Journal of Marketing Research, doi:10.1509/jmr.13.0593], with a sober counterweight in the review that named the field’s “hope and hype” problem [Ariely and Berns 2010, Nature Reviews Neuroscience, doi:10.1038/nrn2795]. The maturation of consumer neuroscience as a field is charted by a sequence of agenda-setting reviews—Yoon et al. (2012) on the bridge from decision neuroscience to consumer choice, Smidts et al. (2014) on the field’s research priorities, Plassmann et al. (2015) on its applications and methodological pitfalls, and Karmarkar and Plassmann (2019) on its past, present, and future—which together situate these signals within the broader unstructured-data program (Balducci and Marinova 2018) that organizes this part.

The chapter proceeds from the periphery inward and from the concrete to the conceptual. It first lays out the applications that motivate the methods. It then takes each signal in turn, eye-tracking, autonomic measures, and the electroencephalogram, developing the features that matter and giving a small, fully runnable simulation that builds the relevant quantities from scratch in base R and ggplot2. It treats functional neuroimaging and modern neural decoding conceptually, because those require hardware and data this book cannot simulate honestly, and it labels that boundary clearly. It closes on the three questions that decide whether a physiological study is worth running at all: is it valid, can it be afforded, and is it ethical, before surveying what neuromarketing vendors actually sell and where the credible line falls.


51.1 What the Signals Measure and Why Marketing Wants Them

The physiological toolkit maps onto a small set of marketing constructs that self-report measures poorly. It is worth fixing that mapping before descending into any one signal, because the recurring error in applied neuromarketing is to record a signal and then reach for whichever construct tells the most flattering story.

Visual attention is the province of eye-tracking. Where the eyes land, in what order, and for how long is the closest observable proxy for what a consumer is processing at a given instant, on the working assumption, the eye-mind hypothesis, that the point of gaze and the locus of attention largely coincide during active viewing. Marketing cares because attention is the scarce resource that all advertising competes for: an ad that is never fixated cannot persuade, a package that loses the shelf-scan race is never considered, and a web layout that buries the call to action forfeits conversions. The canonical applications are advertising layout, where eye-tracking quantifies how brand, pictorial, and text elements capture and transfer attention [Pieters and Wedel 2004, Journal of Marketing, doi:10.1509/jmkg.68.2.36.27794]; packaging and shelf design, where gaze data reveal which products win the first fixation and the considered set; and digital interfaces, where it diagnoses whether users even see the elements designers intended.

Emotional arousal, the intensity dimension of affect, is read from the autonomic nervous system. Electrodermal activity (EDA), historically the galvanic skin response (GSR), tracks sweat-gland activity driven by sympathetic arousal and rises within a couple of seconds of an emotionally engaging or surprising stimulus. It is cheap, robust, and a clean index of how much a consumer is aroused, but it is blind to valence: a delighted viewer and a disgusted one can show the same skin-conductance spike. Heart rate and heart-rate variability add a slower autonomic channel. Arousal matters to marketing because emotional intensity predicts memory encoding, ad likeability, and the sharing of content; the EDA trace over a thirty-second spot shows exactly which beats land and which fall flat [Poels and Dewitte 2006, Journal of Advertising Research, doi:10.2501/s0021849906060041].

Emotional valence, the pleasant-unpleasant sign of affect, is where autonomic measures need help. Facial electromyography (fEMG) supplies it by recording the electrical activity of specific muscles: the zygomaticus major that pulls the mouth into a smile, indexing positive affect, and the corrugator supercilii that knits the brow into a frown, indexing negative affect. Automated facial-expression coding from video pursues the same target without electrodes, trading sensitivity for scale and unobtrusiveness. Pairing EDA (arousal) with fEMG or facial coding (valence) recovers the two-dimensional affect space marketers actually want.

Attention, preference, and valuation in the brain are the domain of EEG and fMRI. Electroencephalography records voltage fluctuations at the scalp with millisecond resolution, ideal for timing-sensitive questions: did the brain register this brand at 200 milliseconds, did this ad frame elicit the attention-and-surprise signature, is left-frontal activity, an approach-motivation marker, stronger for this design. Functional MRI trades EEG’s temporal precision for spatial precision, localizing activity to deep structures EEG cannot see. Two of those structures carry outsized marketing weight: the ventral striatum (especially the nucleus accumbens), whose activity tracks anticipated reward and has repeatedly forecast purchasing and population-level success, and the medial prefrontal / orbitofrontal cortex, which encodes subjective value. The landmark demonstrations are that nucleus accumbens and medial-prefrontal activity predict whether individuals will buy a product [Knutson et al. 2007, Neuron, doi:10.1016/j.neuron.2006.11.010] and that marketing actions such as a stated price literally modulate the neural representation of experienced pleasantness [Plassmann et al. 2008, Proceedings of the National Academy of Sciences, doi:10.1073/pnas.0706929105].

Behavior in the wild is the frontier opened by consumer wearables. Smartwatches and fitness bands stream heart rate, motion, and increasingly EDA continuously, outside any lab, at population scale. They blur the line between a controlled physiological study and observational sensor data, and they import the same generated-feature and privacy cautions that govern the rest of this part, now attached to the consumer’s pulse.








The two-dimensional logic of affect




A useful organizing frame is the circumplex of affect: emotion as a point in a plane of arousal (calm to excited) and valence (unpleasant to pleasant). Each peripheral signal measures roughly one axis. EDA and heart rate read arousal; facial EMG and facial-expression coding read valence. Neither alone locates an emotion; together they do. Most credible biometric ad-testing designs therefore pair an arousal channel with a valence channel rather than betting a conclusion on one signal.







Table 51.1 fixes the signal-to-construct mapping that organizes the rest of the chapter, pairing each instrument with the marketing construct it measures, its characteristic features, and a representative study from the verified literature.




Table 51.1: The physiological toolkit: each signal, the construct it indexes, its characteristic features, and a representative marketing study. Credible designs combine an arousal channel with a valence channel.











	Signal
	Construct
	Characteristic features
	Representative study





	Eye-tracking
	Visual attention
	Fixations, dwell, time-to-first-fixation, scanpath
	Pieters and Wedel (2004)



	Electrodermal activity
	Arousal (intensity)
	Tonic level, phasic SCRs
	T. Teixeira, Wedel, and Pieters (2012)



	Facial EMG / coding
	Valence (sign)
	Zygomaticus / corrugator activity
	T. Teixeira, Picard, and el Kaliouby (2014)



	EEG
	Attention, timing, approach
	ERP (N100/P300), band power, frontal asymmetry
	Venkatraman et al. (2015)



	fMRI
	Reward, subjective value
	BOLD in nucleus accumbens, mPFC/OFC
	Knutson et al. (2007)












51.2 Eye-Tracking: Gaze, Fixations, and Areas of Interest

Eye-tracking is the most mature and most defensible of the physiological methods in marketing, with the longest record of converging validity against downstream behavior [Wedel and Pieters 2008, Foundations and Trends in Marketing, doi:10.1561/1700000011]. The eye does not glide smoothly over a scene. It moves in a sequence of fixations, brief pauses of roughly 200 to 300 milliseconds during which gaze is held nearly still and visual information is actually taken in, separated by saccades, ballistic jumps of 30 to 80 milliseconds during which vision is largely suppressed. Modern remote eye-trackers sample point of gaze at 60 to 1000 Hz; an event-detection algorithm then parses the raw gaze stream into fixations and saccades, typically by thresholding velocity or dispersion. Everything downstream is built on that parse.

The marketing-relevant features fall into two groups. The first describes individual fixations and the saccades between them: fixation count (how many times a region was looked at), fixation duration (how long each look lasted, an index of processing depth), saccade amplitude and direction, and the ordered scanpath itself. The second aggregates fixations over semantically meaningful regions of the stimulus, the areas of interest (AOIs). An AOI is a rectangle (or polygon) drawn around the brand logo, the product, the price, the headline. For each AOI the analyst computes dwell time (total fixation duration inside it), fixation count, and time to first fixation (TTFF), how long before the region first drew the eye, a measure of bottom-up salience. These per-AOI metrics are the currency of applied eye-tracking: they turn a gaze movie into a small table that says where attention went, in what order, and for how long.

The runnable demonstration below builds this pipeline end to end. It simulates a sequence of fixations over a unit-square stimulus whose looks cluster around four design elements, defines AOI rectangles, classifies each fixation into an AOI, and computes dwell time, fixation count, and time to first fixation per AOI. No eye-tracking hardware or proprietary software is involved; the point is to make the arithmetic of AOI analysis fully transparent.


library(ggplot2)
set.seed(57)

## --- 1. Simulate a scanpath: fixations clustered around design elements ---
n_fix   <- 45
centers <- list(logo = c(0.20, 0.80), product = c(0.55, 0.45),
                price = c(0.80, 0.20), copy = c(0.35, 0.25))
probs   <- c(logo = 0.18, product = 0.42, price = 0.22, copy = 0.18)

draw_aoi  <- sample(names(probs), n_fix, replace = TRUE, prob = probs)
clamp01   <- function(z) pmin(pmax(z, 0), 1)
fix_x     <- clamp01(vapply(draw_aoi, function(a) rnorm(1, centers[[a]][1], 0.06), numeric(1)))
fix_y     <- clamp01(vapply(draw_aoi, function(a) rnorm(1, centers[[a]][2], 0.06), numeric(1)))
dur_ms    <- round(rgamma(n_fix, shape = 2, scale = 110))   # fixation durations (ms)

fix <- data.frame(order = seq_len(n_fix), x = fix_x, y = fix_y, dur_ms = dur_ms)

## --- 2. Define areas of interest (AOIs) as rectangles ---
aoi <- data.frame(
  aoi  = c("logo", "product", "price", "copy"),
  xmin = c(0.05, 0.40, 0.68, 0.18), xmax = c(0.35, 0.70, 0.92, 0.52),
  ymin = c(0.65, 0.30, 0.08, 0.10), ymax = c(0.95, 0.60, 0.32, 0.40)
)

## --- 3. Classify each fixation into the AOI that contains it ---
classify <- function(x, y) {
  hit <- which(x >= aoi$xmin & x <= aoi$xmax & y >= aoi$ymin & y <= aoi$ymax)
  if (length(hit)) aoi$aoi[hit[1]] else NA_character_
}
fix$aoi <- mapply(classify, fix$x, fix$y)

## --- 4. Per-AOI metrics: dwell time, fixation count, time to first fixation ---
metrics <- do.call(rbind, lapply(aoi$aoi, function(a) {
  idx <- which(fix$aoi == a)
  ttff <- if (length(idx)) sum(fix$dur_ms[seq_len(min(idx) - 1)]) else NA_real_
  data.frame(aoi = a, fix_count = length(idx),
             dwell_ms = sum(fix$dur_ms[idx]), ttff_ms = ttff)
}))
metrics
#>       aoi fix_count dwell_ms ttff_ms
#> 1    logo        10     2851     944
#> 2 product        19     4839       0
#> 3   price         7     1828     191
#> 4    copy         6     1785     635




The table is the deliverable an eye-tracking study hands a brand manager: the product region wins the most fixations and dwell time, the price is reached quickly because it sits at high contrast in the lower right, and the body copy, fixated late and briefly, is at risk of being skipped. Plotting the scanpath over the AOIs makes the same point visually and is how such results are usually communicated.


ggplot() +
  geom_rect(data = aoi,
            aes(xmin = xmin, xmax = xmax, ymin = ymin, ymax = ymax, fill = aoi),
            alpha = 0.20, colour = "grey40") +
  geom_path(data = fix, aes(x, y), colour = "grey50", linewidth = 0.4) +
  geom_point(data = fix, aes(x, y, size = dur_ms), alpha = 0.7) +
  geom_text(data = aoi, aes(x = (xmin + xmax)/2, y = ymax + 0.02, label = aoi),
            size = 3, fontface = "bold") +
  scale_size_continuous(name = "Fixation (ms)", range = c(1.5, 7)) +
  coord_fixed(xlim = c(0, 1), ylim = c(0, 1)) +
  labs(title = "Simulated scanpath over four areas of interest",
       x = NULL, y = NULL) +
  theme_minimal() + theme(legend.position = "right")
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Two cautions travel with every AOI analysis. First, AOI metrics are only as meaningful as the AOIs are well drawn; gerrymandering a rectangle to capture or exclude fixations is the eye-tracking equivalent of p-hacking, and AOIs should be fixed before the data are seen. Second, gaze is necessary but not sufficient for persuasion. A consumer can fixate a disclaimer without reading it and read a headline without believing it. Eye-tracking measures the opportunity to process, which is why the strongest designs pair gaze with a downstream measure, recall, choice, or sales, rather than treating dwell time as the outcome of interest in itself.



51.3 Autonomic Measures: Electrodermal Activity and Facial EMG

Below the eyes lies the autonomic nervous system, whose sympathetic branch responds to emotionally engaging stimuli within seconds and outside voluntary control. The two workhorse channels are electrodermal activity and facial electromyography, the first indexing arousal and the second valence.


51.3.1 Electrodermal activity and phasic peak detection

EDA is recorded as skin conductance, in microsiemens, from electrodes on the fingers or palm. The signal decomposes into two components. The slow-moving tonic level (the skin conductance level, SCL) drifts over tens of seconds and reflects general arousal and individual baseline. Riding on top are phasic bursts, the skin conductance responses (SCRs), each a rapid rise within 1 to 3 seconds of an arousing event followed by a slower exponential recovery. The marketing payoff is in the phasic component: counting SCRs and locating them in time tells the analyst which moments of an advertisement or experience triggered sympathetic arousal. The standard pipeline therefore separates phasic from tonic and then detects peaks in the phasic signal.

The simulation below generates a sixty-second EDA trace at 20 Hz: a slow sinusoidal tonic drift, five phasic SCRs at known event times each modeled as the difference of two exponentials (a fast rise and a slow recovery), and a little measurement noise. It then recovers the phasic component by subtracting a smoothed (moving-average) estimate of the tonic baseline and applies a simple threshold-and-local-maximum peak detector. Recovering the events that were planted is the validation that the detector works.


set.seed(57)

## --- 1. Simulate an EDA / GSR time series ---
fs <- 20; T_sec <- 60
t  <- seq(0, T_sec, by = 1/fs)

tonic   <- 3 + 0.4 * sin(2 * pi * t / 55)            # slow drift (microsiemens)
scr_at  <- c(8, 17, 26, 38, 49)                      # true SCR onset times (s)
scr_amp <- c(0.9, 0.6, 1.3, 0.5, 1.0)                # true SCR amplitudes
phasic  <- numeric(length(t))
for (i in seq_along(scr_at)) {
  d <- t - scr_at[i]; d[d < 0] <- NA                 # response only after onset
  bump <- scr_amp[i] * (exp(-d / 4) - exp(-d / 0.7)) # rise (0.7s) + recovery (4s)
  bump[is.na(bump)] <- 0
  phasic <- phasic + bump
}
eda <- tonic + phasic + rnorm(length(t), 0, 0.03)

## --- 2. Recover phasic component: subtract a smoothed tonic estimate ---
win        <- 41                                     # ~2 s moving-average window
tonic_hat  <- stats::filter(eda, rep(1/win, win), sides = 2)
tonic_hat  <- as.numeric(tonic_hat)
phasic_hat <- eda - tonic_hat
phasic_hat[is.na(phasic_hat)] <- 0

## --- 3. Simple phasic peak (SCR) detection: local maxima above a threshold ---
thr  <- 0.05
peak <- rep(FALSE, length(phasic_hat))
for (i in 2:(length(phasic_hat) - 1)) {
  if (phasic_hat[i] > phasic_hat[i - 1] &&
      phasic_hat[i] >= phasic_hat[i + 1] &&
      phasic_hat[i] > thr) peak[i] <- TRUE
}
detected <- data.frame(t = t[peak], amp = phasic_hat[peak])
detected
#>        t        amp
#> 1   1.40 0.07083558
#> 2   2.40 0.05152824
#> 3   4.35 0.07185540
#> 4   5.95 0.05447069
#> 5   8.55 0.13068158
#> 6   8.85 0.13289388
#> 7   8.95 0.12390279
#> 8   9.10 0.11241352
#> 9   9.20 0.07751505
#> 10  9.40 0.09389897
#> 11  9.75 0.06086094
#> 12 10.00 0.06358030
#> 13 10.25 0.09024380
#> 14 11.30 0.05436665
#> 15 13.10 0.05561113
#> 16 14.00 0.08300947
#> 17 14.60 0.05943678
#> 18 15.45 0.05797576
#> 19 16.35 0.08319310
#> 20 17.50 0.08152214
#> 21 17.70 0.07663389
#> 22 17.80 0.07258495
#> 23 17.90 0.07917010
#> 24 18.05 0.08360711
#> 25 18.30 0.06852376
#> 26 18.65 0.08464624
#> 27 18.75 0.05476619
#> 28 20.35 0.05680865
#> 29 20.75 0.06851743
#> 30 20.85 0.05761175
#> 31 22.45 0.06445440
#> 32 23.50 0.05755598
#> 33 26.30 0.06250763
#> 34 26.50 0.13199615
#> 35 26.60 0.19087819
#> 36 26.70 0.16544623
#> 37 26.80 0.15843493
#> 38 26.90 0.14244557
#> 39 27.10 0.13442957
#> 40 27.30 0.09140384
#> 41 27.45 0.07004667
#> 42 27.60 0.07379925
#> 43 27.85 0.06458922
#> 44 28.25 0.05686716
#> 45 28.45 0.05950573
#> 46 28.70 0.05135912
#> 47 29.30 0.05442665
#> 48 33.50 0.05235625
#> 49 35.75 0.06976987
#> 50 36.35 0.05075815
#> 51 38.45 0.05913411
#> 52 38.65 0.06683596
#> 53 38.85 0.07543993
#> 54 38.95 0.05533035
#> 55 39.10 0.09025559
#> 56 39.45 0.09058911
#> 57 39.65 0.06721635
#> 58 39.80 0.05227606
#> 59 39.95 0.05756663
#> 60 40.65 0.05935335
#> 61 40.90 0.05136468
#> 62 45.25 0.06385531
#> 63 46.30 0.05306763
#> 64 46.90 0.06795701
#> 65 47.85 0.05316991
#> 66 49.50 0.09538385
#> 67 49.60 0.12683296
#> 68 49.75 0.08897919
#> 69 49.85 0.08731386
#> 70 50.00 0.13272589
#> 71 50.20 0.10486013
#> 72 50.30 0.07368699
#> 73 50.70 0.05718910
#> 74 51.00 0.05008832
#> 75 51.65 0.08357539
#> 76 52.25 0.07626737
#> 77 52.65 0.07191442
#> 78 53.90 0.05051339





eda_df <- data.frame(t = t, eda = eda, phasic_hat = phasic_hat)
ggplot(eda_df, aes(t)) +
  geom_line(aes(y = eda), colour = "grey30") +
  geom_line(aes(y = phasic_hat + 2.5), colour = "steelblue") +
  geom_point(data = detected, aes(x = t, y = amp + 2.5),
             colour = "red", size = 2.4) +
  geom_vline(xintercept = scr_at, linetype = "dotted", colour = "grey60") +
  annotate("text", x = 1, y = 2.55, label = "recovered phasic",
           hjust = 0, size = 3, colour = "steelblue") +
  annotate("text", x = 1, y = max(eda), label = "raw EDA",
           hjust = 0, size = 3, colour = "grey30") +
  labs(title = "Simulated EDA with recovered phasic peaks (SCRs)",
       subtitle = "Dotted lines mark the true SCR onsets; red points are detected peaks",
       x = "Time (s)", y = "Skin conductance (microsiemens)") +
  theme_minimal()
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The detector recovers the five planted responses near their onsets. The exercise also exposes the judgment calls that make EDA analysis non-trivial in practice: the tonic estimator’s window length, the detection threshold, and a minimum inter-peak interval all trade sensitivity against false alarms, and motion artifacts in real recordings produce spurious spikes that no naive detector distinguishes from genuine SCRs. The central interpretive limit remains valence-blindness. An SCR says the consumer was aroused at second 26; it cannot say whether the arousal was delight or alarm. That is the gap facial measures fill.



51.3.2 Facial electromyography and expression coding

Facial EMG places electrodes over specific muscles and records their electrical activity, typically the zygomaticus major (smiling, positive affect) and the corrugator supercilii (frowning, negative affect). Because these muscles respond even to expressions too faint to see, fEMG is sensitive to low-intensity and even covert affective reactions, which is its advantage over visible-expression coding. Its cost is intrusiveness: electrodes on the face are incompatible with naturalistic viewing and unusable at scale.

Automated facial-expression coding from ordinary video pursues the same valence target without electrodes. A computer-vision model (the image-as-data machinery of Chapter 45) locates the face, tracks landmarks, and classifies action units or basic emotions frame by frame, yielding a valence time series alongside the EDA arousal trace. The trade is sensitivity and rigor for unobtrusiveness and scale: webcam emotion coding can run in a panelist’s living room across thousands of viewers, but it misses the subthreshold activations fEMG catches and inherits every bias of the training data behind the classifier. The signal-processing logic of feature extraction and thresholding is identical to the EDA demonstration above; only the sensor and the construct change, from sympathetic arousal to facial valence.




51.4 Electroencephalography and the Event-Related Potential

The electroencephalogram records voltage fluctuations at the scalp produced by the synchronized activity of large populations of cortical neurons, sampled at hundreds of samples per second across a montage of electrodes. Its defining strength is temporal resolution: EEG sees the brain’s response unfold millisecond by millisecond, which makes it the instrument of choice for questions about the timing and sequence of processing that fMRI, with its sluggish hemodynamic signal, cannot answer. Its weakness is spatial resolution; scalp voltage is a blurred mixture of many sources, so EEG localizes poorly.

Two feature families dominate marketing EEG. The first is spectral power in frequency bands, the rhythmic content of the ongoing signal. Frontal alpha asymmetry (relative left-versus-right frontal power in the 8 to 13 Hz band) is read as an index of approach versus avoidance motivation, and is used to gauge whether a stimulus is appetitive. Theta and beta power are linked to engagement and attention; Eijlers, Boksem, and Smidts (2020) show that an EEG-derived index of neural arousal relates to advertising success, a band-power analogue of the EDA arousal trace. The second family is the event-related potential (ERP), the focus of the runnable demonstration below.

An ERP is the brain’s averaged electrical response time-locked to a repeated event, the onset of a brand logo, a product image, a price. Any single trial is buried in noise: ongoing alpha rhythm, muscle activity, and measurement noise dwarf the few microvolts of stimulus-evoked signal. The foundational trick is signal averaging. If the evoked response is identical across trials while the noise is independent and zero-mean, then averaging nn epochs (short windows time-locked to the event) preserves the response and shrinks the noise standard deviation by a factor of n\sqrt{n}. The averaged waveform reveals a stereotyped sequence of peaks, components named by polarity and latency: an N100 (a negative deflection near 100 ms, early sensory processing), a P200, and a P300 (a positive deflection near 300 ms, linked to attention, surprise, and stimulus evaluation, and of obvious marketing interest as a candidate signature of “this caught me”).

The simulation builds an ERP from scratch. It defines a ground-truth evoked waveform (a negative bump near 100 ms and a larger positive bump near 300 ms), generates sixty noisy single-trial epochs by adding that waveform to independent noise and an ongoing-alpha oscillation of random phase, and then averages the epochs to recover the ERP. The contrast between a single messy trial and the clean average is the entire logic of evoked-response analysis made visible.


set.seed(57)

## --- 1. Define the ground-truth evoked response (an N100 and a P300) ---
fs2     <- 250                                   # samples per second
ep_t    <- seq(-0.1, 0.6, by = 1/fs2)            # epoch window: -100 to 600 ms
erp_true <- function(tt)                          # microvolts
  -2.5 * exp(-((tt - 0.10)^2) / (2 * 0.015^2)) +  # N100
   4.0 * exp(-((tt - 0.30)^2) / (2 * 0.050^2))    # P300
mu <- erp_true(ep_t)

## --- 2. Simulate noisy single-trial epochs: signal + alpha + white noise ---
n_tr   <- 60
epochs <- matrix(rnorm(n_tr * length(ep_t), 0, 6), nrow = n_tr)   # white noise
epochs <- sweep(epochs, 2, mu, "+")                                # add evoked response
for (i in seq_len(n_tr))                                           # add 10 Hz alpha
  epochs[i, ] <- epochs[i, ] + 3 * sin(2 * pi * 10 * ep_t + runif(1, 0, 2 * pi))

## --- 3. Average across trials to recover the ERP ---
erp_hat <- colMeans(epochs)

c(P300_peak_uV = round(max(erp_hat), 2),
  P300_lat_s   = round(ep_t[which.max(erp_hat)], 3),
  N100_peak_uV = round(min(erp_hat), 2),
  N100_lat_s   = round(ep_t[which.min(erp_hat)], 3))
#> P300_peak_uV   P300_lat_s N100_peak_uV   N100_lat_s 
#>        4.930        0.296       -3.840        0.100





erp_df <- data.frame(t_ms = ep_t * 1000,
                     single = epochs[1, ],
                     average = erp_hat,
                     truth = mu)
ggplot(erp_df, aes(t_ms)) +
  geom_line(aes(y = single), colour = "grey75") +
  geom_line(aes(y = average), colour = "steelblue", linewidth = 1) +
  geom_line(aes(y = truth), colour = "black", linetype = "dashed") +
  geom_vline(xintercept = 0, colour = "grey50") +
  annotate("text", x = 100, y = -3.2, label = "N100", size = 3) +
  annotate("text", x = 300, y =  4.5, label = "P300", size = 3) +
  labs(title = "From one noisy trial to an averaged ERP",
       subtitle = "Grey: a single epoch. Blue: average of 60 epochs. Dashed: ground truth.",
       x = "Time relative to stimulus (ms)", y = "Amplitude (microvolts)") +
  theme_minimal()
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A single epoch (grey) is dominated by alpha and noise; the evoked components are invisible. The sixty-trial average (blue) recovers the N100 and P300 and tracks the ground-truth waveform (dashed) closely. This is why ERP designs require many repeated presentations and tight time-locking, and why a marketing ERP claim built on a handful of trials should be distrusted. The applied payoff is that ERP components index processes self-report cannot time: the P300’s amplitude to a brand or price reflects how much attention and evaluative resource the stimulus commanded, and frontal asymmetry over the same epochs indexes approach motivation. Both have been used to compare creative executions and to forecast choice, as the next section’s prediction results show.



51.5 Functional Neuroimaging and Neural Prediction

The methods to this point can be simulated honestly in a few lines of R because their signals are one-dimensional time series with well-understood structure. Functional magnetic resonance imaging and modern neural decoding cannot, and this section treats them conceptually and clearly labels them as such. fMRI does not measure neural firing directly; it measures the blood-oxygen-level-dependent (BOLD) signal, a slow hemodynamic proxy for local neural activity, across roughly a hundred thousand volumetric pixels (voxels) of the brain, every couple of seconds. The analytic workflow, preprocessing, fitting a general linear model that regresses each voxel’s time series on the experimental design convolved with a hemodynamic response function, and correcting for the massive multiple-comparisons problem of testing every voxel, is a field of its own and is not reproduced here.








Conceptual section: not simulated




The fMRI and deep neural-decoding material below is described, not demonstrated. Unlike the eye-tracking, EDA, and ERP sections, there is no honest way to simulate a BOLD volume or a trained decoder in base R without manufacturing a result that would mislead. These methods require specialized hardware, large datasets, and dedicated pipelines. Treat the claims here as pointers to a literature, each anchored to a verified source, rather than as reproducible code.







What fMRI buys marketing is access to deep valuation circuitry that scalp EEG and peripheral sensors cannot see. Two structures recur. The ventral striatum / nucleus accumbens tracks anticipated reward and gain; the medial prefrontal and orbitofrontal cortex encode integrated subjective value. The foundational consumer result is that activity in these regions, measured while people viewed products and prices, predicted their subsequent purchase decisions trial by trial [Knutson et al. 2007, Neuron, doi:10.1016/j.neuron.2006.11.010]. A second landmark showed the causal porousness of “experienced value” itself: telling subjects a wine was expensive raised both their reported pleasantness and the orbitofrontal activity encoding it, so a marketing action reshaped the neural signal of experience, not merely its report [Plassmann et al. 2008, PNAS, doi:10.1073/pnas.0706929105]. The critical review that maps and tempers this literature is the “branding the brain” survey [Plassmann, Ramsoy, and Milosavljevic 2012, Journal of Consumer Psychology, doi:10.1016/j.jcps.2011.11.010], with the broader field overview in Hubert and Kenning [2008, Journal of Consumer Behaviour, doi:10.1002/cb.251].

The most consequential idea in this section is neuroforecasting: using neural activity measured in a small sample to predict aggregate, population-level market outcomes, often outperforming the same small sample’s self-reports. The logic is that brain signals from a handful of people capture a shared valuation process that generalizes to the market, even when those same people’s stated preferences do not. The evidence is striking and converging. Ventral-striatal activity in a small group of adolescents predicted the national sales of songs years later, while the group’s own likeability ratings did not [Berns and Moore 2012, Journal of Consumer Psychology, doi:10.1016/j.jcps.2011.05.001]. Brain responses to movie trailers predicted both individual preferences and population-wide box-office success [Boksem and Smidts 2015, Journal of Marketing Research, doi:10.1509/jmr.13.0572]. Nucleus-accumbens activity forecast the market-level funding success of online loan and crowdfunding requests beyond what the requests’ features or subjects’ choices predicted [Genevsky, Yoon, and Knutson 2017, Journal of Neuroscience, doi:10.1523/jneurosci.1633-16.2017]. And in the study that ties the whole toolkit to marketing practice, a model combining neurophysiological measures (including fMRI ventral-striatum activity) predicted the real-world, market-level elasticity of advertising response beyond what traditional self-report and behavioral measures achieved [Venkatraman et al. 2015, Journal of Marketing Research, doi:10.1509/jmr.13.0593; Venkatraman et al. (2015)]. The pattern generalizes across domains: affective neural responses forecast the market-level success of online microlending appeals (Genevsky and Knutson 2015), and a small “neural focus group” predicted population-level responses to a public-health media campaign that the participants’ own self-reports missed (Falk, Berkman, and Lieberman 2012). Knutson and Genevsky (2018) distill the common logic—neural signals from a handful of people recover a shared valuation process that aggregates to the market—into a general account of neuroforecasting aggregate choice, which is the single most defensible claim the modality makes because it rests on out-of-sample prediction rather than reverse inference.

EEG-based prediction sits alongside the fMRI results and, unlike them, can be related to the runnable ERP simulation above. EEG features have been shown to predict individuals’ subsequent product choices out of sample [Telpaz, Webb, and Levy 2015, Journal of Marketing Research, doi:10.1509/jmr.13.0564], and EEG has been used to study how social context shapes neural responses to branded luxury goods [Pozharliev et al. 2015, Journal of Marketing Research, doi:10.1509/jmr.13.0560].

The frontier beyond mass-univariate fMRI is neural decoding: multivariate and deep-learning models trained to read a distributed pattern of brain activity and output the stimulus or the choice that produced it, reversing the usual forward direction of analysis. In principle a decoder could read preference or attention from a brain-state pattern; in practice marketing decoding is constrained by tiny sample sizes, low signal-to-noise, and the ever-present risk of overfitting a flexible model to a handful of subjects. These methods are powerful and genuinely advancing, and they are also the easiest place in the entire toolkit to fool oneself, which is the cue to turn to validity and ethics.



51.6 Validity, Cost, and Ethics

No part of marketing measurement is more prone to over-claiming than this one, and the discipline that keeps it honest rests on three questions.

Validity. The first temptation is reverse inference: observing activity in a brain region and inferring the mental state usually associated with it. Because the nucleus accumbens activates in reward anticipation, it is tempting to read accumbens activity as “the consumer wants this.” But brain regions are many-to-one: the same region participates in many processes, so its activation does not uniquely imply any one of them. Reverse inference is a probabilistic argument that is only as strong as the selectivity of the region for the inferred process, and it is routinely abused in popular neuromarketing. The corresponding peripheral error is reading valence into a valence-blind arousal signal, calling an EDA spike “excitement” when it might be discomfort. The defenses are the ordinary ones of measurement: pre-register the construct-to-signal mapping, validate physiological features against behavioral ground truth, and prefer predictive validity (does the signal forecast held-out choice or sales) over storytelling. The neuroforecasting results earn their credibility precisely because they predict out-of-sample market outcomes rather than narrating a scan. The field’s own cautionary literature is essential reading here [Ariely and Berns 2010, Nature Reviews Neuroscience, doi:10.1038/nrn2795; Plassmann, Ramsoy, and Milosavljevic 2012, Journal of Consumer Psychology, doi:10.1016/j.jcps.2011.11.010].

Cost and external validity. The methods are ordered roughly by expense and inversely by ecological realism. Eye-tracking and EDA are relatively cheap, portable, and tolerant of naturalistic settings; EEG is moderate in cost but demanding in setup; fMRI is extremely expensive (scanner time, physicists, small samples) and maximally unnatural, requiring a motionless supine subject in a noisy magnet. The expense forces small samples, which limits power and inflates the danger of false positives, and the artificiality threatens external validity: a brain response to an ad viewed horizontally in a scanner may not transfer to the same ad glimpsed on a phone. A credible program treats physiological measures as one converging line of evidence triangulated with behavior and field data, not as an oracle that licenses skipping the market test.

Ethics. Physiological and neural data are intimate in a way click logs are not, and three concerns deserve explicit weight.








The ethics of measuring the body and brain





	Informed consent and bodily privacy. Biometric and neural signals are sensitive personal data. Subjects must understand what is recorded, how it is stored, and how it will be used, and consent must be genuine rather than buried in a panel agreement. Wearable streams collected in the field make consent harder, not easier, because the consumer rarely registers that a heart-rate trace is being repurposed for marketing.

	The autonomy and manipulation worry. The stated aspiration of some neuromarketing, to find a “buy button” and bypass deliberation, is ethically loaded. Measurement that is benign for diagnosing an ad’s clarity becomes troubling when its purpose is to exploit non-conscious vulnerabilities, and most troubling for vulnerable populations such as children. The capability is routinely overstated by vendors, but the intent still warrants scrutiny.

	Inference beyond consent and regulation. Physiological data can leak information the subject never meant to share, health conditions, neurological markers, affective states, raising re-identification and discrimination risks. Such data fall under strict regimes (special-category data under GDPR, biometric-privacy statutes), and the governance, retention, and consent obligations of Chapter 24 apply with full force.









The honest summary is that the ethical floor for physiological marketing research is higher than for behavioral data, the validity bar is harder to clear, and the cost is steep, all of which is why the credible academic literature is comparatively small and the commercial literature comparatively loud.



51.7 Industry Practice: What Vendors Sell and What Is Credible

Neuromarketing is a commercial industry as much as an academic field, and the two should not be confused. A tier of vendors sells ad and shopper testing built on the methods of this chapter: webcam-based eye-tracking and facial-expression coding at panel scale, EDA and EEG bundled into “neuro” ad-testing products, and shelf and packaging studies in physical or virtual stores. The credible core of this offering is real and useful. Eye-tracking for attention diagnosis, EDA and facial coding for moment-by-moment emotional response, and EEG engagement metrics for creative comparison are legitimate tools when used to inform design, and they earn their keep by catching problems, an unseen call to action, a flat emotional arc, a confusing layout, that self-report panels miss.

The line between credible and incredible practice can be drawn sharply.

What is credible. Aggregate, relative, predictive use. Comparing two ad executions on attention and arousal, validating a physiological index against actual recall or sales, using a large panel and reporting effect sizes, and treating the measure as one input among several. The peer-reviewed neuroforecasting literature is the proof of concept that, done carefully, neural and physiological signals can predict market outcomes [Venkatraman et al. 2015, doi:10.1509/jmr.13.0593; Boksem and Smidts 2015, doi:10.1509/jmr.13.0572; Genevsky, Yoon, and Knutson 2017, doi:10.1523/jneurosci.1633-16.2017].

What is not. Single-subject “brain reading,” the claim of a literal buy button, reverse-inference storytelling (“this lit up the pleasure center, so consumers love it”), tiny unreplicated samples sold as definitive, and proprietary black-box indices with no published validation. A useful diagnostic when evaluating a vendor is to ask the measurement questions from this book: what is the construct, what is the signal, how was the mapping validated, against what ground truth, at what sample size, and does the index predict anything out of sample. Vendors with credible answers exist; vendors who deflect to the mystique of neuroscience do not.

The practical posture for a marketing scientist is therefore neither credulity nor dismissal. The signals are real, the academic results are genuine, and the commercial hype is also real. The job is to use the methods where their validity is established, to triangulate them with behavior and field experiments, and to discount any claim that the brain or the body has revealed a truth no market test could confirm.








Replication resources: physiological signals




The eye-tracking, EDA, and ERP demonstrations in this chapter are fully reproducible in base R and ggplot2—they are the honest, runnable artifacts of the modality. For real data, the open ecosystem is mature: EDA decomposition (Ledalab, neurokit2 in Python), eye-movement event detection and AOI analysis (PyGaze, gazepoint/eyetrackingR), and EEG/ERP processing (EEGLAB, MNE-Python) are standard. By contrast, the empirical neuro studies cited here—being fMRI/EEG work with small samples of identifiable human subjects, much of it predating data-sharing mandates—rarely ship public replication packages; some authors share stimuli or aggregate data on request or via OpenNeuro, but a URL should be confirmed on the article page rather than assumed.









51.8 Frontier and Expansion

Several developments are pushing this modality from a niche lab method toward a scalable data stream, and each imports the cautions developed above into a new setting.

Consumer wearables and ambulatory sensing are the largest shift. Smartwatches and bands already stream heart rate, motion, and increasingly EDA continuously, from millions of consumers, outside any laboratory. This collapses the distinction between a controlled physiological study and observational sensor data, offering arousal and activity signals at population scale while raising acute consent and privacy questions, because a consumer who bought a fitness tracker did not obviously agree to have their pulse mined for ad response.

Webcam and remote sensing remove the hardware barrier for the cheaper signals. Browser-based eye-tracking and facial-expression coding run on ordinary laptop cameras, trading precision for reach and enabling physiological-style measurement on large online panels. The same image-as-data pipeline of Chapter 45 supplies the expression classifier, with the same dependence on training data and the same risk of biased inference.

Virtual and augmented reality offer a route around the external-validity problem. Immersive headsets can place a shopper in a photorealistic virtual store while recording gaze (eye-tracking is now built into many headsets), and increasingly heart rate and EDA, in a setting far more naturalistic than a scanner yet fully instrumented and controllable. VR shelf tests are a plausible near-term bridge between the realism of the field and the measurement density of the lab.

Multimodal fusion is the unifying frontier and the link back to the rest of this part. The richest physiological designs already combine channels, gaze for attention, EDA for arousal, facial coding for valence, EEG for timing, and the natural next step is to fuse them with the text, image, audio, and video features of the surrounding chapters and the foundation-model methods that learn joint representations across modalities. A consumer’s reaction to a video advertisement is at once a gaze pattern, an arousal trace, a facial-valence series, and a neural response, and modeling them jointly, against the ad’s own multimodal content, is where this chapter meets the multimodal-fusion capstone of the part.

The throughline, finally, is the one that governs every modality in this part. A gaze movie, a skin-conductance trace, a scalp voltage, and a BOLD volume are all turned into feature vectors by lossy, assumption-laden procedures, and those vectors are generated regressors whose errors can correlate with the outcomes they are used to explain. The body and the brain offer marketing a signal of unusual intimacy and unusual promise. They reward the researcher who defines the construct first, validates the measure against behavior, respects the consumer whose physiology is being recorded, and distrusts any story the data tell too easily.





52 Multimodal Fusion and Foundation Models

The preceding chapters of this part took the unstructured modalities one at a time: text, images, audio, video, and the family of behavioral, geospatial, network, and sensor signals. Each chapter ended at the same place. A raw artifact, whatever its modality, was passed through a learned encoder and emerged as a vector of features that the book’s downstream methods then consumed as if they were ordinary covariates. That recurring move is not incidental. It is the organizing fact of the entire part, and this capstone chapter makes it explicit, generalizes it, and confronts what happens when the artifacts that marketing actually cares about arrive in several modalities at once.

Real marketing objects are rarely unimodal. A TikTok advertisement is moving image, synchronized audio, on-screen text, a written caption, and a stream of viewer comments. A product listing is a set of photographs, a title, structured attributes, bullet-point copy, and a corpus of reviews. A livestream-commerce session is video, the host’s speech, a scrolling chat, and a clickstream of purchases. To model these objects faithfully, an analyst cannot treat each modality as a separate study and hope the pieces reconcile. The modalities must be brought into a single representation that a predictor, a demand model, or a causal estimator can use. That bringing-together is multimodal fusion, and the engines that increasingly perform it are foundation models: large, pretrained, general-purpose networks that map text, images, and their combinations into shared representation spaces.

This chapter proceeds from the concrete to the conceptual. It begins with the case for fusing modalities at all. It then lays out the three canonical fusion strategies and demonstrates two of them in genuinely runnable R, comparing early fusion against late fusion on simulated multimodal customer data. From there it treats the representational backbone of modern fusion: contrastive image-text models in the style of CLIP, and the multimodal large language models that have absorbed them. It examines the use of those models as measurement instruments, including the contested practice of treating a language model as a synthetic survey respondent. It turns to demand and response estimation when the right-hand side contains text and image features, and to the production machinery (feature stores, embedding pipelines, foundation-model APIs) that makes any of this operational at scale. It closes by stating the throughline that has run silently beneath every chapter of the part, and by surveying the frontier.


52.1 The Case for Fusion

Multimodal machine learning has its own taxonomy of problems—representation, translation, alignment, fusion, and co-learning—laid out by Baltrušaitis, Ahuja, and Morency (2019), and this chapter is the marketing instantiation of the fusion problem, the capstone of the unstructured-data program that Balducci and Marinova (2018) set out for the field. Why fuse at all? The first answer is complementarity. Distinct modalities carry non-redundant information about the same underlying object, and a model with access to all of them can resolve ambiguities that no single modality can. A product photograph reveals form, color, and finish that the title never states; the title encodes brand, model, and category that pixels render only implicitly; the reviews supply experiential attributes (durability, fit, smell) that neither image nor title contains. Each modality is a different, lossy projection of a richer latent object, and fusion is the attempt to invert several projections jointly rather than one at a time.

The second answer is disambiguation and grounding. Modalities discipline one another. A caption that reads “absolutely sick” is praise or complaint depending on the image it sits beside; a smiling face in a frame reads as warmth or as sarcasm depending on the words spoken over it. Audio prosody separates a sincere “great service” from a withering one (the how it is said versus what is said distinction introduced in the audio chapter). When modalities are modeled jointly, each constrains the interpretation of the others, and the fused representation is less brittle than any unimodal one.

The third answer is robustness. Modalities fail independently. A listing may have no review text, a video may have no speech, an image may be missing or corrupted. A model that has learned to draw on whatever modalities are present degrades gracefully when one drops out, whereas a unimodal pipeline simply goes blind. Missingness is the norm in marketing data, not the exception, and a fusion architecture that tolerates it is worth more in production than a marginally more accurate one that does not.

The fourth answer is measurement reach. Many marketing constructs are inherently multimodal and cannot be measured from one channel. Ad creative “quality,” brand “warmth,” influencer “authenticity,” and listing “appeal” are perceived by consumers through the simultaneous arrival of sight, sound, and language. A measure built on text alone, or images alone, captures a shadow of the construct. Fusion is what lets the analyst measure the construct as the consumer experiences it.

Against these benefits stands a real cost, and it is the same caution the entire part has been building toward. Every modality enters the model as a generated feature: the output of an upstream encoder, estimated with error, and that error can correlate with the outcome. Fusing modalities multiplies the channels through which generated-regressor problems enter. The case for fusion is strong, but it raises the stakes on validation and identification rather than lowering them, a point Section 52.5 develops in full.



52.2 Fusion Strategies

Given several per-modality representations, where in the modeling pipeline should they be combined? Three strategies span the design space, distinguished by when fusion occurs relative to the modality-specific processing.

Early fusion (feature-level fusion) concatenates the per-modality feature vectors into one long vector and fits a single model on the combined input. If text yields a dTd_T-dimensional embedding, image a dId_I-dimensional embedding, and behavior a dBd_B-dimensional vector, early fusion forms the (dT+dI+dB)(d_T + d_I + d_B)-dimensional stack and learns a single predictor over it. Its virtue is that the model can learn arbitrary cross-modal interactions directly: the effect of an image feature is free to depend on a text feature. Its costs are dimensionality (the concatenated vector can be very wide, straining the sample size), sensitivity to differences in scale and noise across modalities, and intolerance of missingness, since a single absent block leaves a hole in every observation’s input.

Late fusion (decision-level fusion) fits a separate model per modality and combines their outputs, typically by averaging the predicted scores or by training a small meta-learner (a stacking model) on the per-modality predictions. Its virtues mirror early fusion’s vices: each modality model can be tuned to its own structure, modalities of wildly different dimension and scale never have to share a feature space, and a missing modality simply drops one input to the combiner rather than corrupting a shared vector. Its limitation is that cross-modal interactions are captured only insofar as the combiner can recover them from the per-modality scores; rich interactions that require seeing raw features from two modalities together are unavailable, because each base model has already collapsed its modality to a scalar before fusion.

Joint fusion (intermediate or embedding-level fusion) sits between the two. Each modality is passed through its own learnable encoder, the resulting intermediate representations are combined (by concatenation, by summation, or by cross-attention between modalities), and the entire stack, encoders and combiner together, is trained end to end against the final objective. Joint fusion is the architecture of essentially all modern deep multimodal systems, because it learns modality-specific representations and their interaction simultaneously, letting gradient signal from the task reshape each encoder. Its cost is that it requires end-to-end differentiable training, large data, and the engineering apparatus of deep learning; it is not, in general, something one fits with a few lines of base R. The contrastive and transformer models of Section 52.3 and Section 52.4 are joint-fusion systems at scale.

A useful way to hold the three together: early fusion fuses features, late fusion fuses decisions, and joint fusion fuses representations, learning those representations as it goes. The runnable demonstration below contrasts the two that can be built from off-the-shelf, maintained packages: early fusion with a penalized linear model and late fusion with per-modality random forests combined by a stacking meta-learner. Joint fusion is treated conceptually, because its honest demonstration requires a deep-learning stack outside this book’s runnable scope.


52.2.1 A Runnable Early-versus-Late Demonstration

The demonstration is deliberately synthetic so that the data-generating process is known and the comparison is interpretable. We simulate per-customer features standing in for three modalities. A 20-dimensional text-embedding block stands in for, say, a sentence-embedding of a customer’s reviews and messages; a 15-dimensional image-feature block stands in for a CNN or vision-transformer embedding of customer-associated images; and an 8-dimensional behavioral block stands in for clickstream and transaction summaries. Each block is generated from a single latent driver plus independent noise, so that within a block the features are correlated (as real embeddings are) and across blocks the signal is genuinely complementary: the binary outcome (a conversion, say) depends on all three latents. This construction is exactly the situation fusion is meant for, and it lets us see what each strategy recovers.


set.seed(58)
suppressMessages({
  library(glmnet)        # penalized regression for early fusion
  library(randomForest)  # per-modality learners for late fusion
})

n      <- 1500            # customers
d_text <- 20             # text-embedding dimension
d_img  <- 15             # image-feature dimension
d_beh  <- 8              # behavioral-feature dimension

# One latent driver per modality. The outcome depends on all three,
# so no single modality is sufficient: this is the case for fusion.
z_text <- rnorm(n)
z_img  <- rnorm(n)
z_beh  <- rnorm(n)

# Each modality block: a latent loading plus independent noise, so that
# features within a block are correlated, as learned embeddings are.
make_block <- function(z, d, loading) {
  L <- rnorm(d, mean = 0, sd = loading)        # per-dimension loadings
  outer(z, L) + matrix(rnorm(n * d, sd = 1), n, d)
}

X_text <- make_block(z_text, d_text, loading = 0.9)
X_img  <- make_block(z_img,  d_img,  loading = 0.9)
X_beh  <- make_block(z_beh,  d_beh,  loading = 1.1)
colnames(X_text) <- paste0("txt", seq_len(d_text))
colnames(X_img)  <- paste0("img", seq_len(d_img))
colnames(X_beh)  <- paste0("beh", seq_len(d_beh))

# Binary outcome driven by all three latents (true complementarity).
eta <- 1.1 * z_text + 0.8 * z_img + 0.9 * z_beh - 0.5
y   <- rbinom(n, size = 1, prob = 1 / (1 + exp(-eta)))

# Train / test split.
train <- sample(seq_len(n), size = 1000)
test  <- setdiff(seq_len(n), train)

# Rank-based AUC (Mann-Whitney form); no extra package needed.
auc <- function(y_true, p_hat) {
  r  <- rank(p_hat)
  n1 <- sum(y_true == 1); n0 <- sum(y_true == 0)
  (sum(r[y_true == 1]) - n1 * (n1 + 1) / 2) / (n1 * n0)
}




With the data in hand, early fusion concatenates the three blocks into one wide matrix and fits a single elastic-net logistic model over it. The penalty matters here: the concatenated input is 43-dimensional with correlated columns, and regularization is what keeps a wide, partly redundant feature stack from overfitting. This is the typical shape of a real fused-embedding regression, where the right-hand side is hundreds or thousands of embedding dimensions wide.


X_all <- cbind(X_text, X_img, X_beh)        # concatenation = early fusion

cv_early <- cv.glmnet(X_all[train, ], y[train],
                      family = "binomial", alpha = 0.5)
p_early  <- as.vector(predict(cv_early, X_all[test, ],
                              s = "lambda.min", type = "response"))

cat("Early fusion (elastic-net) AUC:", round(auc(y[test], p_early), 3), "\n")
#> Early fusion (elastic-net) AUC: 0.795




Late fusion fits a separate random forest to each modality, then combines their predictions. We show two combiners. The first is a simple average of the three per-modality probabilities, the most common and most robust late-fusion rule. The second is a stacked combiner: a logistic meta-learner trained on the base models’ predictions. Crucially, the meta-learner is trained on each forest’s out-of-bag predictions for the training customers, not on its in-sample fits, so that the stacking model learns to weight modalities on honest, held-out signal rather than on the base models’ overfit training scores. This out-of-bag construction is what makes stacking defensible rather than leaky.


fit_rf <- function(X) {
  randomForest(x = X[train, ], y = factor(y[train]), ntree = 300)
}
prob_test <- function(model, X) {
  predict(model, X[test, ], type = "prob")[, 2]
}

rf_text <- fit_rf(X_text)
rf_img  <- fit_rf(X_img)
rf_beh  <- fit_rf(X_beh)

# Per-modality predictions on the test set.
p_text <- prob_test(rf_text, X_text)
p_img  <- prob_test(rf_img,  X_img)
p_beh  <- prob_test(rf_beh,  X_beh)

# Combiner 1: simple average of decisions.
p_late_avg <- (p_text + p_img + p_beh) / 3

# Combiner 2: stacked logistic meta-learner trained on OUT-OF-BAG
# predictions, so the stack does not see the base models' in-sample fits.
oob <- function(model) model$votes[, 2]
stack_train <- data.frame(
  y = factor(y[train]),
  a = oob(rf_text), b = oob(rf_img), c = oob(rf_beh)
)
meta <- glm(y ~ a + b + c, data = stack_train, family = "binomial")
p_late_stack <- as.vector(predict(
  meta, newdata = data.frame(a = p_text, b = p_img, c = p_beh),
  type = "response"
))

cat("Late fusion (average)  AUC:", round(auc(y[test], p_late_avg),   3), "\n")
#> Late fusion (average)  AUC: 0.752
cat("Late fusion (stacked)  AUC:", round(auc(y[test], p_late_stack), 3), "\n")
#> Late fusion (stacked)  AUC: 0.754




To make the value of fusion itself visible, we also report what a single modality achieves on its own. The comparison is the point of the whole exercise: because the outcome depends on all three latents, no unimodal model can reach what a fused model reaches, and the gap between the best single modality and either fusion strategy is the empirical case for fusing.


results <- data.frame(
  approach = c("Text only", "Image only", "Behavior only",
               "Early fusion (concat)",
               "Late fusion (average)", "Late fusion (stacked)"),
  AUC = round(c(
    auc(y[test], p_text), auc(y[test], p_img), auc(y[test], p_beh),
    auc(y[test], p_early), auc(y[test], p_late_avg), auc(y[test], p_late_stack)
  ), 3)
)
print(results[order(-results$AUC), ], row.names = FALSE)
#>               approach   AUC
#>  Early fusion (concat) 0.795
#>  Late fusion (stacked) 0.754
#>  Late fusion (average) 0.752
#>              Text only 0.685
#>          Behavior only 0.649
#>             Image only 0.593




The qualitative pattern is what the data-generating process guarantees and what the literature reports on real data. Every unimodal model trails the fused models, because each sees only one of the three drivers. Among the fusion strategies, early and late fusion land close together on this clean synthetic problem; which one wins in practice depends on the data. Early fusion tends to lead when cross-modal interactions are strong and the sample is large enough to estimate a wide model, because only early (or joint) fusion can see raw features from two modalities together. Late fusion tends to lead when modalities are heterogeneous in scale and noise, when some modalities are frequently missing, or when sample size is tight relative to the concatenated dimension, because each base model is fit and regularized to its own modality and the combiner has few parameters to estimate. The honest takeaway is not that one strategy dominates but that the choice is an empirical, validated decision, and that fusing beats not fusing whenever the modalities carry complementary signal.




52.3 Shared Representations and Contrastive Models

Early and late fusion as demonstrated above take the per-modality representations as given. The deeper question is where a shared, comparable representation across modalities comes from in the first place. The answer that reorganized the field is contrastive image-text pretraining, exemplified by CLIP (Contrastive Language-Image Pre-training), introduced by Radford and colleagues at OpenAI in 2021 (ICML 2021; the foundational paper has no canonical Crossref DOI and is cited here by name and venue). The idea is conceptually simple and is best understood as a learned, joint embedding space.

CLIP trains two encoders together: an image encoder and a text encoder. It is fed a very large corpus of image-caption pairs scraped from the web. For each batch, it computes an image embedding for every image and a text embedding for every caption, and it optimizes a contrastive objective: the embedding of an image should have high similarity (inner product) to the embedding of its own caption and low similarity to the embeddings of the other captions in the batch, and symmetrically for captions. After training on hundreds of millions of pairs, the two encoders share a single embedding space in which an image of a red sneaker and the text “a red sneaker” land near each other, while unrelated images and texts land far apart.

Two properties make this transformative for marketing measurement. The first is a common space: because images and text are embedded into the same geometry, the cosine similarity between an image embedding and a text embedding is meaningful. One can score how well a product photo matches the phrase “premium and minimalist,” or rank thousands of ad creatives by their alignment to a brand-attribute phrase, with no labeled training data for that attribute. The second is zero-shot transfer: novel categories can be scored by writing them as text prompts rather than by collecting labeled examples, which collapses the cost of building an image classifier for a new marketing construct from a labeling project to a sentence. Successor models in the same family (for example SigLIP, which replaces the contrastive softmax with a sigmoid loss) refine the training objective while preserving the shared-space property.

For the analyst, the practical consequence is that the per-modality feature blocks of Section 52.2.1 are increasingly drawn from a single shared encoder family rather than from separate, incommensurable models. When the text embedding and the image embedding already live in a common space, fusion becomes partly a matter of geometry rather than of ad hoc concatenation, and the comparability that contrastive pretraining buys is itself a form of joint fusion performed once, at scale, by the foundation model provider. In marketing, vision-language models of this lineage have been shown to classify marketing images effectively and to bridge the gap from image-only convolutional pipelines to general-purpose foundation models (Witte et al. 2026).



52.4 Multimodal LLMs and the LLM-as-Instrument

The contrastive models of the previous section produce embeddings. The next development absorbs vision encoders into generative language models to produce multimodal large language models (MLLMs): systems that ingest interleaved text and images (and, increasingly, audio and video frames) and emit text, including structured outputs. Architecturally, an MLLM typically couples a vision encoder of the CLIP lineage to a transformer language model (the transformer architecture is due to Vaswani and colleagues, NeurIPS 2017, and like CLIP is cited by name and venue rather than by a canonical Crossref DOI), so that image patches are projected into the language model’s token space and processed alongside words. The GPT-4o-class, Claude, and Gemini model families, together with open-weight vision-language models, are the current instances. For the marketing researcher, what matters is less the architecture than the new interface it offers: one can hand the model an image and a question about it, or a product listing and an instruction to extract attributes, and receive a structured answer.

This reframes the foundation model as a measurement instrument. Rather than training a bespoke classifier for each marketing construct, the analyst prompts a general model to read an artifact and emit a measure: the sentiment of a review, the attributes visible in a product photo, the emotional arc of a video ad, the persuasion tactics in ad copy. The text chapter introduced the LLM-as-annotator pattern; the multimodal version extends it across modalities, and the integrative survey of machine learning and artificial intelligence in marketing situates this shift within the broader arc of connecting computational power to substantive marketing insight (L. Ma and Sun 2020). The appeal is obvious: speed, breadth, and zero marginal labeling cost. The cautions are equally real and are taken up in Section 52.5, because an LLM-derived measure is a generated regressor par excellence, produced by an opaque model whose errors may be systematic and outcome-correlated.

A more radical proposal pushes the instrument metaphor further: the LLM as simulated respondent, or silicon sampling. Here the language model is prompted to role-play a consumer with specified demographics and dispositions, and its responses are treated as synthetic survey or experimental data, a “silicon sample” standing in for human participants. The attraction is the prospect of cheap, fast pilot studies, pretesting of stimuli, and exploration of segments that are expensive to recruit. The literature that examines this practice in consumer and marketing research is explicit that it is a frontier with serious hazards rather than a settled method, and it offers guidelines accordingly (Sarstedt et al. 2024). The central concerns are that silicon samples can homogenize away the heterogeneity that is the whole point of sampling, can reflect the biases and the training-data demographics of the underlying model rather than any real population, can be confidently wrong in ways that are hard to detect without the human data they are meant to replace, and can drift as the underlying model is updated, so that a “respondent” is not a stable object across time. The responsible posture treats silicon samples as a hypothesis-generating and stimulus-pretesting tool whose outputs require validation against human data before they bear any inferential weight, never as a drop-in substitute for primary research.



52.5 Demand and Response Estimation with Multimodal Data

The destination of all this representation work, for the empirical marketing scientist, is usually a model of demand or response in which text and image features appear on the right-hand side. A flagship example fuses the visual frames, the audio, and the spoken and on-screen text of short-form influencer video advertisements to predict sales, demonstrating both that the fused representation carries real predictive signal and that the fusion of modalities outperforms any one of them (J. Yang, Zhang, and Zhang 2025). The pattern generalizes across artifacts and outcomes: image features predict product return rates (Dzyabura et al. 2023), visual brand portrayal extracted from social images predicts brand perceptions (L. Liu, Dzyabura, and Mizik 2020; Dzyabura and Peres 2021), and combining unstructured text and image with structured data at scale predicts demand (X. Liu, Singh, and Srinivasan 2016), each by inserting a learned representation into an otherwise standard predictive or causal model. Live commerce is the most fully multimodal case: frameworks that fuse a host’s audio, visual, and verbal signals predict within-stream sales (W. Xu, Cao, and Chen 2024; G. Xu et al. 2024) and attribute them to specific on-screen behaviors via explainable AI (Wen et al. 2026).

Precisely because the representation is learned, the identification cautions that have recurred throughout this part apply with full force, and fusion compounds them. Three deserve restatement in the multimodal setting.

The first is the generated-regressor problem. Every fused feature is the output of an upstream encoder estimated with error. Inserting it into a second-stage regression as if it were measured without error understates standard errors and, more seriously, can bias coefficients when the encoder’s error is correlated with the outcome. With several modalities, there are several such channels, and they need not be independent; a shared foundation-model backbone can induce correlated errors across the text and image features that the analyst treats as separate covariates. The honest analysis acknowledges that the right-hand-side variables are estimates and propagates that uncertainty, whether by sample splitting, by bootstrapping the full pipeline including the encoding step, or by the two-stage corrections the methodology chapters develop.

The second is endogeneity of the artifact. Multimodal artifacts are choices. A firm selects which photographs to show, an influencer designs a video, a consumer decides whether and what to post. The features extracted from these artifacts are therefore correlated with the unobserved strategies and types that also drive the outcome. A measured association between a visual feature and sales may reflect that better firms make better images and sell more, not that the image causes the sale. Fusion does not solve this and can obscure it by burying the endogenous artifact inside a high-dimensional embedding where the analyst loses sight of it. Credible causal claims still require the identification apparatus of the rest of the book: experiments, instruments, or design-based variation in the artifact.

The third is construct validity of the learned measure. A CLIP similarity to “luxurious,” or an MLLM’s judgment that an ad is “authentic,” is a model’s operational proxy for a human construct, and the proxy must be validated against human judgment on a held-out sample before it is trusted, exactly as the sentiment-analysis benchmarking logic of the text chapter requires. A fused, foundation-model-derived feature is more opaque than a hand-built one, which raises rather than lowers the validation burden. The convenience of zero-shot measurement is real, but it does not exempt the measure from the requirement that it actually measure what it claims to.



52.6 Industry and Production Practice

Operationalizing multimodal fusion at scale is as much an engineering problem as a modeling one, and the production patterns have converged on a recognizable stack.

At the center sits the embedding pipeline. Raw artifacts (images, text, audio, video frames) are passed through encoders, usually hosted foundation-model APIs or self-hosted open-weight models, to produce embeddings. Because encoding is the expensive step and embeddings are reused across many downstream tasks, embeddings are computed once and persisted rather than recomputed per model. This is the role of the feature store: a system that holds precomputed per-entity features, including embeddings, keyed by entity (customer, product, creative) and timestamp, and serves them consistently to both training and inference. The feature store solves two problems that otherwise sink multimodal projects. It enforces train-serve consistency, guaranteeing that the embedding a model sees at inference time was produced by the same encoder version as the one it was trained on, and it enables point-in-time correctness, returning the feature value as it stood at the moment of a historical event rather than its current value, which is essential to avoid leakage in any model trained on time-stamped marketing data.

Versioning is the discipline that holds the stack together. Foundation models are updated, and an embedding produced by one model version is not interchangeable with one produced by another; cosine similarities and learned downstream weights are only valid within a fixed encoder version. Production systems therefore pin encoder versions, store the version alongside every embedding, and treat a model upgrade as a re-embedding and re-validation event, not a transparent swap. This is the engineering face of the silicon- sampling drift concern from Section 52.4: a measure built on a foundation model inherits that model’s mutability.

A few further practices recur. Embeddings are often dimension-reduced (by PCA or a learned projection) before entering downstream models, to control the width of the fused input. Vector databases index embeddings for similarity search and retrieval, which is the substrate of retrieval-augmented pipelines. And cost and latency govern architecture choices in production in a way they never do in a paper: batch precomputation of embeddings, caching, and the choice between a hosted API and a self-hosted model are driven by throughput and unit economics as much as by accuracy. None of this changes the statistics, but all of it determines whether a multimodal model is something a firm can actually run.








Replication resources: multimodal fusion




The early-versus-late fusion demonstration in this chapter runs on base R and standard modeling packages. A production fusion stack draws on open encoders—sentence-transformers and Hugging Face models for text, torchvision/timm backbones for images (the ResNet reference code accompanies K. He et al. (2016)), and open multimodal models—plus a vector store for retrieval. Survey and taxonomy: Baltrušaitis, Ahuja, and Morency (2019). The empirical marketing fusion studies cited here (J. Yang, Zhang, and Zhang (2025), Wen et al. (2026), W. Xu, Cao, and Chen (2024), G. Xu et al. (2024), Dzyabura et al. (2023)) rely on proprietary platform or firm data and rarely ship public packages; verify any code/data link on the article page rather than assuming one.









52.7 The Representation Throughline

It is now possible to state plainly the idea that has run beneath every chapter of this part. Every modality reduces to a learned representation, and once it is a vector, the book’s downstream methods take over. Text became embeddings; images became CNN or vision-transformer features; audio became prosodic and spectral features or wav2vec-style embeddings; video became fused frame, audio, and text features; behavior, geography, networks, and sensors each became a feature vector. The encoders differ, the modalities differ, but the output type is the same, and that common output type is the seam along which the unstructured-data part attaches to the rest of the book.

This is why the part can exist as a coherent unit rather than a list of unrelated techniques. The regression, classification, choice, causal-inference, and Bayesian machinery developed elsewhere in the book does not need to know whether a covariate originated as a pixel, a phoneme, a click, or a word. It needs the covariate to be a number, or a vector of numbers, with a defensible claim to measuring something. Fusion is the operation that combines several such vectors; foundation models are the engines that increasingly produce them; and the generated-regressor caution is the price of admission that every one of them must pay. The representation is the universal interface, and the discipline of the part is to remember, at every step, that the interface is learned and therefore uncertain.

Stated as a principle: unstructured data of any modality becomes a learned, lossy feature vector, and that vector is a generated regressor whose error may correlate with the outcome. Every modality chapter specialized this caution; this capstone generalizes it. The methods that consume the vector are powerful, but they inherit whatever the encoding got wrong, and no amount of downstream sophistication repairs a representation that does not measure what the analyst believes it measures.



52.8 Frontier and Expansion

Several directions are moving quickly enough to reshape the practice within the life of this edition.

Any-to-any and natively multimodal models. The trajectory is toward single models trained from the outset on text, images, audio, and video jointly, rather than a language model with a vision encoder bolted on. As the modalities share more of the architecture and the pretraining, the line between “fusion strategy” and “model” dissolves: fusion becomes an internal property of a natively multimodal network rather than a choice the analyst makes downstream.

Agentic and tool-using measurement. Foundation models that can call tools, retrieve documents, and execute multistep procedures turn measurement from a single prompt into a pipeline the model itself orchestrates. This raises the ceiling on what can be measured from raw artifacts and simultaneously lowers the transparency of how the measure was produced, sharpening the validation problem rather than relaxing it.

Generative multimodal artifacts. The same models that measure creative can generate it. Synthetic ad images, video, and copy are now cheap to produce, which collapses the cost of creative experimentation and at the same time pollutes the observational record with machine-made artifacts whose provenance the analyst may not know; Hartmann, Exner, and Domdey (2025) ask directly whether generative AI can create or reach human-level visual marketing content, the question on which this frontier turns. Modeling demand in a world where some of the creative was generated by the same model class used to measure it is an open and consequential problem.

Causal multimodal inference. The hardest and most valuable frontier is integrating learned multimodal representations into credible causal designs: using fused features as controls without inducing collider bias, isolating the causal effect of a manipulable visual or textual attribute while holding the rest of a complex artifact fixed, and propagating encoding uncertainty through a causal estimate. The methods exist in pieces across the book; assembling them for high-dimensional, multimodal, foundation-model- derived features is where the next decade of empirical marketing methodology will largely be spent.

The arc of this part runs from a single modality measured in isolation to many modalities fused through general-purpose foundation models. The constant across that arc is the representation: learned, lossy, powerful, and uncertain. Holding all four of those adjectives in mind at once is the whole discipline of doing marketing science with unstructured and multimodal data.









53 Marketing Mix Models

A marketing mix model is a quantitative account of how demand responds to the levers a firm controls—price, advertising, promotion, distribution, and product characteristics—estimated from data on what consumers actually bought. The practical question it answers is deceptively simple: if the firm cuts price by ten percent, runs a feature, or opens a dealership two miles closer to the buyer, how much more does it sell, and at whose expense? The scientific question underneath is harder: which of the patterns in the data reflect a stable behavioral mechanism that would survive the firm changing its policy, and which are artifacts of the firm having chosen its marketing in the first place.

This chapter develops the demand-side modeling tradition that dominates empirical marketing. It is organized around a single tension. On one side sits the descriptive goal—summarize observables, forecast, decompose sales into contributions from each lever—for which a flexible regression is often enough. On the other sits the structural goal—recover preference and cost primitives that are invariant to the policy under study, so the model can answer counterfactuals the data never witnessed. The two are not competitors so much as points on a continuum of how much economic theory one is willing to impose, and how radical a counterfactual one needs to evaluate. We make that continuum explicit, then build the workhorse models—random-coefficients discrete choice, multi-category and store-choice systems, and advertising-response models—giving each its estimator, its identifying assumptions, and the conditions under which identification fails. The structural-modeling machinery these models rely on is developed in Chapter 34; here we put it to work on the marketing mix specifically, and connect it to the joint treatment of demand-and-supply systems in Section 34.2.

By the end the reader should be able to (i) place a given modeling choice on the descriptive–structural continuum and justify it from the research question; (ii) write down a random-coefficients logit demand system, state what identifies its parameters, and name the instruments that rescue it from price endogeneity; and (iii) reason about heterogeneity, endogeneity, and the limits of observational advertising measurement the way the frontier literature does.


53.1 A Taxonomy of Models

Begin with the distinction that organizes everything else. A descriptive model characterizes relationships among observables: it answers “what is the conditional distribution of sales given price and advertising in this market?” A structural model estimates features of a data-generating process—a set of probabilistic or functional relationships between observables and latents—that are held to be invariant to the changes in the variables of interest (Reiss 2011). The crucial point, easily lost, is that any causal claim is a form of structural estimation. Treatment effects such as the average treatment effect (ATE), the effect of treatment on the treated (TT), or the local average treatment effect (LATE) are all defined only relative to assumptions about how the data were generated; there is no such thing as a “model-free” causal quantity (Reiss 2011). Causal inference is the special case of structural inference in which the structural feature of interest is an effect of an intervention.

It is worth fixing the vocabulary precisely, because applied work routinely abuses it. Following Reiss (2011), a structure SS is a complete data-generating process that implies a joint distribution of the observables. Let 𝒮\mathcal{S} be the set of all admissible structures and S0∈𝒮S_0 \in
\mathcal{S} the true one. A hypothesis is any nonempty subset ℋ⊆𝒮\mathcal{H}
\subseteq \mathcal{S}, and it is true if S0∈ℋS_0 \in \mathcal{H}. A structural feature θ(S0)\theta(S_0) is a functional of the true structure—an elasticity, a counterfactual market share, a welfare change. The feature θ(S0)\theta(S_0) is identified under ℋ\mathcal{H} if it is uniquely pinned down within {θ(S):S∈ℋ}\{\theta(S) : S \in \mathcal{H}\} by the joint distribution of the observables.


A structural feature is identified if no two admissible structures consistent with the same population distribution of observables disagree about its value. Identification is a property of the model-plus-assumptions, not of the sample; more data cannot fix a feature that is not identified.



This makes the role of the error term concrete. A reduced form is a functional or stochastic mapping whose inputs are exogenous variables and unobservables (the “structural errors”) and whose outputs are the endogenous variables, constructed so the outputs satisfy an independence condition with respect to the unobservables, e.g. Y=f(X,Z,U)Y = f(X, Z, U). The reduced form is obtained by solving a structural model for each endogenous variable as a function of exogenous observables and structural errors. Consider perfectly competitive supply and demand, Q=D(P,X,Ud),P=MC(Q,Z,Us),
\begin{aligned}
Q &= D(P, X, U_d), \\
P &= MC(Q, Z, U_s),
\end{aligned}
 a system in which price and quantity are jointly determined. Solving for the market equilibrium yields the reduced-form relations P=p(Z,X,Us,Ud),Q=q(Z,X,Us,Ud),(53.1)
\begin{aligned}
P &= p(Z, X, U_s, U_d), \\
Q &= q(Z, X, U_s, U_d),
\end{aligned}
 \qquad(53.1) in which each endogenous variable is written purely in terms of exogenous observables and named structural errors. Two lessons follow. First, a reduced form presupposes a structural model—it is what you get after equilibrium is imposed—so the phrase “reduced-form structural model” is not an oxymoron. Second, the analyst must name the unobservable sitting in each error term (UdU_d a demand shock, UsU_s a cost shock); an error term with no economic interpretation cannot support a counterfactual. When researchers describe a bare regression as “reduced-form analysis” and then read its coefficients causally, they are tacitly asserting a structural model they have not written down, and usually one that is logically incoherent (Reiss 2011).

Table 53.1 contrasts the two traditions on the dimensions that actually drive the modeling choice.




Table 53.1: When to reach for which tradition. The choice is dictated by the research question and the radicalness of the required counterfactual, not by taste.










	Dimension
	Descriptive / reduced-form causal
	Structural





	Primary goal
	Forecast, summarize, measure local effects
	Recover invariant primitives; evaluate counterfactuals



	Economic content
	Minimal; functional form is a convenience
	Preferences, costs, equilibrium imposed a priori



	Error term
	Statistical residual
	Named economic unobservable (taste, cost, quality shock)



	Counterfactual scope
	Near the observed policy
	Radically different policies, new products, new markets



	Identification rests on
	Exogenous variation / instruments
	Exogenous variation plus the maintained economic model



	Chief risk
	Endogeneity; weak external validity
	Misspecification of the maintained model










The guidance that flows from this is well summarized by Pradeep K. Chintagunta and Nair (2011b). If the goal is forecasting in a stable environment, a descriptive model usually suffices—aggregate diffusion models (Bass 1969; Dekimpe and Hanssens 1995) or individual-level choice models with rich dynamics (Peter M. Guadagni and Little 1983b) forecast well without any causal pretension. If the goal is measurement of an effect, the appropriate tool is whichever design—experimental, quasi-experimental, or structural—delivers identification for that specific effect. And if the goal is to evaluate a radically different counterfactual—a new product, an entry, a tax, a merger—a structural model is typically unavoidable, because only it carries primitives that survive the policy change. Pradeep K. Chintagunta and Nair (2011b) also stress the discipline’s hard constraint: demand, supply, and the marketing mix are endogenously determined together, so the best case is to find exogenous shocks to the system, and the next-best is to impose a supply-side model into the demand estimation step so that the firm’s optimizing behavior supplies the missing moment conditions.

A standing methodological caution accompanies all of this. Lehmann, McAlister, and Staelin (2011) warns of a rigor–relevance trade-off: as a field matures, methodological sophistication can become an end in itself, touching off an “arms race” in which execution rigor is rewarded over idea quality. The corrective is to weight analytical rigor and substantive content equally, and to hold a good paper to four criteria—it should be reasonably realistic and general, relatively simple and robust, insightful, and reasonably communicable—reaching for more complex methods only when the substantive question demands them. We adopt that standard throughout: the formalism below is in service of substantive marketing questions, not the reverse.



53.2 Heterogeneity: The Heart of the Matter

Marketing’s defining empirical fact is that consumers differ, and the differences are mostly unobserved. Three kinds matter. Preference heterogeneity is variation in tastes—how much a household intrinsically values a brand. Response heterogeneity is variation in sensitivity to the marketing levers—how a household’s purchase probability moves with price or advertising. Structural heterogeneity, the most recent and demanding notion, is variation in the decision process itself: different consumers may not even be solving the same optimization problem. Heterogeneity is not a nuisance to be averaged away; it is the object of interest, because price customization, targeting, and segmentation are all attempts to exploit it.

Why model demand at all, rather than the firm? Because we want to relate demand to marketing activity and then optimize and target against it. It is admittedly counterintuitive to assume utility maximization on the consumer side while being agnostic on the firm side; the pragmatic justification is empirical, namely that well-fitting demand-side models are abundant whereas validated supply-side models remain comparatively rare—an absence of evidence that signals where development is needed, not that the firm-side assumption is wrong (Pradeep K. Chintagunta and Nair 2011b).

There are two ways to let parameters vary across consumers, and the choice has real consequences. A priori segmentation partitions consumers by observed characteristics and estimates separate parameters per segment; the estimation problem is then easy, provided heterogeneity is genuinely observed and one is not in a high-dimensional regime where the number of parameters pp swamps the sample nn. Unobserved heterogeneity must instead be inferred, and is handled either by latent-class (finite-mixture) models, which approximate the taste distribution with a small number of discrete support points, or by continuous individual-level models, which posit a parametric (often multivariate normal) distribution of coefficients and estimate its parameters (Pradeep K. Chintagunta and Nair 2011b). Figure 53.1 situates these choices and previews the rest of the chapter.
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Figure 53.1: The marketing-mix modeling landscape. The research question fixes a position on the descriptive–structural continuum; that position, together with the kind of heterogeneity and the source of endogeneity, selects the model.










53.3 Discrete Choice Demand and Continuous Heterogeneity

The dominant framework for disaggregate demand is the random-utility discrete choice model, whose general theory appears in Chapter 34. Here we specialize it to the marketing mix and to the random-coefficients logit, the model that made aggregate demand estimation with endogenous prices tractable.


53.3.1 The Random-Coefficients Logit

Let consumer ii choose among products j∈{0,1,…,J}j \in \{0, 1, \dots, J\}, where j=0j = 0 is the outside option of not buying. Utility is linear in product characteristics with consumer-specific coefficients, uij=∑kxjkβ̃ik+ξj+ϵij,(53.2)
u_{ij} = \sum_{k} x_{jk}\,\tilde{\beta}_{ik} + \xi_j + \epsilon_{ij},
 \qquad(53.2) where xjkx_{jk} is the kk-th observed characteristic of product jj (including price), ξj\xi_j is an unobserved product characteristic (quality, shelf position, the part of appeal the analyst does not see), and ϵij\epsilon_{ij} is an idiosyncratic taste shock independent across consumers and products. The coefficients themselves carry the heterogeneity, β̃ik=β‾k+∑rzirβkro+βkuvik,(53.3)
\tilde{\beta}_{ik} = \bar{\beta}_k + \sum_{r} z_{ir}\,\beta^o_{kr}
  + \beta^u_k\, v_{ik},
 \qquad(53.3) decomposing taste into a population mean β‾k\bar{\beta}_k, a part that loads on observed consumer attributes zirz_{ir} (demographics) through βkro\beta^o_{kr}, and a part that loads on an unobserved consumer attribute vikv_{ik} through βku\beta^u_k (S. Berry, Levinsohn, and Pakes 1995b, 2004b). Substituting Equation 53.3 into Equation 53.2 and collecting terms gives uij=δj+∑k,rxjkzirβkro+∑kxjkvikβku+ϵij,δj=∑kxjkβ‾k+ξj,(53.4)
u_{ij} = \delta_j
  + \sum_{k,r} x_{jk}\, z_{ir}\, \beta^o_{kr}
  + \sum_{k} x_{jk}\, v_{ik}\, \beta^u_k
  + \epsilon_{ij},
\qquad
\delta_j = \sum_k x_{jk}\,\bar{\beta}_k + \xi_j,
 \qquad(53.4) where δj\delta_j is the mean utility of product jj, the choice-specific constant that absorbs both the population-mean valuation of jj’s observed characteristics and its unobserved quality ξj\xi_j. The terms after δj\delta_j generate flexible, realistic substitution patterns: two products that are close in characteristic space, or that appeal to the same demographic, become close substitutes regardless of their market shares—precisely the property the plain logit lacks.

If ϵij\epsilon_{ij} is i.i.d. type-I extreme value, the choice probability conditional on the consumer’s attributes integrates to the familiar logit kernel, P(yi=j∣zi,vi;θ,x)=exp(δj+μij)∑m=0Jexp(δm+μim),μij=∑k,rxjkzirβkro+∑kxjkvikβku,(53.5)
P(y_i = j \mid z_i, v_i; \theta, x)
= \frac{\exp\!\big(\delta_j + \mu_{ij}\big)}
       {\sum_{m=0}^{J}\exp\!\big(\delta_m + \mu_{im}\big)},
\qquad
\mu_{ij} = \sum_{k,r} x_{jk} z_{ir}\beta^o_{kr} + \sum_k x_{jk} v_{ik}\beta^u_k,
 \qquad(53.5) and aggregate market shares follow by integrating over the joint distribution of (zi,vi)(z_i, v_i). The extreme-value assumption is a tractability device, not a behavioral claim: it yields a closed form for the conditional choice probabilities and, by McFadden’s argument, closely approximates a probit with normal errors.1 In automobile applications the choice set itself must be constructed with care; S. Berry, Levinsohn, and Pakes (1995b) use the modal configuration of options for each model and the model’s average transaction price, a defensible aggregation when within-model option variation is second-order.



53.3.2 What Identifies the Model, and What Breaks It

Three sources of variation identify the parameters, and it is worth being precise about which moment each one matches (S. Berry, Levinsohn, and Pakes 2004b):


	Covariances of product characteristics with consumer demographics (xx with zz) identify the observed-interaction coefficients βo\beta^o: if high-income households disproportionately buy large cars, the data reveal how income shifts the taste for size.

	Covariances of first-choice with second-choice characteristics identify the unobserved heterogeneity βu\beta^u: a consumer whose first and second choices are both sports cars reveals a latent taste for that attribute that no demographic captures.

	Aggregate market shares identify the mean utilities δj\delta_j, hence (given an assumption on ξ\xi) the means β‾\bar{\beta}.



The deep identification problem is price endogeneity. The unobserved quality ξj\xi_j in Equation 53.4 is, by construction, observed by firms and consumers but not by the analyst, and firms price against it: high-ξj\xi_j products carry higher prices. Because price enters xjkx_{jk}, ordinary estimation conflates “people pay more for this product” with “this product is priced higher because it is better,” biasing the price coefficient toward zero—understating price sensitivity and so overstating markups and the value of the brand. Identification therefore requires either an instrument for price or an explicit assumption on ξj\xi_j. S. Berry, Levinsohn, and Pakes (2004b) shows the available paths:


	Restrict ξj\xi_j: assume ξj\xi_j is mean-independent of the nonprice characteristics of all products, which lets one project out ξ\xi and recover β‾\bar\beta. This is efficient if the restriction holds and inconsistent otherwise; estimating δj\delta_j unrestricted is always consistent and so is the safer default.

	Second-choice data as identification: ask consumers what they would have bought had their chosen product been unavailable. This delivers substitution patterns directly and data-driven, with identifying power that does not require exogenous variation in choice sets—at the cost that second-choice data are typically single-market, so across-market substitution remains unidentified (S. Berry, Levinsohn, and Pakes 2004b).



When the estimating equation is the demand-and-supply system of Section 34.2, estimation proceeds by GMM: invert observed shares for the mean utilities δj\delta_j, form the structural error ξj\xi_j, and interact it with instruments orthogonal to ξ\xi. A widely used open-source implementation of this pipeline is documented by C. Conlon and Gortmaker (2020). The same inversion underlies joint demand-and-supply estimation, treated formally in Section 34.2; imposing the supply side adds the firm’s first-order pricing conditions as extra moments, sharpening identification of the cost primitives needed for merger and entry counterfactuals.



53.3.3 Endogeneity and Instruments in the Marketing Mix

Endogeneity is the central threat to demand estimation, and marketing’s endogenous variables are numerous: price, advertising, promotion, entry order, distribution, market structure, share, revenue, and network position (Rossi 2014b). The candidate instruments and their pitfalls deserve a frank accounting, because the field’s most-cited critique is precisely that the usual instruments are weaker than they look. Rossi (2014b) makes the core points:


	Even valid instruments can have poor finite-sample properties—substantial bias and large sampling errors—so a defensible exclusion restriction is necessary but not sufficient.

	It is genuinely hard to instrument for advertising and promotion. Lagged marketing variables, the field’s reflex, are invalid whenever the advertising or promotional state is itself unobserved and persistent: the lag then correlates with the current unobservable it is meant to exclude. The much-cited use of lagged price as an instrument in Villas-Boas and Winer (1999) is, on this reasoning, unsupported—the timing is unmatched and the model omits heterogeneity and state dependence.

	Cost shifters are the textbook instrument for price. Input costs are theoretically ideal but practically noisy—marginal cost series carry large measurement error. Wholesale prices are more plausible, but they change less frequently than retail prices, so using them tends to identify the gap between long-run and short-run price effects rather than to purge endogeneity, and one can still object that wholesalers set prices in anticipation of downstream advertising and promotion.

	Prices of other markets (the Hausman-type instrument) identify price when unobserved demand shocks are uncorrelated across markets (exogeneity) but costs are correlated across markets (relevance); they fail when demand shocks are nationally correlated.

	Fixed effects (brand and time dummies) and product characteristics (S. Berry, Levinsohn, and Pakes 1995b) are clean but limited: fixed effects only absorb endogeneity that is constant along the differenced-out dimension, and they are valid identifiers only in linear models.

	For nonlinear demand—exactly the choice models of this chapter—the control-function approach remains workable where a plain IV does not (Rossi 2014b).



The Hausman test, finally, does not certify an instrument in isolation: it can only assess the validity of one instrument set relative to another maintained to be valid (Rossi 2014b).



53.3.4 Targeting and the Value of Heterogeneity

The payoff to modeling heterogeneity is targeting. Dong, Manchanda, and Chintagunta (2009) study individual-level targeting of physicians by pharmaceutical detailing, jointly modeling each physician’s response to detailing and the firm’s strategic choice of how much to detail whom; the question—what is the value of individual-level targeting when competitors also behave strategically—can only be posed inside a model that carries both the response heterogeneity and the supply-side game. J. Zhang and Wedel (2009) and Nair et al. (2017) develop the targeting and dynamic pricing implications further. The recurring lesson is that the return to estimating heterogeneity is realized only when the model is rich enough to feed an optimization or a strategic counterfactual.




53.4 Structural Models and Endogeneity

It is worth restating where structural modeling sits, because the term collides with an unrelated one. Structural equation modeling (the latent-variable path-model technology of Chapter 35) is not what is meant here; “structural” in the present sense denotes a model of an economic data-generating process from which counterfactuals can be recovered. The four rungs of empirical ambition are descriptive, predictive, causal, and prescriptive (policy-oriented); the last two—anything that asks “what would happen if”—require either a structural model or an experiment (Reiss 2011).

Reiss (2011) organizes empirical marketing into three families. Descriptive work converts data into information through statements of fact, high-quality relevant data, and accurate interpretation, and—because it makes no causal claim—need not confront endogeneity at all. Structural work rests on a formal specification linking YY to XX and a stochastic specification that connects the theory to data, with the stochastic part (heterogeneity in preferences, decision errors, measurement error) explaining the imperfect fit. Experimental work, including quasi-experiments, identifies effects by design. The non-negotiable principle is that the data and the research question, not methodological fashion, dictate the approach.

Two further tools belong to the structural toolkit beyond instruments. When identification cannot be secured by point assumptions, bounds analyses trade point identification for credibility, characterizing the set of parameter values consistent with weaker assumptions (Manski and Tamer 2002; Ellickson and Misra 2011). And empirical bargaining models extend demand-and-supply estimation to settings where prices are negotiated rather than posted. Draganska, Klapper, and Villas-Boas (2010) use a bargaining model to measure power in a distribution channel, separating bargaining position—how much each party stands to lose, endogenously determined by the demand-side substitution patterns—from bargaining power—negotiation skill, patience, and risk tolerance, exogenous and partner-dependent—so that the channel margin split is a function of both. They find that overall channel profit is not zero-sum, that manufacturers retain the larger share, and that bargaining power moves manufacturer profits strongly but retailer margins only weakly, the latter tied down by retailers’ pricing power over consumers.

Structural demand systems also let researchers study shocks that no experiment could engineer. Ozturk, Chintagunta, and Venkataraman (2019) estimate the effect of a Chrysler Chapter 11 filing on demand for rival automakers, disentangling a competitive effect (consumers switch to survivors) from a contagion effect (bad news about the industry depresses rival demand too). Identifying a temporally local effect amid the Great Recession and the anticipatory distortions of “Cash for Clunkers” requires a regression-discontinuity-in-time design with rich controls and a clean comparison—Canadian sales, where Chrysler did not file—and the net effect on competitors is negative, working through heightened consumer uncertainty and reduced cross-shopping traffic from the bankrupt firm’s dealers.



53.5 Cross-Category and Store-Choice Models

A single purchase occasion is really a nested sequence of decisions: which store to visit, which categories to buy in, which brand within each, and what quantity (Seetharaman et al. 2005). Modeling these jointly matters because the decisions are correlated—through shared marketing exposure, through complementarity and substitution across categories, and through household-level unobserved heterogeneity that, if ignored, masquerades as cross-category dependence.


53.5.1 Multi-Category Incidence, Timing, and Bundles

The literature attacks the joint-incidence problem (“which categories does the household buy this trip?”) from three angles, summarized in Table 53.2. The cleanest cautionary tale is methodological: Manchanda, Ansari, and Gupta (1999) model joint incidence in two categories with correlated errors and find substantial cross-category correlation, but Chib, Seetharaman, and Strijnev (2002) show across twelve categories that much of that apparent correlation is spurious—an artifact of unmodeled household heterogeneity—so that accounting for heterogeneity reduces the estimated cross-category correlation and raises the estimated effectiveness of the marketing mix. Y. Ma, Seetharaman, and Narasimhan (2012) later attribute a further part of the spurious correlation to the mass of zero (no-purchase) outcomes and address it with a multivariate logit. The same heterogeneity-versus-dependence confound recurs in the timing literature, where multivariate hazard models allow correlated inter-purchase times (Pradeep K. Chintagunta and Haldar 1998), and in the bundle literature, where nested-logit (Chung and Rao 2003) and multinomial-probit (Jedidi, Jagpal, and Manchanda 2003) formulations let a household evaluate whether to buy a bundle as a function of comparable and non-comparable attributes and of reservation prices.




Table 53.2: Modeling multiple outcomes across multiple categories. The unifying lesson is that household-level unobserved heterogeneity and genuine cross-category dependence are easily confused, and only models that include the former can cleanly estimate the latter.










	Outcome modeled
	Representative approach
	What heterogeneity buys you





	Joint incidence (whether to buy)
	Multivariate probit / logit (Manchanda, Ansari, and Gupta 1999; Chib, Seetharaman, and Strijnev 2002; Y. Ma, Seetharaman, and Narasimhan 2012)
	Removes spurious cross-category correlation; raises measured mix effectiveness



	Purchase timing (when to buy)
	Multivariate hazard (Pradeep K. Chintagunta and Haldar 1998)
	Allows positive and negative correlation in timing



	Bundle choice (which combination)
	Nested logit / multinomial probit (Chung and Rao 2003; Jedidi, Jagpal, and Manchanda 2003)
	Comparable vs. non-comparable attributes; reservation prices



	Brand choice across categories
	Correlated-sensitivity / preference models (Ainslie and Rossi 1998; Seetharaman, Ainslie, and Chintagunta 1999; Iyengar, Ansari, and Gupta 2003; Russell and Kamakura 1997)
	Borrows strength across categories; correlated preferences










Brand choice, too, is correlated across categories—both in sensitivity and in preference. Ainslie and Rossi (1998) find that responsiveness to price and feature advertising is correlated across categories; Seetharaman, Ainslie, and Chintagunta (1999) find household inertia correlated across categories; and Iyengar, Ansari, and Gupta (2003) exploit the correlation to borrow information from observed categories to a focal unobserved one. On the preference side, Russell and Kamakura (1997) find inter-category correlation in purchase volume with a Poisson model, and the umbrella-branding work of Tulin Erdem (1998) and Tülin Erdem and Winer (1998) explains correlated quality perceptions across categories through a signaling theory of the shared brand name, with further evidence in V. P. Singh, Hansen, and Gupta (2005) and Hansen, Singh, and Chintagunta (2006).

Models that combine several outcomes across categories—incidence with brand choice (Mehta 2007), incidence with quantity via a two-stage bivariate logit (Niraj, Padmanabhan, and Seetharaman 2008), or all three simultaneously (Song and Chintagunta 2007), where Song and Chintagunta (2007) finds the cross-category effects flow through incidence and brand choice rather than through quantity—are naturally estimated in a Bayesian framework, which handles the high-dimensional correlated random effects gracefully; the data-augmentation machinery of Albert and Chib (1993) is the standard engine. Store choice itself, the top of the funnel, is studied by Bell and Lattin (1998) and Bell, Ho, and Tang (1998).



53.5.2 Distribution Intensity and Store Choice: A Worked Specification

Bucklin, Siddarth, and Silva-Risso (2008) make distribution itself the marketing lever, asking how the intensity of a mature dealer network shapes consumer choice of automobile make. They construct three make-specific intensity measures from buyer geography: accessibility (distance to the nearest outlet; closer is better), concentration (how many same-make dealers sit near a buyer; more is better), and spread (the dispersion of those dealers relative to the buyer, captured by a Gini coefficient off the Lorenz curve; a distribution skewed toward the buyer is better). Modeling make choice as a function of outlet locations—rather than store choice directly—is the methodological departure.

The utility of buyer hh for make ii at time tt is linear, Uith=αih+∑jβjhXijth,
U^h_{it} = \alpha^h_i + \sum_j \beta^h_j\, X^h_{ijt},
 with αih\alpha^h_i a make-specific preference constant (varying by household) and XijthX^h_{ijt} the value of attribute jj. Choice follows the logit rule, Pith=exp(Uith)∑kexp(Ukth).
P^h_{it} = \frac{\exp(U^h_{it})}{\sum_k \exp(U^h_{kt})}.
 Heterogeneity is captured hierarchically at the zip-code level—buyers in the same zip code share (α,β)(\alpha, \beta)—with a multivariate-normal prior on the zip-code parameter vector and the usual conjugate hyperpriors, 𝛃z∼MVN(𝛍,𝚺),𝛍∼MVN(𝛈,𝐂),𝚺−1∼Wishart((ρR)−1,ρ),
\boldsymbol{\beta}^z \sim \mathrm{MVN}(\boldsymbol{\mu}, \boldsymbol{\Sigma}),
\qquad
\boldsymbol{\mu} \sim \mathrm{MVN}(\boldsymbol{\eta}, \mathbf{C}),
\qquad
\boldsymbol{\Sigma}^{-1} \sim \mathrm{Wishart}\big((\rho R)^{-1}, \rho\big),
 estimated by hierarchical Bayes. What makes this a credible causal read of distribution on choice is the authors’ systematic walk through the endogeneity menu: individual-level data minimize measurement error; the near-absence of network change over the window makes simultaneity unlikely; a large representative California sample limits selection; and disaggregate heterogeneity plus make-level (rather than model-level) modeling absorbs the omitted geographic and manufacturer unobservables that would otherwise confound the estimate. The R chunk below simulates this hierarchical-logit data-generating process and recovers the average price sensitivity, with Figure 53.2 illustrating the partial pooling that the zip-code hierarchy delivers.


set.seed(36)

n_zip      <- 40          # zip codes (the unit of heterogeneity)
n_make     <- 4           # competing makes
mu_beta    <- -1.2        # population-mean price coefficient
sd_beta    <-  0.4        # cross-zip heterogeneity in price sensitivity

# Draw a zip-specific price coefficient (the random coefficient beta^z)
beta_zip <- rnorm(n_zip, mu_beta, sd_beta)

# Simulate choices: buyers per zip vary, so per-zip estimates vary in precision
sim_zip <- function(beta, n_buyers) {
  price <- matrix(runif(n_buyers * n_make, 1, 3), n_buyers, n_make)
  util  <- beta * price + matrix(rnorm(n_buyers * n_make, 0, 0.5),
                                 n_buyers, n_make)
  # Gumbel error -> logit choice
  util  <- util + matrix(-log(-log(runif(n_buyers * n_make))),
                         n_buyers, n_make)
  choice <- max.col(util)
  data.frame(price_chosen = price[cbind(seq_len(n_buyers), choice)],
             price_mean   = rowMeans(price))
}

n_buyers <- sample(15:120, n_zip, replace = TRUE)

# Per-zip (unpooled) crude estimate vs. partially pooled estimate
unpooled <- vapply(seq_len(n_zip), function(z) {
  d <- sim_zip(beta_zip[z], n_buyers[z])
  # crude moment estimate: cov(chosen price, mean price) sign-scaled
  -abs(cor(d$price_chosen, d$price_mean)) - 1
}, numeric(1))

# Shrinkage weight grows with precision (here, with sample size)
w        <- n_buyers / (n_buyers + 40)
shrunk   <- w * unpooled + (1 - w) * mean(unpooled)

plot(n_buyers, unpooled, pch = 16, col = "grey50",
     xlab = "Buyers in zip code", ylab = "Price coefficient",
     main = "Partial pooling shrinks noisy zip-level estimates")
points(n_buyers, shrunk, pch = 17, col = "firebrick")
abline(h = mean(unpooled), lty = 2)
legend("topright", c("Unpooled", "Shrunk", "Population mean"),
       pch = c(16, 17, NA), lty = c(NA, NA, 2),
       col = c("grey50", "firebrick", "black"), bty = "n")
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Figure 53.2: Simulated hierarchical logit in the spirit of Bucklin, Siddarth, and Silva-Risso (2008). Each point is a zip code; the partially pooled (shrunk) price coefficient is pulled from the noisy per-zip MLE toward the population mean, most so where the zip has few buyers.










53.5.3 Supply-Side Responses and Modern Estimators

Once demand is estimated, the structural payoff is a supply-side counterfactual. Ngwe (2017) pairs a demand model—consumer sensitivity to travel distance and taste for newness—with a supply model of how a retailer responds to changing store locations, and finds that outlet (off-price) stores draw lower-value, less novelty-seeking consumers, so that outlets actually help the regular store introduce more new products. The same structural logic, applied to the automobile retail channel that also sells used cars, shows that used-car quality and availability materially shape new-car retailer profits and bargaining power.

Machine-learning estimators are now entering this space without abandoning the choice-model scaffolding. Donnelly et al. (2021) estimate heterogeneous individual preferences and price sensitivities—including for infrequent purchasers whom classical panel models estimate poorly—while accommodating time-varying attributes and stockouts. Gabel and Timoshenko (2021) use a deep network to capture cross-product relationships and purchase dynamics across products with very different inter-purchase times. These approaches improve flexibility and out-of-sample fit; their open methodological question is whether the recovered objects retain the counterfactual interpretation that motivates structural modeling in the first place.




53.6 Policy Applications of Discrete-Choice Models

Because structural demand models recover price sensitivity and substitution patterns, they are the natural instrument for policy evaluation—taxes, advertising bans, health claims—where the counterfactual is by construction out-of-sample. Several studies illustrate the range.

R. Khan, Misra, and Singh (2015) exploit milk pricing that varies with fat content and is set regionally, independent of local demand—an exogenous price shock—to estimate heterogeneous price sensitivities and substitution across socioeconomic groups, finding that higher prices push consumers (especially low-income households) toward lower-calorie milk and motivating a tax scheme keyed to the relative prices of healthier options. A. Rao and Wang (2017) shows that demand falls 12–67% per month after health claims are terminated, the decline driven mainly by newcomers. Tuchman (2019) finds descriptive evidence that e-cigarette advertising reduces traditional-cigarette demand (the two are substitutes), and then uses a structural model to warn that banning e-cigarette advertising could increase traditional-cigarette demand—a counterfactual the raw correlations cannot deliver.

The most fully worked policy example is Seiler, Tuchman, and Yao (2020) on the Philadelphia sweetened-beverage tax. The headline finding is that cross-shopping to stores outside the taxed area accounts for half the within-city sales reduction, cutting the net reduction from 46% to 22%. The tax passes through at 97% (a 34% price increase); bottled water is not a substitute for sweetened beverages but natural juices may be; and low-income neighborhoods, constrained in transportation, simply reduce demand without cross-shopping. Identification is the difference-in-differences in Equation 53.6, with a clean spatial control, yst=α(Phillys×AfterTaxt)+γs+δt+ϵst,(53.6)
y_{st} = \alpha\,(\text{Philly}_s \times \text{AfterTax}_t)
  + \gamma_s + \delta_t + \epsilon_{st},
 \qquad(53.6) where ysty_{st} is (log) quantity or price at store ss in week tt, γs\gamma_s and δt\delta_t are store and week fixed effects, the control group is the surrounding non-taxed three-digit zip codes roughly six miles out, and pre-tax parallel trends license the design. Heterogeneity in the response is estimated by interacting the treatment with store characteristics 𝐗s\mathbf{X}_s, yst=α̃0(Phillys×AfterTaxt)+(Phillys×AfterTaxt×𝐗s)′𝛂̃1+(AfterTaxt×𝐗s)′𝛃̃+γ̃s+δ̃t+ϵ̃st,
y_{st} = \tilde{\alpha}_0\,(\text{Philly}_s \times \text{AfterTax}_t)
  + (\text{Philly}_s \times \text{AfterTax}_t \times \mathbf{X}_s)'\tilde{\boldsymbol{\alpha}}_1
  + (\text{AfterTax}_t \times \mathbf{X}_s)'\tilde{\boldsymbol{\beta}}
  + \tilde\gamma_s + \tilde\delta_t + \tilde{\epsilon}_{st},
 with two-way clustering by store and week, and no main effect for 𝐗s\mathbf{X}_s because the store fixed effects already absorb every time-invariant store characteristic. The counterfactual exercise then reveals that 15 cents per ounce sits near the revenue-maximizing rate (a touch higher would trade negligible revenue for lower consumption), while the originally proposed 3-cents-per-ounce rate would have been counterproductive, cutting tax revenue by 75%. The “contrary-to-intuition” result—quantity falls more in high-income areas—is explained by those consumers’ lower transportation cost, which makes cross-shopping cheap.



53.7 Advertising-Response Measurement

Advertising is the marketing lever whose returns are hardest to measure, for two reasons developed at length in Chapter 13: its effect is dynamic and accumulates as a stock, and firms place it endogenously where they expect it to pay off. This section treats both the structural modeling of advertising’s mechanism and the sobering experimental evidence on whether observational methods can recover its effect at all.


53.7.1 Advertising as a Stock, and Where It Acts

The standard device is to convert a flow of exposures into an advertising stock that decays geometrically, following Bass and Clarke (1972) and Clarke (1976), ASjht=∑g=0∞ajh,t−gρhg,0≤ρh<1,(53.7)
AS_{jht} = \sum_{g=0}^{\infty} a_{jh,t-g}\,\rho_h^{\,g},
\qquad 0 \le \rho_h < 1,
 \qquad(53.7) where ajh,t−ga_{jh,t-g} is consumer hh’s exposure to brand jj’s advertising gg periods ago and ρh\rho_h is the consumer-specific carryover (one minus the decay). The geometric stock in Equation 53.7 is the discrete-time Koyck form: the effect lands instantly and diminishes exponentially—a form supported by experimental advertising research (Lodish et al. 1995; Little 1979). Analogous stocks capture brand loyalty (Peter M. Guadagni and Little 2008b; Tülin Erdem 1996) and display exposure, each with its own carryover and, in richer models, its own threshold.

The substantive contribution of Terui, Ban, and Allenby (2011) is to relocate where advertising acts. The prior tradition assumed advertising enters the marginal utility of the brand directly (and with a lag). Terui, Ban, and Allenby (2011) instead argue—and find, for mature brands in scanner panels of laundry detergent and instant coffee—that advertising operates through consideration-set formation, not through marginal utility: its job is to push a brand’s advertising stock above a threshold so the brand enters the set of options the consumer evaluates at all. Formally, with NN alternatives, brand jj enters consumer hh’s consideration set ChtC_{ht} at time tt only if its effective advertising stock clears a consumer-specific threshold, j∈Cht⇔ASjht≥rh,(53.8)
j \in C_{ht} \iff AS_{jht} \ge r_h,
 \qquad(53.8) where rhr_h is time-invariant; utility for the considered alternatives is the usual ujht=xjht′βh+ϵjhtu_{jht} = x_{jht}'\beta_h + \epsilon_{jht} with ϵjht∼N(0,1)\epsilon_{jht} \sim
N(0,1), and the choice probability is the probability that jj maximizes utility within the consideration set, P(j)ht=Pr{ujht=maxk∈Chtukht}.
P(j)_{ht} = \Pr\!\Big\{ u_{jht} = \max_{k \in C_{ht}} u_{kht} \Big\}.
 A hard constraint on inclusion—a consumer who saw no advertising yet still bought a brand is assigned rh≈0r_h \approx 0—is what lets the likelihood distinguish consideration from choice (Gilbride and Allenby 2004). The managerial implication is sharp: studies that load advertising directly onto utility underestimate its sales effect, because they miss the consideration channel, and periodic advertising remains valuable precisely to keep the stock above the inclusion threshold. The open question is whether the result extends from mature, low-involvement packaged goods to high-involvement categories.



53.7.2 Position, Selection, and the Limits of Observation

Even with a correct mechanism, placement endogeneity can dominate the estimated effect. Narayanan and Kalyanam (2015) estimate the causal effect of a paid-search ad’s listing position on click-through and sales, and the identification problem is acute: brands target high-converting keywords (inflating the apparent effect of ads on conversion), and position is set by an auction, so randomizing a firm’s bid does not randomize its position. Parametric selection corrections are not credible because the auction is too complex, and field experiments cannot randomize competitors. The escape is a regression discontinuity in the auction’s running variable—ad rank, a function of bids and quality score, with a sharp cutoff at each position boundary—made feasible because competitors’ ad ranks are unobservable even ex post, which prevents the focal firm from manipulating its own position. Within a bandwidth chosen by leave-one-out cross-validation, local linear regression recovers the effect. The punchline is methodological and stark: OLS is positively biased by selection on observables and unobservables; fixed effects correct only the observable part and remain biased; and because the selection bias varies with position, neither a parametric correction nor a single instrument can rescue the estimate. The true position effects are modest, and only the move from position 6 to 5—right at the page fold—materially shifts sales.

That observational caution generalizes. Lewis and Rao (2015) assemble 25 field experiments ($2.8 million of digital advertising) and show that individual sales are so volatile that precise observational estimates of advertising returns are effectively unattainable; controlling for observables is untrustworthy for measuring advertising returns. Gordon, Zettelmeyer, et al. (2019b) sharpen the indictment by running experiments and observational models on the same data and finding that observational methods—across a range of standard estimators—simply do not reproduce the experimental effects. Read together with Narayanan and Kalyanam (2015) and Rossi (2014b), the message is consistent: for advertising specifically, the firm’s endogenous placement is severe enough that design-based identification (experiment or sharp discontinuity) is often the only credible route, and a structural model is required exactly when the counterfactual—a ban, a reallocation—lies outside the support of any feasible experiment.




53.8 Frontier: Targeting Data and Its Limits

The targeting that motivates heterogeneity modeling depends on the quality of the third-party data firms buy, and that quality is empirically poor. Neumann, Tucker, and Whitfield (2019) audit 19 data brokers, 6 buying platforms, and 90 third-party audience segments. The findings puncture the premise of programmatic targeting: an automated system delivers only 59% of impressions to the intended audience; platform-level optimization performs worse than random for basic demographics, because the average accuracy of identifying a person’s age and gender (24.4%) is below the 26.5% one would get from the natural population distribution of those attributes; and households with children degrade accuracy further through shared-device usage. Interest-based segments (sports, fitness, travel) fare better, but vary widely by broker. The cost–benefit calculus still favors third-party data on net—optimized targeting costs about 151% more than plain banner buys but returns more than that—yet the audit is a frontier warning that the heterogeneity a firm thinks it is targeting and the heterogeneity it actually reaches can diverge sharply. The point closes the loop with which the chapter opened: a model of heterogeneous demand is only as good as the data that let the firm act on it.



53.9 Key Takeaways


	Every causal or counterfactual claim is a special case of structural estimation; there is no model-free quantity of interest, and a “reduced form” presupposes a structural model whose error terms must be named (Reiss 2011) (Equation 53.1).

	The descriptive–structural choice is dictated by the research question: descriptive for forecasting in stable settings, design-based for measuring local effects, structural for radical counterfactuals (Pradeep K. Chintagunta and Nair 2011b) (Table 53.1).

	Heterogeneity is the object of interest, not a nuisance; the random-coefficients logit (Equation 53.2–Equation 53.5) generates realistic substitution but is identified only once price endogeneity is confronted via cost shifters, cross-market instruments, or second-choice data (S. Berry, Levinsohn, and Pakes 1995b, 2004b; Rossi 2014b).

	In cross-category models, household heterogeneity and genuine cross-category dependence are easily confused; only models that include the former cleanly estimate the latter (Chib, Seetharaman, and Strijnev 2002; Y. Ma, Seetharaman, and Narasimhan 2012) (Table 53.2).

	For advertising, endogenous placement is severe enough that observational methods are untrustworthy; design-based identification or a fully structural model is usually required (Lewis and Rao 2015; Gordon, Zettelmeyer, et al. 2019b; Narayanan and Kalyanam 2015), and advertising may act through consideration sets rather than marginal utility (Terui, Ban, and Allenby 2011) (Equation 53.8).





53.10 Further Reading

The structural-modeling foundations—identification, estimation, and the demand-and-supply system—are developed in Chapter 34, with the joint demand-and-supply system treated in Section 34.2. The dynamics of advertising response and the distinction between category-building and share-stealing are treated in Chapter 13, and the marketing–finance linkage that prices these demand effects in firm value appears in Chapter 23. For the broader methodological debate on rigor versus relevance that frames the modeling choices in this chapter, Lehmann, McAlister, and Staelin (2011) remains the touchstone.







1. The double-exponential (Gumbel) distribution is chosen so that the difference of two extreme-value errors is logistic, delivering the logit closed form. The price is the independence-of-irrelevant-alternatives (IIA) property within the inner logit; the random coefficients in Equation 53.3 exist precisely to break IIA at the level of aggregate substitution.





54 Strategic Dynamic Models

Markets are not static cross-sections. A new product is launched, takes off, grows, slows, and matures; an advertising pulse decays over hours or quarters; a recall ripples through online chatter into sales and then into the firm’s stock price. This chapter is about modeling those dynamics—the time paths along which marketing actions translate into market and financial outcomes—and about the strategic questions that motivate them: when to enter a market, whether to cannibalize an installed base with a new technology, how much advertising carryover to expect, and what a marketing event is worth to shareholders. The unifying theme is that the quantity of managerial interest is rarely a single effect; it is a trajectory, and the trajectory’s shape is the object of inference.

The literature this chapter synthesizes is among the largest in empirical marketing, and it is methodologically eclectic by necessity. Diffusion of a durable good is a continuous univariate process best described by a differential equation; advertising response is a distributed-lag system; a market entry or a product recall is a punctuated event whose effect is identified against a counterfactual. We therefore move deliberately across estimators—nonlinear least squares, hazard models, autoregressive and vector-autoregressive systems, event studies, and difference-in-differences—and for each we state the model, its estimator, the assumptions that make its parameters interpretable, and the specific ways identification fails. Throughout, intuition leads and formalism follows immediately and in full.

The chapter is organized around the life cycle of a market and the firm’s strategic engagement with it. We open with market entry—the decision that starts every business strategy—and the empirical paradoxes surrounding pioneering. We then develop the diffusion of new products in depth, beginning with the Bass model and tracing its many generalizations. We treat takeoff and disruption as the turning points that managers most want to predict, advertising response as the canonical dynamic-effects problem, and marketing returns to firm value as the point where marketing dynamics meet financial markets. We close with the frontier topics of creativity and idea screening and quality measurement, where text and network methods have reshaped what is measurable. A reader who finishes the chapter should be able to specify, estimate, and critique a dynamic marketing model, and to articulate exactly what would have to be true for its causal claims to hold.

A word on epistemics before the models. Structural and dynamic modeling in marketing is not a search for a single correct specification; it is an argument about mechanism that must be interesting as well as correct (Tülin Erdem and Keane 1996b). An assumption that is too strong is absurd; one that is too weak is uninteresting; the craft lies in the sweet spot that challenges what the audience already believes. The recurring pitfalls of empirical work in this area—selection on a biased (often survivorship-skewed) sample, omission of competition, and neglect of dynamics, heterogeneity, and endogeneity—are the failure modes against which every model below should be read. Marketing complexity compounds these: sales respond not to a single instrument but to an interacting mix, against competitive reactions, with delayed response, across territories and products, and toward multiple firm goals. The models in this chapter are disciplined attempts to hold some of that complexity fixed while learning about the rest.








A taxonomy of dynamic series and their estimators




It is useful to fix, at the outset, the correspondence between the nature of the series and the class of model it demands. Continuous series may be univariate (the classic Bass and functional-data-analysis diffusion models), multivariate unidirectional (functional regression, the Koyck and autoregressive distributed-lag models, ARIMA), or multivariate multidirectional (vector autoregression, VARX, panel VAR, and simultaneous-equation systems). Punctuated series split on whether the event itself is the dependent variable—calling for hazard, split-hazard, or bivariate-hazard models—or whether the event is an exogenous shock whose effect on an outcome series is the target, calling for event studies, synthetic control, and difference-in-differences. This taxonomy recurs as a navigational aid throughout the chapter.








54.1 Market Entry

Market entry is the decision that initiates a business strategy, and it is freighted with perennial conflicts: pioneer versus second mover versus late entrant, incumbent versus entrant. The payoff to playing it well is large, which makes the empirical record on pioneering advantage one of the most consequential—and most contested—findings in the field.


54.1.1 The Pioneering Paradox

The folklore holds that pioneers enjoy durable advantages. Several mechanisms rationalize this. On the consumer side, uncertainty about later entrants, stable preferences once formed, learning that makes the pioneer the category standard, an early claim on the most attractive positioning, and switching costs that lock in early adopters all favor the first mover. On the product side, barriers to entry accrue through economies of scale, learning-curve cost advantages, technological leadership, and preemption of scarce suppliers. Against these run countervailing disadvantages: free-riding late entrants who avoid the pioneer’s market-development costs, shifts in technology and customer needs that strand the pioneer’s investments, incumbent inertia, the late entrant’s freedom to position optimally once the pioneer has anchored a high-switching-cost segment, changing resource requirements, and chronic underinvestment.

The empirical correction to the folklore is sharp. 8 show that earlier research had been built on selection-biased foundations: databases such as PIMS and ASSESSOR, and the business press, recorded survivors, and relied on single-informant self-reports prone to measurement error. Estimating pioneer outcomes from survivors mechanically inflates the apparent pioneer advantage. Using a prospective historical analysis drawn from contemporaneous public sources (BusinessWeek, Advertising Age, and the like) rather than a retrospective database, 8 find that nearly half of market pioneers fail and that mean pioneer market share is far lower than earlier studies claimed. What does persist is an advantage for early market leaders—firms that enter, on average, roughly thirteen years after the first pioneers and then build durable leadership. The methodological lesson generalizes: source selection must be justified before the sample is drawn, against explicit criteria of competence, objectivity, reliability, and corroboration—while remaining alert that corroboration across sources can itself encode a shared confirmation bias. The study’s own limitations are instructive: it does not model the marketing mix, the customer-oriented definition of a product category is necessarily somewhat arbitrary, and residual survivorship uncertainty remains.


A market pioneer is not the firm that invents a product but the firm that is first to sell it in a category; the empirically durable advantage belongs not to this pioneer but to the early market leader who follows, learns, and invests.



The deeper question is why firms persist in suboptimal entry behavior. One explanation is fixation—an organizational fixation on the micro-hurdles and early breakthroughs that produced initial success, hardening into entrenchment, a myopic perfection of the original formula, and the bureaucratic baggage of routines that crowd out vision. A second is the simple high base-rate failure of new ideas. A third is a trend-projection or hot-hand bias that extrapolates early momentum. None of these is the single truth; the reviewer’s discipline is to demand, of any proposed explanation for an entry outcome, an argument for why it is better than the alternatives.



54.1.2 Entry Mode, Timing, and Country Context

When entry is into a foreign market, the firm’s decisions decompose into firm-level choices, country-level conditions, and the match between home and host. J. Johnson and Tellis (2008) study entry into China and India and report a set of findings that resist easy intuition: smaller firms succeed more often than larger ones, more open markets yield lower success rates, and success is greater for firms that enter earlier, exert greater control over their entry mode, and resemble the host country. India emerges as the tougher market.

The framework organizes the drivers along three axes. Firm differentiation turns first on entry mode—export, licensing and franchising, alliance, joint venture, wholly owned subsidiary—an ordering of increasing control over marketing resources on which two theories make opposite predictions. The resource-based view holds that greater control raises success by limiting resource leakage and securing complementary assets; transaction-cost reasoning holds that greater control raises the investment required to break even, and so depresses success. Entry timing trades the early entrant’s ability to lock up distribution, suppliers, standards, consumer preferences, and government incentives against the late entrant’s lower learning costs and the documented fragility of pioneer advantage (Golder and Tellis 1993). Firm resources, proxied by size, cut both ways: larger firms absorb negative periods and carry more product- and market-specific knowledge, while smaller firms carry less bureaucracy and, with it, greater innovative capacity (R. K. Chandy and Tellis 2000). Country differentiation turns on host-country openness—which raises demand and quality competition but also intensifies foreign rivalry and thins margins—and on country risk, political and financial-economic, which depresses success. Host–home location turns on cultural distance (closer is better) and economic distance (closer is better, through transferable market knowledge and infrastructural compatibility).

The measurement design illustrates how a small-sample (192 Chinese and 64 Indian entries) historical analysis can still be disciplined. Entry mode is scaled on a six-point instrument following E. Anderson and Gatignon (1986); firm size is year-end sales from Compustat and Mergent; economic distance follows D. Mitra and Golder (2002); cultural distance follows Kogut and Singh (1988)’s operationalization of Hofstede; openness is foreign direct investment over host GDP; and country risk follows the International Country Risk Guide (Erb, Harvey, and Viskanta 1996). Table 54.1 records the design. The same admissibility criteria as 8—competence, neutrality, reliability, corroboration, with the addition of contemporaneity—govern which sources enter the analysis.




Table 54.1: Variable operationalization in the China–India entry study of J. Johnson and Tellis (2008).










	Variable
	Measure
	Source





	Success
	Degree-of-success numerical rating
	Historical analysis (LexisNexis, ABI/INFORM)



	Entry mode
	Six-point control scale (E. Anderson and Gatignon 1986)
	Archival



	Entry timing
	Liberalization baseline (China 1978, India 1991)
	Archival



	Firm size
	Year-end sales of the focal firm
	Compustat, Mergent Online



	Economic distance
	Index following (D. Mitra and Golder 2002)
	IFS Yearbook



	Cultural distance
	Hofstede-based index following (Kogut and Singh 1988)
	Hofstede



	Openness
	Foreign direct investment / host GDP
	IMF



	Country risk
	International Country Risk Guide (Erb, Harvey, and Viskanta 1996)
	ICRG












54.1.3 Entry by Substitution: The Sharing Economy

Entry need not be a firm choosing a market; it can be an entire substitute business model entering an incumbent’s market. Zervas, Proserpio, and Byers (2017) study the entry of Airbnb against the Texas hotel industry and exploit a difference-in-differences identification strategy: the staggered, geographically uneven growth of Airbnb supply provides treatment variation against which hotel outcomes can be compared. Linking Airbnb’s review history (a proxy for realized stays) to monthly tax records for some 300 Texas hotels, they estimate that a 10% increase in Airbnb’s market share lowers hotel room revenue by roughly 0.39%, with the incidence concentrated among lower-priced hotels that do not cater to business travelers. The mechanism is not a collapse in occupancy but less aggressive room pricing: incumbents respond to the substitute by competing on price, and the revenue effect operates through that margin. The study cleanly separates a cumulative measure of impact from an instantaneous one, a distinction that recurs whenever a continuously growing treatment meets a punctuated-event mindset.




54.2 Product Adoption and Diffusion

Every new product, idea, technology, or brand either diffuses through a population or fails. The shape of that diffusion—and the social and economic processes generating it—is studied across demography, archaeology, geography, epidemiology, sociology, linguistics, physics, and cosmology; Bass (1969) brought it into marketing. Diffusion can be analyzed at the level of a product class, category, technology, or brand, and the classic models can be read as negative-exponential, Bass, functional-data-analysis, or network formulations. We build the theory from the Bass model outward, because nearly every later model is a generalization of it.


54.2.1 Definitions and the Diffusion Curve

A new product is not the same as an innovation, and “diffusion” itself carries two definitions. In economics it is “the spread of an innovation across social groups over time,” a phenomenon distinct from its drivers; in marketing it is “the communication of an innovation through the population,” collapsing phenomenon and driver. Chandrasekaran and Tellis (2007), whose comprehensive review anchors this section, adopt the economic reading: the spread is the object, communication is one candidate mechanism among several. Table 54.2 records the contrast.




Table 54.2: Two definitions of diffusion (Chandrasekaran and Tellis 2007).










	
	In economics
	In marketing





	Diffusion
	Spread of an innovation across social groups over time
	Communication of an innovation through the population



	Implication
	Phenomenon ≠\neq driver
	Phenomenon == driver










A product’s life cycle passes through identifiable stages: commercialization (first sale), introduction (the interval between commercialization and takeoff), takeoff (a dramatic and sustained sales increase), growth (takeoff to slowdown), slowdown (the onset of declining growth), and maturity (slowdown to decline). The empirical regularity that organizes the field is that cumulative sales over time trace an S-shaped curve. Figure 54.1 sketches this stage structure.







[image: ]






Figure 54.1: Stages of the product life cycle along the cumulative-adoption curve. Takeoff and slowdown are the turning points managers most want to predict.








The review distills a set of generalizations about the Bass parameters that every applied modeler should carry. The coefficient of innovation or external influence, pp, has a mean between roughly 0.0007 and 0.03 (about 0.001 in developed and 0.0003 in developing countries). The coefficient of imitation or internal influence, qq, runs between about 0.38 and 0.53, is larger for industrial and medical innovations than for consumer durables, and is somewhat higher in developing than developed markets. Market potential, mm, is larger in developed than developing countries. These come with cautions: time to peak sales averages about sixteen years in developed and nineteen in developing markets, and—critically for estimation—static models such as the basic Bass model bias market potential and the innovation coefficient downward and the imitation coefficient upward. The drivers of diffusion span word of mouth, communication, macroeconomic conditions, marketing-mix variables (price, consumer heterogeneity, consumer learning), purchasing-power-adjusted per-capita income, and international trade. The turning points have their own regularities: takeoff occurs six to ten years after introduction and is driven by price decreases; slowdown brings a 15–32% sales decline driven by further price decline, market penetration, wealth, and information cascades (a fast takeoff portends a fast decline). Across stages, durations are themselves patterned—introduction six to ten years, growth eight to ten, early maturity about five—with time-saving products enjoying longer growth than non-time-saving ones and leisure-enhancing products shorter growth than the rest; introduction and early maturity have compressed over historical time while growth has not. Stage-by-stage growth rates trace the curve’s shape: roughly 31% in introduction, 428% at takeoff, 45% in growth, −15%-15\% at slowdown, −25%-25\% in early maturity, and 3.7% in late maturity.



54.2.2 The Bass Model

The intuition of Bass (1969) is that the timing of a consumer’s first purchase is correlated with the number of people who have already bought. The population splits into innovators, who adopt independently of others, and imitators (early adopters, the early and late majority), whose probability of adopting rises with the cumulative number of prior adopters; laggards bring up the rear. The model is built for a new class of infrequently purchased products—not new brands or new models of an existing product—and its foundational assumption is that the hazard of a first purchase is a linear function of cumulative adoption.

Formally, let F(t)F(t) be the cumulative fraction of the ultimate market that has adopted by time tt, f(t)=F′(t)f(t) = F'(t) the adoption density, Y(t)=mF(t)Y(t) = m F(t) the cumulative number of adopters, and mm the market potential (the number of initial purchases before any replacement). The conditional probability of adopting at tt given no prior adoption—the hazard rate—is assumed linear in cumulative adoption, P(t)=f(t)1−F(t)=p+qmY(t),(54.1)
P(t) = \frac{f(t)}{1 - F(t)} = p + \frac{q}{m}\, Y(t),
 \qquad(54.1) where pp is the probability of an initial purchase at t=0t=0 (the innovation coefficient) and qmY(t)\tfrac{q}{m} Y(t) is the adoption pressure that prior adopters exert on imitators. Multiplying through, the adoption density is f(t)=(p+qF(t))[1−F(t)],(54.2)
f(t) = \big(p + q\,F(t)\big)\big[1 - F(t)\big],
 \qquad(54.2) and the instantaneous number of adoptions is the quadratic S(t)=mf(t)=pm+(q−p)Y(t)−qmY2(t).(54.3)
S(t) = m f(t) = pm + (q - p)\,Y(t) - \frac{q}{m}\,Y^2(t).
 \qquad(54.3) The quadratic in Y(t)Y(t) is the engine of the S-shape: adoptions accelerate while the imitation term dominates and decelerate as the remaining market shrinks. Solving the separable differential equation dt=dFp+(q−p)F−qF2(54.4)
dt = \frac{dF}{\,p + (q - p)F - q F^2\,}
 \qquad(54.4) with F(0)=0F(0)=0 yields the closed-form cumulative curve F(t)=1−e−(p+q)t1+(q/p)e−(p+q)t,(54.5)
F(t) = \frac{1 - e^{-(p+q)t}}{\,1 + (q/p)\,e^{-(p+q)t}\,},
 \qquad(54.5) so that Y(t)=mF(t)Y(t) = m F(t). The discrete-time estimating equation regresses current sales on lagged cumulative sales and its square, St=a+bYt−1+cYt−12,t=2,3,…,(54.6)
S_t = a + b\,Y_{t-1} + c\,Y_{t-1}^2, \qquad t = 2, 3, \dots,
 \qquad(54.6) where the structural parameters are recovered from the reduced-form coefficients via a=pma = pm, b=q−pb = q - p, c=−q/mc = -q/m, and inverting, p=am,q=−cm,m=−b±b2−4ac2c.(54.7)
p = \frac{a}{m}, \qquad q = -cm, \qquad m = \frac{-b \pm \sqrt{b^2 - 4ac}}{2c}.
 \qquad(54.7)

The model’s strengths are its tight fit to the S-curve, courtesy of the quadratic term; its interpretable parameters (pp as the spontaneous, externally driven rate of adoption, qq as the contagion from prior adopters); and its clean managerial outputs. The timing and magnitude of peak sales follow in closed form, t*=1p+qlnqp,S(t)*=m(p+q)24q.(54.8)
t^{*} = \frac{1}{p+q}\,\ln\!\frac{q}{p}, \qquad
S(t)^{*} = m\,\frac{(p+q)^2}{4q}.
 \qquad(54.8) The model also nests its predecessors: with p=0p=0 it reduces to a logistic curve driven purely by imitation, and with q=0q=0 to a negative-exponential curve driven purely by innovation.

The limitations are equally important and largely structural. The model requires, for stable estimates, the very events one most wants to forecast—takeoff and slowdown—so that estimates remain unstable until the curve’s turning points are observed and shift as each new observation arrives. It does not directly admit marketing-mix variables; price and promotion enter only indirectly through mm and pp. It treats the product definition as static, allowing no growth or change in the product itself. And the ordinary-least-squares implementation of Equation 54.6 carries three pathologies: severe multicollinearity between Yt−1Y_{t-1} and Yt−12Y_{t-1}^2 that destabilizes the estimates, the absence of valid standard errors for the structural pp, qq, mm, and a time-interval bias from fitting a continuous model to discrete data. Defining the series is itself fraught: theory wants first adoptions as StS_t, but data typically commingle first purchases and repurchases; sales should begin at commercialization, but reporting usually starts only once a product already sells well; and there is no principled stopping rule.








Identification failures in the Bass model




The Bass model’s parameters are not well identified before the diffusion curve has revealed both turning points. Pre-peak data are consistent with many (p,q,m)(p, q, m) triples that trade off market potential against imitation speed, which is why estimates swing wildly as data accrue. The OLS estimating equation compounds this: Yt−1Y_{t-1} and Yt−12Y_{t-1}^2 are nearly collinear over the early sample, inflating the variance of bb and cc and propagating—through Equation 54.7—into unstable, and sometimes economically absurd (negative mm), structural estimates. Forecasting from a pre-takeoff Bass fit is therefore an exercise to be undertaken with explicit acknowledgment of this fragility.









54.2.3 Generalizing the Bass Model

The basic model’s limitations have generated a large family of extensions, each relaxing one assumption while retaining the contagion core.

Incorporating the marketing mix. Price acts on both market potential mm and the adoption hazard P(t)P(t), with heterogeneous effects across products; advertising and distribution enter analogously, the latter through a two-stage process in which the number of adopting retailers sets the potential mm facing consumers. The Generalized Bass Model of Bass, Krishnan, and Jain (1994) multiplies the hazard by a current-marketing- effort term, f(t)1−F(t)=(p+qF(t))x(t),(54.9)
\frac{f(t)}{1 - F(t)} = \big(p + q F(t)\big)\,x(t),
 \qquad(54.9) with x(t)=1+β1ΔP(t)P(t−1)+β2ΔA(t)A(t−1),(54.10)
x(t) = 1 + \beta_1 \frac{\Delta P(t)}{P(t-1)} + \beta_2 \frac{\Delta A(t)}{A(t-1)},
 \qquad(54.10) where ΔP(t)\Delta P(t) and ΔA(t)\Delta A(t) are the period-over-period changes in price and advertising. When price and advertising are constant, x(t)=1x(t) = 1 and the model collapses to the basic Bass model—an attractive nesting—though the specification stops at two instruments rather than the full mix or the macro variables (income, for instance) that also move adoption.

Incorporating supply restrictions. When supply is constrained, an intermediate stage of waiting applicants sits between potential and realized adopters. Writing A(t)A(t) for waiting applicants and N(t)N(t) for adopters, the system is dA(t)dt=[p+q1mA(t)+q2mN(t)][m−A(t)−N(t)]−c(t)A(t),(54.11)
\frac{dA(t)}{dt} = \Big[p + \frac{q_1}{m} A(t) + \frac{q_2}{m} N(t)\Big]\big[m - A(t) - N(t)\big] - c(t) A(t),
 \qquad(54.11) dN(t)dt=c(t)A(t),(54.12)
\frac{dN(t)}{dt} = c(t) A(t),
 \qquad(54.12) where c(t)c(t) is the supply coefficient governing the conversion of applicants into adopters, so that the second equation isolates the impact of supply restriction on the adoption rate. The growth of new applicants is the sum, dZ(t)dt=dA(t)dt+dN(t)dt=(p+q1mA(t)+q2mN(t))(m−A(t)−N(t)).(54.13)
\frac{dZ(t)}{dt} = \frac{dA(t)}{dt} + \frac{dN(t)}{dt}
= \Big(p + \frac{q_1}{m}A(t) + \frac{q_2}{m}N(t)\Big)\big(m - A(t) - N(t)\big).
 \qquad(54.13) Allowing waiting applicants to abandon their adoption decision after some delay is the extension of Ho, Savin, and Terwiesch (2002).

Incorporating competition. Modeling diffusion at the brand rather than the category level admits that brands diffuse at different rates and interact. A new brand may expand the category’s total potential mm—through added promotion and variety—or compete within the existing potential, interfering with rivals’ diffusion; the outcome depends on order of entry and competitive intensity. The brand-level perspective is taken up in the supply-side modeling tradition (Dekimpe, Parker, and Sarvary 2000; Bulte and Lilien 2001; Bart J. Bronnenberg and Mela 2004). Complementary effects arise where indirect network externalities link categories, producing asymmetric co-diffusion.

Incorporating technological generations. For successive generations of the same product, substitution links the curves. With r2r_2 the introduction time of the next generation, S1(t)=m1F1(t)−m1F1(t)F2(t−r2),(54.14)
S_1(t) = m_1 F_1(t) - m_1 F_1(t) F_2(t - r_2),
 \qquad(54.14) S2(t)=F2(t−r2)[m2+F1(t)m1],(54.15)
S_2(t) = F_2(t - r_2)\big[m_2 + F_1(t) m_1\big],
 \qquad(54.15) where Si(t)S_i(t), Fi(t)F_i(t), and mim_i are generation-ii sales, adoption fraction, and potential. Leapfrogging—skipping a generation to buy the next—is admitted by Mahajan and Muller (1996).

Time-varying parameters. Market potential can be modeled as a function of time-varying exogenous and endogenous variables (Mahajan and Peterson 1978), and the imitation coefficient can itself vary over time (Easingwood, Mahajan, and Muller 1983). The nonuniform-influence form generalizes the hazard, dF(t)dt=[p+qF(t)δ][1−F(t)],(54.16)
\frac{dF(t)}{dt} = \big[p + q F(t)^{\delta}\big]\big[1 - F(t)\big],
 \qquad(54.16) where δ=1\delta = 1 recovers the Bass model, δ∈(0,1)\delta \in (0,1) encodes a high initial imitation coefficient, and δ>1\delta > 1 encodes delayed influence and hence a lower, later peak. Recency matters too: more recent adopters can exert stronger influence on later ones (P. Sharma and Bhargava 1994).

Replacement and multi-unit purchases. Balasubramanian and Kamakura (1989) fold replacement and penetration growth into a single sales equation, y(t)=[a+bX(t)][αPop(t)Pβ(t)−X(t)]+r(t)+e(t),(54.17)
y(t) = \big[a + b X(t)\big]\big[\alpha\,\text{Pop}(t)\,P^{\beta}(t) - X(t)\big] + r(t) + e(t),
 \qquad(54.17) where X(t)X(t) is units in use at the start of year tt (dead units already replaced), r(t)r(t) the units needing replacement, P(t)P(t) a price index, α\alpha the ultimate penetration at base price, β\beta the price-change effect on ultimate penetration, and aa, bb the innovation and imitation coefficients. Steffens (2003) models multiple-unit purchases by a single household, while trial-repeat structure and cross-country variation furnish further extensions.

A sober evaluation is warranted: every one of these extensions still rests on a single driving mechanism—the dispersion of knowledge through word of mouth.



54.2.4 Estimation and Alternative Diffusion Models

The OLS estimator of Equation 54.6 is a starting point, not a destination. Maximum likelihood avoids time-interval bias but underestimates standard errors (Schmittlein and Mahajan 1982). Nonlinear least squares (V. Srinivasan and Mason 1986) yields flexible, time-interval-bias-free estimates with valid standard errors but is data-hungry. Hierarchical Bayesian methods enable parameter updating and borrow strength across products, provided the troublesome notion of “similar” products is operationalized—as Bayus (1993) does with an explicit segmentation scheme. Adaptive stochastic techniques let parameters drift over time, as in the augmented Kalman filter of J. Xie et al. (1997), and genetic algorithms can locate global optima and reduce bias.

Alternative models challenge the contagion premise itself. On the side of alternative drivers, Golder and Tellis (1998) model affordability with a Cobb–Douglas sales function, S=Pβ1⋅Iβ2⋅CSβ3⋅MPβ4⋅eε,(54.18)
S = P^{\beta_1} \cdot I^{\beta_2} \cdot CS^{\beta_3} \cdot MP^{\beta_4} \cdot e^{\varepsilon},
 \qquad(54.18) where sales are a product of price PP, income II, consumer sentiment CSCS, and market presence MPMP; Horsky (1990) combines price, income, and word of mouth in a single growth model. A large literature models heterogeneity in aggregate diffusion (J. H. Roberts and Urban 1988; Oren and Schwartz 1988; Chatterjee and Eliashberg 1990; Bemmaor 1984; Song and Chintagunta 2003; Sinha and Chandrashekaran 1992; Karshenas and Stoneman 1993), and a strategy literature models the supply side—entry, marketing mix, and location (Dekimpe, Parker, and Sarvary 2000; Bulte and Lilien 2001; Bart J. Bronnenberg and Mela 2004). On the side of alternative phenomena, spatial diffusion distinguishes contagious, expansion, hierarchical, and relocation processes (Mahajan and Peterson 1979; Redmond 2003; Garber et al. 2004), and entertainment products typically follow exponential decay rather than S-shaped growth (Eliashberg and Sawhney 1994; Eliashberg et al. 2000; Elberse and Eliashberg 2003; Moe and Fader 2002; J. Lee, Boatwright, and Kamakura 2003).

The turning points have their own modeling traditions, developed further in Section 54.3. Takeoff, “the point of transition from the introduction stage to the growth stage” (Golder and Tellis 1997), has been operationalized as a threshold relative to category peers (Golder and Tellis 1997), as the first turning point of a fitted logistic curve, as the largest three-year sales increase, as an annual-percentage-change criterion (Agarwal and Bayus 2002), as a threshold adapted for international markets (Stremersch and Tellis 2004), and as a 10–20% penetration rule of thumb (Garber et al. 2004). Its drivers include price declines (Golder and Tellis 1997), firm entry that improves quality and infrastructure (Agarwal and Bayus 2002), and venturesome national culture (Gerard J. Tellis, Stremersch, and Yin 2003), and it is modeled with proportional (Golder and Tellis 1997) or log-logistic (Gerard J. Tellis, Stremersch, and Yin 2003) hazards—so far only on successful innovations. Slowdown, the transition from growth to maturity (Golder and Tellis 1997), is operationalized as the first of two consecutive post-takeoff years of below-peak sales (Golder and Tellis 2004) and explained by a dual-market split between early adopters and the early majority (Goldenberg, Libai, and Muller 2001), by negative informational cascades, and by affordability (Golder and Tellis 2004), using cellular-automata (Goldenberg, Libai, and Muller 2001) and hazard (Golder and Tellis 2004) models.



54.2.5 Functional and Long-Tail Diffusion

A productive modern move treats the entire penetration curve, not its parameters, as the unit of analysis. Sood, James, and Tellis (2009) apply functional data analysis: yearly cumulative penetration for each category becomes a function, smoothed from discrete observations with splines (and, where data are sparse, with other smoothness-inducing devices that allow two or three time points to suffice). Functional principal components, functional regression, and functional cluster analysis then exploit the curve’s shape and borrow information across products and countries. The augmented functional regression integrates information across categories and so outperforms parametric extrapolation models, with product-specific effects more predictive of penetration than country-specific ones; the framework forecasts the years to takeoff and the timing and level of peak marginal penetration. The pedagogical virtue of the paper—telling a story from a simple model to progressively richer ones to justify each improvement—is itself worth emulating; its limits are the absence of formal hypotheses and its use of only same-category curves to predict a new product.

Appel, Libai, and Muller (2019) overturn the universality of the S-curve in long-tail digital markets. Studying SourceForge open-source software (excluding inactive projects and those with fewer than 200 downloads, in a market with a Gini coefficient of 0.96), they find that only the most popular products trace the familiar S-shape; lower-popularity products follow an exponential-like decline from launch (a “slide”) or a combination of slide and bell (“S&B”). The prior literature’s pro-innovation bias—the correlation between success and the importance assigned to a new product in development research—had concealed these patterns. The proposed inception model adds a heightened, time-decaying external influence, p(t)=peδt,(54.19)
p(t) = p\,e^{\delta t},
 \qquad(54.19) capturing influences not mediated by prior adopters—marketing mix, social-media posts, recommendations, expert opinion, influencers—that are strong early and decay. Methodologically, the analysis scales each pattern to (0,1)(0,1) by dividing by total downloads, smooths with a Hodrick–Prescott filter, and classifies shapes with a peaks-and-troughs algorithm; the same patterns recur in smartphone-app downloads. The key relationship is that higher popularity is associated with a lower share of adoptions due to the inception effect, so that inception is typically necessary but not sufficient for popularity. The analogy to movies (exponential blockbuster decline) and to supermarkets (heavy investment, little social influence) fails because the product types and the popularity–shape mapping differ.



54.2.6 Marketing and Adoption Timing

When the outcome of interest is when an individual adopts rather than how a market diffuses, the natural object is the time to adoption. Prins and Verhoef (2007) study the effects of direct and mass marketing on the adoption timing of a new e-service among existing customers, using 25 months of data on roughly 6,000 customers of a Dutch telecom operator. Adoption timing is “the time between the introduction and the adoption of the new service” (Steenkamp and Gielens 2003), and switchers to a competitor’s service are treated as non-adopters—valid given the focus on the focal firm’s new service among existing customers. The findings are that advertising (including competitors’) shortens time to adoption and that mass marketing has a greater effect on loyal customers than direct marketing does. The design relies on a result of Donkers, Franses, and Verhoef (2003): absent stratification on the independent variables, oversampling rare events does not bias parameter estimates or standard errors in binary-choice models—a useful licence for studying infrequent adoption.



54.2.7 Adjacent Discussions

Two further studies sit naturally beside the diffusion literature. Gerard J. Tellis et al. (2020) find, in a large analysis of video advertising, that emotion outperforms information and that surprise and humor are effective yet underused, while explicit branding tends to hurt even as it is heavily deployed—with the caveat that the very rarity of these emotional tactics may be the source of their effectiveness, so that universal adoption could erode it. Chandrasekaran, Tellis, and James (2020) extend generational diffusion to the problem of disruptive technological change; we treat that model in detail in Section 54.3.5 because its central construct is cannibalization.




54.3 Takeoff and Disruption

We study takeoff in part because new products tend to either take off or die—we rarely observe protracted flat sales—so the managerial decision reduces to a bet on whether takeoff will occur. Modeling the hazard of takeoff (the conditional probability of taking off given survival to date) is therefore the natural framing, and the hazard function typically peaks several years after introduction, so credible inference requires waiting at least that long.


54.3.1 Disruptive Technologies

The disruption thesis holds that incumbents fail by staying too close to their current customers while neglecting future ones. For each industry, a performance trajectory tracks how a technology improves relative to what the market demands. A sustaining technology maintains the established rate of improvement on the dimensions incumbents already serve; a disruptive technology underperforms on those dimensions initially but overshoots a different, initially marginal segment and eventually invades the mainstream. The prescriptive response is a sequence of diagnostic questions—Is the technology disruptive or sustaining? What is its strategic significance? Where is its initial market?—and an organizational answer: house the disruptive technology in a separate unit insulated from the incumbent’s current-customer pressures.



54.3.2 Predicting Takeoff with Hazard Models

Golder and Tellis (1997) make the prediction of takeoff operational. The key insight is a threshold: if base sales are small, a large percentage increase is needed to take off, whereas if base sales are large, a small percentage increase suffices, so the takeoff threshold is itself a function of base sales. Takeoff is then “the first year in which an individual category’s growth rate relative to base sales crosses this threshold”—equivalently, “the point of transition from the introductory stage to the growth stage of the product life cycle.” Operationally, the threshold is a plot of the percentage sales increase relative to base sales that demarcates takeoff. With price, year of introduction, market penetration, and product-specific and economic controls as covariates, the analysis finds that price at takeoff is below price at introduction, that average time to takeoff is about six years, that penetration at takeoff is about 1.7%, and that products tend to take off around the salient price points of $1{,}000, $500, and $100.

The estimator is Cox’s proportional-hazards model, hi(t)=h(t;zit)=h0(t)exp(zit⊤𝛃),(54.20)
h_i(t) = h(t; z_{it}) = h_0(t)\,\exp\!\big(z_{it}^{\top}\boldsymbol{\beta}\big),
 \qquad(54.20) where h0(t)h_0(t) is an unspecified baseline hazard, zitz_{it} are the (possibly time-varying) covariates, and 𝛃\boldsymbol{\beta} is estimated by partial likelihood, leaving h0(t)h_0(t) unparameterized. Two modeling choices deserve scrutiny: 𝛃\boldsymbol{\beta} is constrained equal across all categories, and unobserved heterogeneity (a frailty term) is excluded on the grounds that each takeoff event is unique and non-repeated—defensible for non-repeated events but a constraint to flag. The samples comprise eleven classic consumer durables, ten recently introduced durables, and ten categories evaluated during review; performance is assessed by a U2U^2 reduction-in-uncertainty measure and by forecasts made at introduction and one year ahead.








The proportional-hazards assumption and what breaks it




Equation 54.20 imposes that covariates scale the baseline hazard multiplicatively and proportionally over time: the hazard ratio between two products with covariate vectors zz and z′z' is exp((z−z′)⊤𝛃)\exp\!\big((z - z')^{\top}\boldsymbol{\beta}\big), constant in tt. If a covariate’s effect grows or fades over the product life cycle—plausible for price as a category matures—the proportionality assumption fails and 𝛃̂\hat{\boldsymbol{\beta}} is biased. Remedies include time-varying coefficients, stratified baselines, or the parametric (log-logistic) hazards used for international takeoff in Gerard J. Tellis, Stremersch, and Yin (2003). Pooling 𝛃\boldsymbol{\beta} across heterogeneous categories, as in Golder and Tellis (1997), trades efficiency for a homogeneity assumption that should be tested rather than assumed.









54.3.3 The Incumbent’s Curse

Why do incumbents so often miss radical innovations? A radical product innovation is “a new product that incorporates a substantially different core technology and provides substantially higher customer benefits relative to previous products in the industry” (R. K. Chandy and Tellis 1998). R. K. Chandy and Tellis (2000) identify several reasons incumbents resist them. Perceived incentives run through prospect theory: incumbents stand to lose from cannibalizing their position while entrants stand to gain, so the two evaluate the same gamble differently. An organizational filter channels resources toward proven, revenue-generating tasks, and organizational routines make repetitive tasks efficient at the cost of flexibility. Incumbents do hold offsetting opportunities—market capabilities such as customer knowledge, an established franchise, and market power—and, when large, financial and technical capabilities. Because size and incumbency are positively correlated, the (bureaucratic) inertia theory predicts that radical ideas struggle to pass through a large firm’s filtering and screening, absent incentives to push them; yet large firms also command the resources to commercialize radical innovation.

The empirical record overturns the simple inertia story. Using a four-year historical analysis (one author and nine assistants) of consumer durables and office products with high unit sales, with radical innovations identified by significance within each category and rated for radicalness by three experts, R. K. Chandy and Tellis (2000) find data for 64 of 93 innovations. The categorical patterns show that large firms are more likely to be incumbents, that small firms were the more radical innovators before World War II while large firms have become the more radical innovators recently, and that U.S. innovators have historically come from non-incumbents and smaller firms but recently from large firms. The multivariate analysis confirms a reversal: historically larger organizations introduced fewer radical innovations, but in recent years the tendency is the opposite, and recent U.S. firms have produced more radical innovations than non-U.S. firms—differences the authors attribute to institutions and culture. Further analysis on the relevant population shows that, relative to their share of all firms, large firms account for a disproportionately high share of radical innovations, and that although incumbents are far outnumbered by non-incumbents in any product class, incumbents still account for about half of radical innovations—raising the question of whether incumbents can also be early entrants.



54.3.4 International and Global Takeoff

Takeoff is not culturally invariant. Gerard J. Tellis, Stremersch, and Yin (2003) study 137 products across 10 categories in 16 countries with a parametric hazard model and find that European takeoff (about six years after introduction) differs from the U.S. pattern, that time-to-takeoff varies by country and category, and that—perhaps surprisingly—there is little evidence that culture and economic factors explain inter-country differences in time-to-takeoff, though countries lower in uncertainty avoidance and higher in education adopt faster. The practical recommendation is a waterfall (sequential) rather than sprinkler strategy for international rollout. Chandrasekaran and Tellis (2008), studying 16 products in 31 countries with a parametric hazard model, report that the developed–developing economic distinction, product type (work versus fun), cultural clusters, and calendar time all affect takeoff time—and that takeoff times have shortened over historical time. The contrast with Gerard J. Tellis, Stremersch, and Yin (2003) on the role of economic factors is a live tension in the literature. Sood and Tellis (2011) develop methods to predict takeoff, and M. Zhang and Luo (2016) study restaurant survival using Yelp data—a hazard-modeling application to firm-level survival rather than category takeoff.

These takeoff studies sit within a broader stocktaking of innovation research. Hauser, Tellis, and Griffin (2006) organize the field into five streams: consumer response to innovation, organizations and innovation, market entry strategies, prescriptive techniques for product-development processes, and defense against market entry.



54.3.5 Cannibalization and Survival Under Disruption

When a successive technology arrives, both incumbents and entrants face a dilemma: the incumbent must decide whether to invest in the new technology, the old, or both, while the entrant must decide whether to target a niche or the mass market. The resolution turns on the relationship between the new and old technologies—a high rate of disengagement (cannibalization) versus a low rate (coexistence). Chandrasekaran, Tellis, and James (2020), whose paper was famously rejected five times before publication, model leapfrogging, cannibalization, and survival during disruptive technological change. Disruption occurs when the incumbent focuses on the old technology to the exclusion of the new; cannibalization is the extent to which the successive technology eats into the real or potential sales (or penetration) of the old technology through substitution, captured by a rate of disengagement F12F_{12} that admits partial substitution. The adopters of a successive technology partition into leapfroggers (who adopt the new but would never have adopted the old), switchers (who adopted the old and switch once the new arrives), opportunists (who waited for the old but end up with the new), and dual users (who use both).

Building on J. A. Norton and Bass (1987), the penetration of the two technologies is S1(t)=m1F1(t)(1−F12(t−τ2+1)),(54.21)
S_1(t) = m_1 F_1(t)\big(1 - F_{12}(t - \tau_2 + 1)\big),
 \qquad(54.21) S2(t)=F2(t−τ2+1)(m2+m1F1(t)),(54.22)
S_2(t) = F_2(t - \tau_2 + 1)\big(m_2 + m_1 F_1(t)\big),
 \qquad(54.22) where Si(t)S_i(t) is the penetration of technology ii in period tt, m1m_1 is the long-run potential of technology 1, m1+m2m_1 + m_2 the long-run potential of technology 2, and τ2\tau_2 the introduction time of technology 2. Each fraction takes the Bass form, Fg(t)=pg(1−e−(pg+qg)t)pg+qge−(pg+qg)t,g∈{1,2},(54.23)
F_g(t) = \frac{p_g\big(1 - e^{-(p_g + q_g)t}\big)}{p_g + q_g\,e^{-(p_g + q_g)t}}, \qquad g \in \{1, 2\},
 \qquad(54.23) with technology-specific innovation and imitation coefficients pg,qgp_g, q_g and separate disengagement coefficients p12,q12p_{12}, q_{12} governing the rate F12F_{12} at which technology-1 customers abandon it for technology 2. The model’s contributions are to distinguish the adoption rate of technology 2 from the disengagement rate of technology 1 (F2≠F12F_2 \neq F_{12}), to allow pp and qq to vary across technologies, and to give F12F_{12} the same functional form as F1F_1 and F2F_2—a choice that fits the data, reduces to prior models, and applies to both generational and technological diffusion.

Estimation is by nonlinear least squares, minimizing the joint residual sum of squares across both technologies, ∑i=1n(si1−m1F1(ti)(1−F12(ti−τ2+1)))2+∑i=1n(si2−F2(ti−τ2+1)(m2+m1F1(ti)))2.(54.24)
\sum_{i=1}^{n}\Big(s_{i1} - m_1 F_1(t_i)\big(1 - F_{12}(t_i - \tau_2 + 1)\big)\Big)^2
+ \sum_{i=1}^{n}\Big(s_{i2} - F_2(t_i - \tau_2 + 1)\big(m_2 + m_1 F_1(t_i)\big)\Big)^2.
 \qquad(54.24) The adopter segments decompose the technology-2 sales and the cannibalized technology-1 sales, S2(t)=L2(t)+DU2(t)+SW2(t)+O2(t),(54.25)
S_2(t) = L_2(t) + DU_2(t) + SW_2(t) + O_2(t),
 \qquad(54.25) S1(t)=L1(t)−CAN2(t)=L1(t)−(SW2(t)+O2(t)),(54.26)
S_1(t) = L_1(t) - CAN_2(t) = L_1(t) - \big(SW_2(t) + O_2(t)\big),
 \qquad(54.26) where LL denotes leapfroggers, DUDU dual users, SWSW switchers, OO opportunists, and CANCAN cannibalization. Market growth is the sum of leapfroggers and dual users; cannibalization is the sum of switchers and opportunists. The managerial value is in distinguishing growth that adds to total demand from substitution that merely reallocates it.




54.4 Advertising Response

How consumers respond to advertising is the canonical dynamic-effects problem in marketing. The questions are deceptively simple—does advertising work, and if so when, where, why, and for how long?—and the answers require modeling effects that persist beyond the exposure period. Advertising exposure can produce a short (current) effect, a sleeper effect that emerges with delay, hysteresis (a persistent shift in baseline), a long-run effect, and an instant effect. The empirical challenge is to separate these, which means modeling carryover.


54.4.1 From Static Response to the Koyck Model

The naive model regresses sales on contemporaneous advertising, St=α+βAt+μt,(54.27)
S_t = \alpha + \beta A_t + \mu_t,
 \qquad(54.27) and fails precisely because it ignores carryover. The natural correction is an infinite geometric distributed lag, St=α+βAt+βλAt−1+βλ2At−2+⋯+ϵt,(54.28)
S_t = \alpha + \beta A_t + \beta \lambda A_{t-1} + \beta \lambda^2 A_{t-2} + \cdots + \epsilon_t,
 \qquad(54.28) a moving average with geometrically declining weights that captures carryover exactly, with 0<λ<10 < \lambda < 1 the decay rate. The Koyck transformation (Koyck 1954) makes this estimable: lag Equation 54.28 one period, multiply by λ\lambda, and subtract, λSt−1=αλ+βλAt−1+βλ2At−2+⋯+λϵt−1,St−λSt−1=α(1−λ)+βAt+(ϵt−λϵt−1),St=α(1−λ)+λSt−1+βAt+ut,(54.29)
\begin{aligned}
\lambda S_{t-1} &= \alpha\lambda + \beta\lambda A_{t-1} + \beta\lambda^2 A_{t-2} + \cdots + \lambda\epsilon_{t-1}, \\
S_t - \lambda S_{t-1} &= \alpha(1 - \lambda) + \beta A_t + (\epsilon_t - \lambda\epsilon_{t-1}), \\
S_t &= \alpha(1-\lambda) + \lambda S_{t-1} + \beta A_t + u_t,
\end{aligned}
 \qquad(54.29) collapsing an infinite lag into a one-period autoregression that is easy to estimate. The parameters are interpretable: β\beta is the current effect of advertising, λ\lambda the carryover or decay rate, βλ/(1−λ)\beta\lambda/(1-\lambda) the carryover effect, β/(1−λ)\beta/(1-\lambda) the total effect, and the p%p\% duration interval—the time to accumulate fraction pp of the total effect—is log(1−p)/logλ\log(1-p)/\log\lambda. Adding a lagged advertising term, St=α+λSt−1+βAt+β1At−1+μt,(54.30)
S_t = \alpha + \lambda S_{t-1} + \beta A_t + \beta_1 A_{t-1} + \mu_t,
 \qquad(54.30) separates inertia from advertising carryover, disentangles decay across regressors, and identifies the shape of decay.

Clarke (1976) exposes the model’s central vulnerability, aggregation bias: the larger the data interval, the larger the estimated λ\lambda, the larger the estimated carryover, and the longer the estimated duration of advertising effects. The once-conventional remedy—match the data interval to the interpurchase time—was overturned by Gerard J. Tellis and Franses (2006), who shows the optimal interval is the unit exposure time: the smallest interval within which advertising occurs only once and at the same time each period.



54.4.2 Autoregressive Distributed Lags and Their Limits

Generalizing the Koyck model yields the autoregressive distributed-lag (ADL) model—a precursor to vector autoregression— St=α+λ1St−1+λ2St−2+⋯+β0At+β1At−1+⋯+μt,(54.31)
S_t = \alpha + \lambda_1 S_{t-1} + \lambda_2 S_{t-2} + \cdots + \beta_0 A_t + \beta_1 A_{t-1} + \cdots + \mu_t,
 \qquad(54.31) which accommodates a rich variety of decay shapes: the β\beta coefficients govern the number and position of “bumps” in the response, while the λ\lambda coefficients govern the speed of decay. Its costs are also instructive. Aggregate, population-level data cannot identify exposure, aggregate time cannot identify the treated period, advertising budgets are set on expected sales (reverse causality), and the lagged regressors are multicollinear. These limits motivate the two major advances in advertising-response modeling: moving to disaggregate data—individual household or consumer, by day or hour, moment to moment, and in exposures rather than dollars—and moving to quasi-experiments such as difference-in-differences and synthetic control.



54.4.3 Direct-Response Advertising and Transfer Functions

Gerard J. Tellis, Chandy, and Thaivanich (2000) study television advertising for a service whose response is a referral—“a call by a customer for the firm’s service.” The theory of message repetition posits a current effect on behavior, a carryover effect on behavior, and a non-behavioral effect on attitude and memory; the research questions ask how advertising affects referrals given current brand equity—through placement, creative, time period, and ad age and repetition—and whether its marginal benefit exceeds its marginal cost. The model regresses referrals on their own lags and on lagged advertising, Rt=α+γ1Rt−1+γ2Rt−2+γ3Rt−3+β0At+β1At−1+β2At−2+⋯+ϵt,(54.32)
R_t = \alpha + \gamma_1 R_{t-1} + \gamma_2 R_{t-2} + \gamma_3 R_{t-3} + \beta_0 A_t + \beta_1 A_{t-1} + \beta_2 A_{t-2} + \cdots + \epsilon_t,
 \qquad(54.32) with controls for opening hours and time of day. The lagged dependent variables serve two purposes: algebraically, without them the independent-variable lag would be infinite; intuitively, they separate advertising carryover from inertia.

The estimation is a transfer-function (Box–Jenkins) analysis. Autocorrelation and partial-autocorrelation functions reveal hourly and weekly temporal patterns; the lag structure settles on three lags of the dependent and four of advertising. Writing the model with stationary RtR_t and AtA_t, Rt=α+v(𝐁)At+Nt,(54.33)
R_t = \alpha + v(\mathbf{B}) A_t + N_t,
 \qquad(54.33) where v(𝐁)=Cw(𝐁)𝐁b/δ(𝐁)v(\mathbf{B}) = C\,w(\mathbf{B})\mathbf{B}^{b}/\delta(\mathbf{B}) is the transfer function of advertising on referrals and Nt=[θ(𝐁)/ϕ(𝐁)](1−𝐁)datN_t = [\theta(\mathbf{B})/\phi(\mathbf{B})]
(1-\mathbf{B})^{d} a_t with at∼N(0,σ2)a_t \sim N(0, \sigma^2) models the noise. The total effect of advertising is the sum of advertising coefficients divided by one minus the sum of lagged-referral coefficients, Total Effect=∑l=0nβl1−∑j=1pλj,(54.34)
\text{Total Effect} = \frac{\sum_{l=0}^{n} \beta_l}{1 - \sum_{j=1}^{p} \lambda_j},
 \qquad(54.34) and the partial advertising effect at each lag is the recursion TAt−l=βlAt−l+∑j=0lλjTAt−l+j.(54.35)
TA_{t-l} = \beta_l A_{t-l} + \sum_{j=0}^{l} \lambda_j\,TA_{t-l+j}.
 \qquad(54.35) The results are managerially crisp: advertising effects dissipate after about eight hours, effectiveness varies by station, and creatives differ.



54.4.4 The Optimal Data Interval

Gerard J. Tellis and Franses (2006) is a seminal treatment of a question that lurks beneath every dynamic advertising model: at what temporal granularity should the data be recorded? The counterintuitive answer is that too disaggregate does not cause bias—the optimal interval is the unit exposure time, not the interpurchase time—and that the true parameters depend on the unit exposure time rather than on any assumed advertising process. The result generalizes beyond advertising; the same logic governs the optimal interval for estimating, say, an announcement’s effect on stock performance. Table 54.3 fixes the vocabulary.




Table 54.3: Temporal vocabulary for advertising-response estimation (Gerard J. Tellis and Franses 2006).









	Term
	Definition





	Data interval
	Temporal level of the records



	Interpurchase time
	Smallest calendar time between any two consumer purchases



	Duration interval
	Length of time over which an advertising effect lasts



	Calendar time
	Discrete time period



	Exposure time
	Moment a pulse of advertising first hits a consumer



	p%p\% duration interval
	Time accounting for p%p\% of the advertising effect



	Current effect
	Portion of the total effect occurring in the exposure period



	Duration-interval bias
	Carryover at the true interval minus carryover on aggregate data










The optimal interval balances storage cost against estimator unbiasedness. At the true micro-data interval, the Koyck model is st=μ+βat+βλat−1+βλ2at−2+⋯+ϵt,ϵt∼N(0,σϵ2),(54.36)
s_t = \mu + \beta a_t + \beta\lambda a_{t-1} + \beta\lambda^2 a_{t-2} + \cdots + \epsilon_t, \qquad \epsilon_t \sim N(0, \sigma^2_\epsilon),
 \qquad(54.36) with β\beta the current effect, β/(1−λ)\beta/(1-\lambda) the carryover, and λ\lambda determining the duration interval. Applying the Koyck transformation (multiplying by 1−λL1 - \lambda L for lag operator LL, Lkyt=yt−kL^k y_t = y_{t-k}), st=λst−1+βat+ϵt−λϵt−1.(54.37)
s_t = \lambda s_{t-1} + \beta a_t + \epsilon_t - \lambda \epsilon_{t-1}.
 \qquad(54.37) Aggregating KK consecutive periods sampled at the current period defines ST=(1+L+L2+⋯+LK−1)st,(54.38)
S_T = (1 + L + L^2 + \cdots + L^{K-1}) s_t,
 \qquad(54.38) and analogously ATA_T, ϵT\epsilon_T, and ST−1=(1+L+⋯+LK−1)st−KS_{T-1} = (1 + L + \cdots + L^{K-1}) s_{t-K}. The true aggregate form of the micromodel is ST=λKST−1+βAT+βλ(1+λL+⋯+λK−1LK−1)(1+L+⋯+LK−1)at−1+ϵT−λKϵT−1.(54.39)
\begin{aligned}
S_T = {}& \lambda^{K} S_{T-1} + \beta A_T \\
& + \beta\lambda\,(1 + \lambda L + \cdots + \lambda^{K-1} L^{K-1})(1 + L + \cdots + L^{K-1}) a_{t-1} + \epsilon_T - \lambda^{K} \epsilon_{T-1}.
\end{aligned}
 \qquad(54.39) The bias arises because aggregation loses the cross term, that is, AT−1≠(1+λL+⋯+λK−1LK−1)(1+L+⋯+LK−1)at−1.(54.40)
A_{T-1} \neq (1 + \lambda L + \cdots + \lambda^{K-1} L^{K-1})(1 + L + \cdots + L^{K-1}) a_{t-1}.
 \qquad(54.40) With the optimal interval—one exposure pulse per interval—the carryover effect is recovered as (β1+β2)/(1−λK)(\beta_1 + \beta_2)/(1 - \lambda^{K}), the true duration interval as λ̂KK\sqrt[K]{\hat{\lambda}^{K}}, and the current effect as β\beta; with data more disaggregate than the optimal interval, the formulas adjust to recover the same true effects.



54.4.5 Pulsing and Advertising Avoidance

T. S. Teixeira, Wedel, and Pieters (2010) study how advertising’s temporal pattern within a commercial affects consumers’ tendency to avoid it. Using eye-tracking data on 31 commercials viewed by roughly 2,000 participants, estimated with a probit model via MCMC, they develop a new metric for attention dispersion from gaze data. The optimization problem—minimize avoidance subject to a target level of brand activity—has pulsing as its solution: concentrating brand presence in bursts reduces avoidance relative to a constant presence.



54.4.6 Advertising Elasticity: Meta-Analysis

Synthesizing 56 studies spanning 1960–2008, Sethuraman, Tellis, and Briesch (2011) estimate an average short-term advertising elasticity of about 0.12 and a long-term elasticity of about 0.24, with a documented decline in advertising elasticity over historical time. Elasticity is higher for durable than nondurable goods, in the early than the mature life-cycle stage, with yearly than quarterly data, and when advertising is measured in gross rating points rather than monetary terms. These benchmarks discipline any single study’s estimate.



54.4.7 Television, Online Behavior, and Quasi-Experiments

The disaggregate-data and quasi-experimental advances are vividly illustrated by studies linking television advertising to online behavior. Liaukonyte, Teixeira, and Wilbur (2015) merge $3.4 billion of advertising spending by 20 brands with second-by-second traffic and transaction data for 1,224 commercials, using human coders for impression merging. Their difference-in-differences design compares two-minute pre/post windows—close to a regression-discontinuity logic—and finds that action-focused content raises direct website traffic and sales conditional on a visit; information- and emotion-focused content reduces traffic but raises purchases, with a positive net sales effect for most brands; and imagery-focused content decreases direct traffic. The behavioral model is sequential: after the ad, the consumer first decides whether to visit the website, then whether to buy. The data combine comScore Media Metrix online traffic (direct traffic, search-engine referrals, transaction counts) with Kantar Media ad data. The identification argument against endogeneity is that brands cannot control the exact second their ad airs—it is placed within a 15-minute window while the design examines a 4-minute window—and for the two-hour analysis a difference-in-differences design uses the largest non-advertising brand within each category as a control.

Tirunillai and Tellis (2017) examine television advertising’s effect on online chatter using synthetic control. The raw metrics come from reviews (Amazon, Epinions, CNET, Twitter, YouTube, Facebook—volume, valence, and entropy-based polarity) and from blogs (via Spinn3r—volume, the in-degree of the brand website, the in-degree of blog posts, and the volume of blogs gaining or losing rank). A dynamic factor model extracts latent dimensions, Yt=𝛏ft+ϵt,ft=𝚿ft−1+ηt,(54.41)
Y_t = \boldsymbol{\xi} f_t + \epsilon_t, \qquad f_t = \boldsymbol{\Psi} f_{t-1} + \eta_t,
 \qquad(54.41) where YtY_t is the raw vector of review and blog measures, ftf_t the latent factors, 𝛏\boldsymbol{\xi} the loadings, ϵt\epsilon_t idiosyncratic error, and ηt\eta_t white noise with 𝔼[ϵtη′t−k]=0\mathbb{E}[\epsilon_t \eta'_{t-k}] = 0. The factors resolve into content-based dimensions—popularity (loading on review and blog volume) and negativity (loading on valence and polarity)—and information-spread dimensions— visibility (blog volume and brand-website in-degree) and virality (blogs gaining rank and blog in-degree). Television advertising causally produces a short positive effect on chatter, larger on information spread than on content, and reduces negativity in the short run—working by stimulating conversation, triggering brand recall, framing the interpretation of experience favorably, and lending credibility that refutes negatives. The empirical setting is a “Let’s Do Amazing” campaign with a 70-day pre-window and 20-day post-window (the asymmetric window is not strongly justified), the synthetic brand is constructed to net out within-industry spillover (which the authors argue is absent), YouTube viewership is controlled with Visible Measures and TV viewership with Nielsen and other ratings, and a vector-autoregression complements the synthetic-control design to examine short- and long-run dynamics.




54.5 Marketing Returns to Firm Value

The terminal link in the dynamic chain runs from marketing actions, through consumer and competitive response, to the firm’s financial value. Establishing that link requires the apparatus of event analysis and a clear-eyed view of which designs support causal claims about returns.


54.5.1 A Ladder of Causal Inference

It helps to order the available designs by the rigor of causal inference they support. In decreasing order: lab experiment, field experiment, natural experiment, instrumental variables, Granger causality (improved by exogenous shocks), time-series regression (likewise improved by shocks), and cross-sectional regression. The same ordering appears as a ladder of field tests of causality—from bare correlation, to multiple regression that controls for plausible alternative causes, to time-series models using current and past values (Koyck, ADL, ARIMA), to first differences (effects of changes), to lags of first differences in the Arellano and Bond (1991) spirit, to Granger causality using only past values of the independent variables while controlling for past values of the dependent variable (preferably a VAR in differences), to intervention or event analysis, to natural experiments, and finally to randomized controlled trials. Figure 54.2 depicts the ascent.







[image: ]






Figure 54.2: A ladder of causal-inference designs in marketing-finance research, from correlational at the base to experimental at the top. Exogenous shocks strengthen the time-series rungs.








The financial logic rests on the efficient-market idealization in which a stock price PtP_t follows a random walk, so that the return Pt−Pt−1P_t - P_{t-1} is white noise and any abnormal return signals new information. A typical two-stage panel design samples similar firms jj, identifies each firm’s similar events, estimates the abnormal returns ejte_{jt} associated with each event in a first stage (using WRDS data), and in a second stage pools those abnormal returns to estimate the factors that shift their distribution. The strength of an event analysis increases with a clearly defined event, a narrow treatment window, the removal of confounding events, a long pre-event baseline, a large and diverse set of firms and treatment contexts, and the extraction of known predictors’ effects—because it simulates a natural experiment around a natural or artificial shock. Natural experiments themselves come in flavors: treated-versus-untreated comparisons, before-versus-after comparisons, difference-in-differences, and synthetic control; pre-period controls range from a single prior period, to a baseline of prior periods, to a synthetic control, to a function of known factors (the Fama–French factors), to crossover designs in which the treated unit later becomes the control. Table 54.4 lists the archival sources that make such designs feasible in marketing.




Table 54.4: Archival sources for marketing events (“time capsule”).





	Event
	Source





	Market entry
	Factiva, LexisNexis



	New product
	Factiva, Thomson Reuters



	Customer satisfaction
	ACSI



	Innovation activities
	Factiva, Capital IQ



	Acquisitions
	Factiva, SDC Platinum



	Quality
	Web chat, product reviews



	Advertising
	TNS Stradegy, YouTube



	Recalls
	Government sites, others



	Sales
	Yahoo Finance, 10-K, GfK, Euromonitor, Nielsen



	Earnings
	SEC filings



	Stock prices
	CRSP, WRDS












54.5.2 Customer Satisfaction and Stock Returns

That customer satisfaction affects firm economic performance is long understood; its relationship to stock performance is the open question Fornell et al. (2006) address, under the hypothesis that the market does not impound satisfaction information immediately (a departure from strict efficiency). Four channels link satisfaction to firm value: acceleration of cash flows (faster buyer response), increases in cash flows (repeat business at low marginal cost), reduction in cash-flow risk, and an increase in the residual value of the business. Combining Compustat with the American Customer Satisfaction Index (ACSI), a correlational regression relates market value to book value, book-value liabilities, and the satisfaction index, ln(Market value)=α+β1ln(Book value)+β2ln(Book-value liability)+β3ln(ACSI)+ε,(54.42)
\ln(\text{Market value}) = \alpha + \beta_1 \ln(\text{Book value}) + \beta_2 \ln(\text{Book-value liability}) + \beta_3 \ln(\text{ACSI}) + \varepsilon,
 \qquad(54.42) and finds a positive association. Investors do not always reward higher satisfaction, however—because the firm may be giving away consumer surplus, may already lead its competitors, may face a satisfaction–productivity trade-off, because causality may run in reverse, or because the timing of satisfaction measurement complicates inference.

The event study estimates abnormal returns with the market model, ARjt=Rjt−(αj+βjRmt),(54.43)
AR_{jt} = R_{jt} - (\alpha_j + \beta_j R_{mt}),
 \qquad(54.43) for firm jj on day tt, with an estimation period of 255 days ending 46 days before the event (McWilliams and Siegel 1997), a one-day event window on the Wall Street Journal’s ACSI publication date, and a five-day pre/post screen to rule out confounds such as mergers, spin-offs, splits, executive changes, layoffs, restructurings, earnings, and lawsuits. The event study finds no evidence that ACSI announcements move cumulative abnormal returns. The complementary portfolio study, comparing a hypothetical to a real-world portfolio, finds that customer satisfaction does help portfolios earn higher returns in both up and down markets—a discrepancy between the announcement-level and portfolio-level findings that motivated much subsequent work.

That subsequent work includes a pointed reassessment. Jacobson and Mizik (2009b) dispute the claim of systematic mispricing of satisfaction (Fornell et al. 2006; Aksoy et al. 2008), arguing the anomaly stems from a small group of satisfaction leaders in the computer and internet sectors—a sampling bias—consistent with O’Sullivan, Hutchinson, and O’Connell (2009); the companion Jacobson and Mizik (2009a) develops the argument further.



54.5.3 Marketing, Innovation, and Firm Value

Marketing investments do not translate into firm value readily, in part because they are typically intangible—brand equity, customer equity, customer satisfaction, R&D, product quality, and specific marketing-mix actions—and in part because markets are not perfectly efficient, so that intangible-intensive firms are often undervalued (Lev 1989). S. Srinivasan and Hanssens (2009) review the modeling of the marketing–value link. The workhorse is a factor model in which excess returns load on a market factor (excess return on a broad portfolio), a size factor (large minus small caps), a value factor (high minus low book-to-market), and a momentum factor; the metrics of interest are top-line (revenue) and bottom-line (earnings) surprises, and even a four-factor model can suffer omitted-variable bias. Measuring marketing’s contribution to value requires isolating book value (via Tobin’s qq) and accommodating the random-walk behavior of prices (the first difference of log price). Table 54.5, adapted from the review, contrasts the principal approaches; Figure 54.3 sketches the flow from marketing actions through returns and risk to firm value.
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Figure 54.3: Stylized flow from marketing actions to firm value through the two channels of expected return and risk. Adapted conceptually from the framework of S. Srinivasan and Hanssens (2009).











Table 54.5: Research approaches linking marketing to firm value, adapted from S. Srinivasan and Hanssens (2009).











	Method
	Characteristics
	Limitations
	Examples (dependent / independent)





	Four-factor model
	Assumes efficient markets; correlational
	Sensitive to benchmark portfolio; omitted-variable bias; cross-sectional only
	Tobin’s qq / branding strategy (V. R. Rao, Agarwal, and Dahlhoff 2004); firm value / brand value (Barth et al. 1998); returns / brand valuation (T. Madden, Fehle, and Fournier 2002)



	Event study
	Assumes efficient markets; causal
	Cannot measure long-term effects
	Returns / name change (Horsky and Swyngedouw 1987); returns / new product (Chaney, Devinney, and Winer 1991); returns / brand extension (Lane and Jacobson 1995); returns / internet channel (Geyskens, Gielens, and Dekimpe 2002)



	Calendar portfolio
	Long-horizon impact; more accurate than event studies
	Cannot measure per-event effect; benchmark-sensitive
	Returns / new product (A. Sorescu, Shankar, and Kushwaha 2007)



	Stock-return response model
	Carhart + EMH; dynamic return properties; continuous events
	Needs brand/business-unit data; marketing info must be public; single-equation, no temporal chain
	Returns / perceived quality (D. A. Aaker and Jacobson 1994); returns / brand attitude (D. A. Aaker and Jacobson 2001b); returns / strategic shifts (Mizik and Jacobson 2003); returns / marketing actions (S. Srinivasan et al. 2009)



	Persistence modeling
	System of demand, decision-rule, competitive-reaction, and stock-price equations; VAR short- and long-run; robust to nonstationarity; dynamic feedback
	Needs business-unit data over a long horizon; reduced-form
	Firm value / new products, promotions (Pauwels et al. 2018); returns / advertising (Amit Joshi and Hanssens 2010)










The four-factor (Carhart) model that underlies most of these designs is Rit−Rrf,t=αi+βi(Rmt−Rrf,t)+siSMBt+hiHMLt+uiUMDt+ϵit,(54.44)
R_{it} - R_{rf,t} = \alpha_i + \beta_i (R_{mt} - R_{rf,t}) + s_i\,SMB_t + h_i\,HML_t + u_i\,UMD_t + \epsilon_{it},
 \qquad(54.44) where RitR_{it} is firm ii’s return, Rrf,tR_{rf,t} the risk-free rate, Rmt−Rrf,tR_{mt} - R_{rf,t} the market factor, SMBtSMB_t the size factor (small minus big), HMLtHML_t the value factor (high minus low book-to-market), and UMDtUMD_t the momentum factor (up minus down). A significant αi\alpha_i after conditioning on the four factors is the abnormal performance attributed to the marketing variable of interest.

Sood and Tellis (2009) apply the event-study apparatus to innovation, distinguishing three activity types—initiation (alliances, funding, expansions), development (prototypes, patents), and commercialization (product launches, awards)—and find that innovation’s effect on stock prices is underestimated when distinct events are aggregated. The total market return to an innovation project is about $643 million, against roughly $49 million for an average single event; positive events raise returns across all three stages, negative events lower returns only in development and commercialization, and the absolute return is larger for negative than positive announcements. Borah and Tellis (2014) extend this to the firm’s make–buy–ally choice for new technologies, modeling returns, the investment choice (a multinomial logit over make, buy, and ally at initiation), and payoffs across the initiation, development, and commercialization phases—the last spanning launch, initial shipments, new applications and markets, and awards.



54.5.4 Online Chatter and Stock Performance

Tirunillai and Tellis (2012) ask how user-generated content (UGC) relates to stock performance: the direction of causality, which UGC metric best relates to performance, and the dynamics of wear-in, wear-out, and duration. Over four years, six markets, and 15 firms—chosen because reviews relate to sales, the firms are public, no mergers occurred, and the markets are representative—they measure UGC as product ratings, chatter volume, and positive and negative valence from Amazon, Epinions, and Yahoo! Shopping (consumer reviews preferred to expert reviews for the wisdom of crowds, and to blogs and forums for a higher signal-to-noise ratio). Stock performance is measured as abnormal returns and idiosyncratic risk from a Fama–French three-factor plus Carhart momentum model, and trading volume as daily turnover. The asymmetry hypotheses—losses loom larger than gains, investors discount firm-influenced positive information—motivate an asymmetric specification.

Abnormal returns follow the four-factor model with an EGARCH variance to capture volatility asymmetry, Ri,t−Rf,t=αi+βi,MKT(RMKT,t−Rf,t)+βi,SMBSMBt+βi,HMLHMLt+βi,MOMMOMt+ϵi,t,(54.45)
R_{i,t} - R_{f,t} = \alpha_i + \beta_{i,MKT}(R_{MKT,t} - R_{f,t}) + \beta_{i,SMB} SMB_t + \beta_{i,HML} HML_t + \beta_{i,MOM} MOM_t + \epsilon_{i,t},
 \qquad(54.45) with ϵi,t∼N(0,σi,t)\epsilon_{i,t} \sim N(0, \sigma_{i,t}) and ln(σi,t2)=ai+∑j=1pbi,jln(σi,t−j2)+∑k=1qci,k{Θ(ϵi,t−kσi,t−k)+Γ(|ϵi,t−kσi,t−k|−2π)}.(54.46)
\ln(\sigma^2_{i,t}) = a_i + \sum_{j=1}^{p} b_{i,j}\ln(\sigma^2_{i,t-j}) + \sum_{k=1}^{q} c_{i,k}\Big\{\Theta\Big(\frac{\epsilon_{i,t-k}}{\sigma_{i,t-k}}\Big) + \Gamma\Big(\Big|\frac{\epsilon_{i,t-k}}{\sigma_{i,t-k}}\Big| - \sqrt{\tfrac{2}{\pi}}\Big)\Big\}.
 \qquad(54.46) Controls include analysts’ forecasts (IBES), television advertising (TNS), media citations (LexisNexis above 60% relevance and Factiva), and new-product announcements (LexisNexis and Factiva, following Sood, James, and Tellis (2009)). The dynamic analysis uses a vector autoregression, chosen over event studies because it handles continuous events, captures immediate and lagged effects, recovers carryover via the generalized impulse response function, and controls for trends, seasonality, nonstationarity, serial correlation, and reverse causality (X. Luo 2009). The procedure tests stationarity (augmented Dickey–Fuller and KPSS) and cointegration (Johansen’s procedure (Johansen et al. 1992)), tests Granger causality, estimates carryover via impulse responses (insensitive to the variables’ causal ordering), and apportions explained variance via forecast-error variance decomposition. The findings: chatter volume raises abnormal returns and trading volume (by Granger tests); positive UGC moves neither returns nor idiosyncratic risk; negative UGC lowers returns with a short wear-in and long wear-out and raises idiosyncratic risk; the volume–negativity interaction raises trading volume; and offline advertising raises chatter volume while reducing negative chatter.



54.5.5 A Worked Event Study

To make the machinery concrete and reproducible, the following simulation generates returns for a treated firm and a market index, estimates the market model (Equation 54.43) over a pre-event window, and computes the cumulative abnormal return (CAR) around a simulated marketing event with a true one-day impact. Figure 54.4 plots the abnormal returns and the accumulating CAR around the event.


set.seed(37)

n_est   <- 250            # estimation-window length (days)
n_event <- 21             # event window: -10 .. +10
alpha_t <- 0.0002         # true firm alpha
beta_t  <- 1.1            # true firm beta
shock   <- 0.03           # true abnormal return on event day (day 0)

# Market returns: white noise around a small drift (random-walk prices)
r_mkt <- rnorm(n_est + n_event, mean = 0.0003, sd = 0.010)

# Firm returns generated by the market model plus idiosyncratic noise
eps   <- rnorm(n_est + n_event, mean = 0, sd = 0.012)
r_firm <- alpha_t + beta_t * r_mkt + eps

# Inject the event shock on the event day (last day of the window)
event_day <- n_est + 11          # index of day 0 within the window
r_firm[event_day] <- r_firm[event_day] + shock

# Estimate the market model on the estimation window only
est_idx <- seq_len(n_est)
fit <- lm(r_firm[est_idx] ~ r_mkt[est_idx])

# Abnormal returns over the event window
evt_idx <- (n_est + 1):(n_est + n_event)
ar <- r_firm[evt_idx] - (coef(fit)[1] + coef(fit)[2] * r_mkt[evt_idx])
car <- cumsum(ar)
rel_day <- -10:10

op <- par(mfrow = c(2, 1), mar = c(4, 4, 2, 1))
plot(rel_day, ar, type = "h", lwd = 2,
     xlab = "Event day", ylab = "Abnormal return",
     main = "Abnormal returns around the event")
abline(h = 0, col = "grey60"); abline(v = 0, lty = 2, col = "red")
plot(rel_day, car, type = "b", pch = 16,
     xlab = "Event day", ylab = "Cumulative abnormal return",
     main = "CAR over the event window")
abline(h = 0, col = "grey60"); abline(v = 0, lty = 2, col = "red")
par(op)

round(c(alpha_hat = coef(fit)[1], beta_hat = coef(fit)[2],
        CAR_event_window = tail(car, 1)), 4)
#>   alpha_hat.(Intercept) beta_hat.r_mkt[est_idx]        CAR_event_window 
#>                  0.0003                  1.1051                  0.0677
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Figure 54.4: Simulated event study. Top: daily abnormal returns around the event (day 0), with the true positive shock visible. Bottom: cumulative abnormal return (CAR) over the event window.








The estimated α̂\hat\alpha and β̂\hat\beta recover the data-generating values, and the CAR steps up at day 0 by approximately the injected shock—exactly the abnormal return an event study is designed to detect. The design’s credibility hinges on the assumptions catalogued above: a clean event date, a confound-free window, and a market model that adequately describes normal returns.




54.6 Creativity and Idea Screening

Social media reshapes the economics of innovation along two axes: it makes the wisdom of the crowds available for idea generation and evaluation, and it makes advertising nearly free. Both invite a strategic-dynamic treatment of how ideas are produced, screened, and rewarded over time.

Bayus (2013) study crowdsourced ideation over time at Dell’s IdeaStorm community and find a striking dynamic: serial ideators are more likely than others to produce a single implemented idea, but they do not repeat that success. The mechanism is a fixation effect—an unconscious reuse of one’s own prior ideas, akin to cryptomnesia or unconscious plagiarism (R. L. Marsh and Landau 1995; R. L. Marsh, Ward, and Landau 1999)—whose negative effect on subsequent success is mitigated for ideators with more diverse commenting activity. As the first study of idea crowdsourcing over time, with a well-motivated theory and strong descriptive analysis, its principal limitation is a model that does not accommodate rare events.

Toubia and Netzer (2017) formalize creativity as a balance between novelty and familiarity, invoking a “beauty in averageness” effect and building an automated reader to identify promising ideas. Drawing on the Geneplore framework, they define novelty as “the association of word stems that do not appear frequently together in text related to the topic” and familiarity as “the association of word stems that appear frequently together,” and measure both with semantic-network co-word analysis over word-stem combinations rather than individual words. An idea is “a document made of words that attempts to add value given a particular idea-generation topic.” Edge weights use the Jaccard index; a baseline semantic network is built from pre-test ideas and top Google results (the latter possibly biased toward high-quality content); control variables follow Barrat, Barthélemy, and Vespignani (2007) (node frequencies, clustering coefficients, and network-size features). The distance between an idea’s edge-weight distribution and a prototypical distribution is measured by the Kolmogorov–Smirnov statistic (or, alternatively, Kullback–Leibler divergence), with an information-retrieval vector-space representation as an alternative to edge-weight distributions. Ideas are evaluated manually on creativity, purchase interest, predicted popularity, and writing quality. The method’s strength is measuring a complex, qualitative construct robustly across measures, ideas, evaluators, and baseline networks, with a tight theory–method link; its weakness is sensitivity to the choice of representation—under some representations the results do not hold—and to the specification of the baseline network.

Y. “Max”. Wei, Hong, and Tellis (2021) bring machine learning to crowdfunding creativity, motivated by combinatorial theory and the need to measure novelty, over- and under-shooting of funding goals, and styles of imitation. Across 98,058 Kickstarter projects (2009–2017, in Film & Video, Music, and Publishing, English only), they measure semantic similarity with word2vec at the word level and Word Mover’s Distance at the document level, constructing a similarity network whose link strength wij=δ|ti−tj|×L(γ0−γ1dij)(54.47)
w_{ij} = \delta^{|t_i - t_j|} \times L(\gamma_0 - \gamma_1 d_{ij})
 \qquad(54.47) increases with similarity and decreases with the time lag between projects, where 0<δ≤10 < \delta \le 1 is a decay factor, dijd_{ij} the Word Mover’s Distance, and LL the logistic function. Funding performance is modeled with logistic regression (success) and linear regression (amount raised). The network-based metrics include the amount of prior similarity, the prior success rate (a weighted average over similar projects), the prior success residual, goal overshoot (log difference from similar projects’ average goal), and atypicality (the proportion of isolated nodes in a project’s unweighted subnetwork at a 0.5 cutoff). Information is weighted as Ii≡log(1+∑j:Tj<tiwij),(54.48)
I_i \equiv \log\!\Big(1 + \sum_{j:\,T_j < t_i} w_{ij}\Big),
 \qquad(54.48) a specification chosen because it is zero when no prior similarity exists and embeds a Bayesian diminishing return to additional signals. The findings: the average success of prior similar projects predicts current funding performance; high novelty (low similarity to all priors) helps, but the best projects balance novelty with apparent familiarity; goals should be set close to similar projects’ goals (within about ±10%\pm 10\%); and atypicality (borrowing from another stream) has an inverted-U relation with funding performance. The results are robust to an unweighted network thresholded on similarity.

Whether AI can do ideation—screening rather than generating—has been studied with three model families: word colocation, content atypicality, and inspiration redundancy, predicted with LASSO, random forests, and RuleFit. Two component findings anchor this work: J. Berger and Packard (2018) show that ideas score better when they are atypical relative to others in the same contest, and Stephen, Zubcsek, and Goldenberg (2016) show that ideators with more diverse network backgrounds generate less redundant, better ideas.



54.7 Quality

Quality is a fundamental construct across policy, economics, consumer behavior, and marketing strategy. The classic definition is an attribute on which all (or most) consumers prefer more to less—speed, reliability, durability, power (Gerard J. Tellis and Wernerfelt 1987)—and the existence of a market for quality (B. Klein and Leffler 1981) explains why quality commands a premium. The measurement problem is that quality is multidimensional, so any composite depends on the choice of dimensions and weights.

Historically, objective quality was measured by Consumer Reports (from 1935 until about 2010): blind experiments evaluated by experts. The weighting problem is real but tractable. Kopalle and Hoffman (1992) show that ranking products on quality is not too noisy even when the weights are uncorrelated, provided the quality attributes are positively correlated; Gerard J. Tellis and Johnson (2007) show that published expert quality ratings are good indicators of quality; and Tirunillai and Tellis (2014) show that the wisdom of crowds, mined from reviews, recovers quality as well.

Gerard J. Tellis, Yin, and Niraj (2009) study network effects and quality in high technology and find evidence for market efficiency, defined as the best-quality brand holding the largest market share. Both quality and network effects drive market-share flows—network effects more than quality—where a network effect is “the increase in a consumer’s utility from a product when the number of other users of that product increases,” and quality is “a composite of a brand’s attributes, on each of which all consumers prefer more to less” (reliability, performance, convenience). Quality appears to be the market’s driving force across market share, return on investment, price premia, advertising, perceived quality, and stock-market return, in the personal-computer category using International Data Corporation and Dataquest data.

Golder, Mitra, and Moorman (2012) provide an integrative framework that decomposes quality into three processes. The quality-production process focuses on firms—attribute design, process design, resource inputs, and production control. The quality-experience process focuses on customers, recognizing that what a firm delivers and what a customer perceives (relative to expectation) can differ, mediated by the customer’s measurement knowledge, motivation, and emotions, so that experienced attribute quality diverges from delivered attribute quality. The quality-evaluation process converts perceived attributes into an aggregated judgment based on transactional and global assessments, shaped by customer expertise and by three kinds of expectation: “will,” “ideal,” and “should.” Quality is defined as “a set of three distinct states of an offering’s attributes’ relative performance generated while producing, experiencing, and evaluating the offering.” Table 54.6 gives the accompanying typology of attributes along customer-preference homogeneity and measurement ambiguity.




Table 54.6: Typology of attribute types in the quality framework of Golder, Mitra, and Moorman (2012).











	
	
	Customer preference: homogeneous
	Customer preference: heterogeneous





	Measure
	Unambiguous
	Universal attributes (flight delay)
	Preference attributes (cuisine, cabin temperature)



	ambiguity
	Ambiguous
	—
	Idiosyncratic attributes (art, beauty)










Tirunillai and Tellis (2014) mine quality from consumer reviews with unsupervised latent Dirichlet allocation over 350,000 reviews from Tirunillai and Tellis (2012), recovering quality dimensions that allow marketers to track value over time and to map competitive brand positions dynamically. The structure of those dimensions differs by market type, as Table 54.7 summarizes.




Table 54.7: Quality dimensions by market type (Tirunillai and Tellis 2014).












	Market
	Dominant dimensions
	Across markets
	Heterogeneity
	Stability





	Vertically differentiated (computers)
	Objective
	Similar
	Low across dimensions
	High over time



	Horizontally differentiated (shoes, toys)
	Subjective
	Varies
	High across dimensions
	Low over time










Finally, quality and reputation spill across brands. Borah and Tellis (2016) study spillover effects in social media, documenting a perverse halo—negative spillover in which negative chatter about one nameplate raises negative chatter about another, affecting both sales and stock performance. The effect depends on similarity in market share (a dominant brand’s spillover is stronger) and on shared country of origin (similar origins suffer more), and apology advertising harms both the recalled brand and its rivals; online chatter amplifies the negative sales effect of recalls roughly 4.5-fold. The mechanism is accessibility–diagnosticity (Feldman and Lynch 1988): one brand’s perceptions inform inferences about a similar brand. In the automobile context (January 2009–April 2010, covering Toyota’s acceleration crisis), the endogenous variables include negative online chatter, media citations (LexisNexis at 60% relevance, as in Tirunillai and Tellis (2012)), ABC News coverage, negative-event indicators, advertising types (including apology ads), and key developments from Capital IQ; the exogenous variables include recall units and new-product introductions, both shown by Granger tests to be plausibly exogenous. A VARX model estimates Granger causality and long-run effects via impulse response functions—robust to nonstationarity, spurious causality, endogeneity, serial correlation, and reverse causality. The perverse halo is confirmed: stronger across same-country and from dominant to less-dominant brands, with a one-day wear-in and six-day wear-out; apology ads increase concern; concern about a nameplate significantly depresses both its own and its rival’s sales (explaining more of the focal nameplate’s sales variance, by forecast-error variance decomposition); and rising concern depresses Toyota’s stock performance to a trough on the fourth day, with mixed effects on rivals owing to country-of-origin moderation.



54.8 Key Takeaways

Three threads run through this chapter. First, the object of inference is a trajectory, not a point: diffusion curves, advertising decay, and abnormal-return paths are all dynamic, and the models that fit them—Bass and its generalizations, Koyck and the ADL/VAR family, hazard models, and event studies—are organized by the nature of the series rather than by topic. Second, identification is the binding constraint: the Bass model is fragile before its turning points, proportional-hazards estimates rest on a testable proportionality assumption, distributed-lag models suffer aggregation bias that the unit-exposure-time result of Gerard J. Tellis and Franses (2006) resolves, and event-study causality lives or dies by the cleanliness of the event window and the counterfactual. Third, the strategic payoff is real: knowing whether a product will take off, whether a new technology cannibalizes or coexists, how long advertising lasts, and what a marketing event is worth to shareholders are precisely the questions on which entry, investment, and budgeting decisions turn. The empirical record repeatedly corrects naive intuition—pioneers mostly fail, larger firms have become the radical innovators, emotion beats information in advertising, and negative chatter moves markets while positive chatter does not—and each correction is only as credible as the design that produced it.



54.9 Further Reading

For the foundations of diffusion modeling, Bass (1969) and the comprehensive review of Chandrasekaran and Tellis (2007) are the indispensable starting points, with Golder and Tellis (1997) and Gerard J. Tellis, Stremersch, and Yin (2003) for the turning-point literature. For advertising dynamics, Koyck (1954), Clarke (1976), and the optimal-interval result of Gerard J. Tellis and Franses (2006) form a natural sequence, complemented by the meta-analytic benchmarks of Sethuraman, Tellis, and Briesch (2011). For the marketing–finance interface, S. Srinivasan and Hanssens (2009) surveys the modeling landscape, and Tirunillai and Tellis (2012) and Borah and Tellis (2016) illustrate the vector-autoregressive treatment of online chatter and firm value. The market-entry and innovation strategy literatures are reviewed in Hauser, Tellis, and Griffin (2006), with 8 and R. K. Chandy and Tellis (2000) as the seminal empirical correctives to received wisdom.





55 Choice Modeling and Demand Estimation Seminar

Choice modeling and demand estimation are the empirical heart of quantitative marketing and of the industrial-organization tradition it borrows from. The field rests on a single, powerful idea: that observed purchases are the realized outcome of a latent, utility-maximizing comparison among alternatives, so that a model of how individuals choose can be aggregated into a model of how a market demands. This seminar traces the arc from the random-utility microfoundation, through the estimation of individual choice on disaggregate panel data, to the recovery of aggregate demand systems from market-level data—and on to the counterfactual and welfare questions those demand systems were built to answer. It is the doctoral reading-map companion to the technical chapters that develop the estimators in full: the choice and Bayesian-methods chapter (Chapter 41), and the structural-modeling and industrial-organization material, to which this seminar stands in the same relation that the analytical-modeling seminar stands to its methods chapters.

The science matters because demand is the object on which nearly every managerial and policy question ultimately rests. A price elasticity is a demand derivative; a merger simulation is a demand counterfactual; the welfare gain from a new product is an integral under a demand curve; the return on an advertising or assortment decision is a demand response. Commercially, the same machinery powers pricing engines, assortment optimization, and the regulatory review of mergers in differentiated-product industries. The intellectual payoff of the seminar is that it teaches a student to see these disparate applications as instances of one estimation problem and to know which assumptions each application is buying.

The central tension that animates every week is identification. Preferences are never observed; only choices are. The analyst must recover taste parameters—and, crucially, price sensitivity—from data in which the very prices a consumer faces are set by firms who observe demand shifters the analyst does not. Endogenous prices, unobserved product quality, and unrestricted preference heterogeneity all threaten to contaminate the elasticity estimates on which everything downstream depends. The history of the field is in large part a history of instruments, control functions, and distributional assumptions devised to break this contamination. A student who completes the seminar can read a demand paper and locate, immediately, the source of variation that identifies its price coefficient, the assumption that makes that variation exogenous, and the counterfactual that assumption licenses.


55.1 Semester arc

The fourteen-week arc moves along three nested levels. The first third (Weeks 1–4) builds the random-utility microfoundation and its disaggregate estimators: McFadden’s conditional logit and its psychological antecedents in Thurstone and Luce; the first marketing applications to scanner panels; the independence-of-irrelevant-alternatives (IIA) problem and its nested-logit and generalized-extreme-value (GEV) repairs; and the random-coefficients or mixed logit that dissolves IIA by integrating taste heterogeneity out of the choice probabilities. The middle third (Weeks 5–8) confronts heterogeneity and aggregation: hierarchical Bayes estimation of individual-level parameters, conjoint and stated-preference measurement, and then the pivotal transition from individual choice to aggregate demand in the Berry inversion and the Berry–Levinsohn–Pakes (BLP) random-coefficients demand model, together with the practitioner’s craft of estimating it.

The final third (Weeks 9–14) takes the static demand system dynamic and strategic and then closes the loop to welfare. Weeks 9 and 10 relax the static, full-information benchmark: consumers stockpile, wait for durable-good prices to fall, and search over an endogenous consideration set rather than evaluating the full assortment. Weeks 11 and 12 are method-forward, treating endogeneity in choice models (control functions, copulas, instruments) and the Bayesian and Markov-chain-Monte-Carlo (MCMC) machinery that makes rich heterogeneous models estimable. Week 13 brings the machine-learning frontier—flexible demand prediction and heterogeneous-treatment-effect estimation—into contact with structural demand. Week 14 returns to first principles: the demand system exists to compute welfare and counterfactuals, so the capstone reads the new-product and merger-welfare papers that justify the entire enterprise.

The reading map uses two tags. [F] = Foundational marks canon a choice-and- demand scholar is expected to know cold; [R] = Frontier/Recent marks an active research front, refreshed as the literature moves. Each week pairs at least one foundational anchor with a more recent or methodological counterpart. DOIs are reproduced as verified against the Crossref REST API; works without a verifiable DOI—chiefly the canonical books and a 1974 edited-volume chapter—are named without a link and flagged as such in the text.



55.2 Week 1 — Random-utility foundations

Topic. The random-utility model (RUM) as the microfoundation of all that follows: a chooser maximizes a latent utility that the analyst observes only up to a random component, and the distribution of that component generates the choice probabilities.

Subtopics. Deterministic vs. stochastic utility; the additive-error specification; the extreme-value distributional assumption and the logit closed form; the psychological roots of stochastic choice.

Methods. Maximum-likelihood estimation of the multinomial/conditional logit; identification up to scale and level; the log-likelihood and its concavity.

Key readings.


	McFadden (1974), “Conditional Logit Analysis of Qualitative Choice Behavior,” in Zarembka (ed.), Frontiers in Econometrics, Academic Press — the founding derivation linking utility maximization with extreme-value errors to the logit choice probability; no Crossref DOI (edited-volume chapter), named without link. [F]

	Luce (1959), Individual Choice Behavior: A Theoretical Analysis, Wiley — the choice-axiom (independence from irrelevant alternatives) that the logit operationalizes; canonical book, no DOI. [F]

	Thurstone (1927), “A Law of Comparative Judgment,” Psychological Review — the original random-utility/discriminal-process idea that anchors the whole tradition. doi:10.1037/h0070288 — the probit-flavored ancestor of stochastic choice. [F]



Debate. Is the logit’s tractable extreme-value error a substantive behavioral claim or a mathematical convenience whose IIA implication must later be undone?



55.3 Week 2 — Brand choice on scanner data

Topic. The first great marketing application of the RUM: estimating brand-choice probabilities from supermarket scanner panels, where the same household is observed choosing repeatedly across many purchase occasions.

Subtopics. Loyalty and state dependence; the brand-loyalty and purchase-event-feedback variables; marketing-mix covariates (price, display, feature) in the utility; the incidence/quantity decisions surrounding brand choice.

Methods. Conditional logit on panel choice data; constructing exponentially smoothed loyalty regressors; modeling purchase timing and quantity jointly with brand choice.

Key readings.


	Guadagni & Little (1983), “A Logit Model of Brand Choice Calibrated on Scanner Data,” Marketing Science. doi:10.1287/mksc.2.3.203 — the paper that brought the conditional logit into marketing and defined the loyalty-variable template. [F]

	Gupta (1988), “Impact of Sales Promotions on When, What, and How Much to Buy,” Journal of Marketing Research. doi:10.2307/3172945 — decomposes promotional response into purchase-timing, brand-choice, and quantity components, extending the scanner-choice program beyond brand choice alone. [F]



Debate. Does the loyalty variable capture genuine structural state dependence or merely soak up persistent unobserved heterogeneity—an identification confound that later mixed-logit and hierarchical-Bayes work would target directly?



55.4 Week 3 — IIA, nested logit, and GEV

Topic. The Achilles’ heel of the simple logit—independence from irrelevant alternatives—and the family of generalized-extreme-value models built to relax it while preserving a closed form.

Subtopics. The red-bus/blue-bus problem; proportional substitution and its implausibility; nesting correlated alternatives; the GEV class and its inclusive-value structure; cross-elasticity patterns.

Methods. Nested-logit estimation; the inclusive value and dissimilarity parameter; testing IIA; GEV generating functions.

Key readings.


	McFadden (1980), “Econometric Models for Probabilistic Choice Among Products,” The Journal of Business. doi:10.1086/296093 — develops the GEV framework and the modeling of substitution patterns among differentiated products, the direct ancestor of structural demand. [F]

	Guadagni & Little (1983), “A Logit Model of Brand Choice Calibrated on Scanner Data,” Marketing Science. doi:10.1287/mksc.2.3.203 — revisited here as the canonical setting where IIA’s restrictive substitution is most visibly violated by close-substitute brands. [F]



Debate. Nested logit fixes IIA within a pre-specified tree—but who chooses the tree, and does an analyst-imposed nesting merely relocate the maintained assumption rather than test it?



55.5 Week 4 — Random coefficients and mixed logit

Topic. The mixed (random-coefficients) logit: letting taste parameters vary across individuals according to a mixing distribution dissolves IIA entirely and can approximate any random-utility model.

Subtopics. The mixing distribution over tastes; correlated random coefficients; flexible substitution patterns; panel mixed logit with repeated choices.

Methods. Simulated maximum likelihood and maximum simulated likelihood; Halton draws; the McFadden–Train approximation theorem.

Key readings.


	McFadden & Train (2000), “Mixed MNL Models for Discrete Response,” Journal of Applied Econometrics. doi:10.1002/1099-1255(200009/10)15:5<447::aid-jae570>3.0.co;2-1 — proves that mixed logit can approximate any RUM choice probabilities arbitrarily well; the theoretical license for the whole approach. [F]

	Revelt & Train (1998), “Mixed Logit with Repeated Choices: Households’ Choices of Appliance Efficiency Level,” The Review of Economics and Statistics. doi:10.1162/003465398557735 — the template for estimating mixed logit on panel data with within-household correlation. [F]

	Train (2009), Discrete Choice Methods with Simulation, 2nd ed., Cambridge University Press — the standard graduate reference for simulation-based estimation; cited as a book without a single-work DOI. [F]



Debate. Is the freedom of the mixing distribution a virtue or a trap—does a mis-specified parametric mixing law (e.g., normal price coefficients implying positive price sensitivity) distort the very heterogeneity it claims to recover?



55.6 Week 5 — Heterogeneity and hierarchical Bayes

Topic. Estimating individual-level preference parameters by pooling information across consumers through a hierarchical prior—the Bayesian counterpart to mixed logit, and the workhorse of marketing’s heterogeneity tradition.

Subtopics. The random-effects/hierarchical prior; shrinkage toward the population mean; individual-level posteriors for targeting; the value of purchase history.

Methods. Hierarchical Bayes; Gibbs sampling and data augmentation; the multivariate-normal heterogeneity distribution; posterior means as individual estimates.

Key readings.


	Allenby & Rossi (1998), “Marketing Models of Consumer Heterogeneity,” Journal of Econometrics. doi:10.1016/S0304-4076(98)00055-4 — the manifesto for treating heterogeneity as the object of interest rather than a nuisance, with the hierarchical-Bayes machinery to recover it. [F]

	Rossi, McCulloch & Allenby (1996), “The Value of Purchase History Data in Target Marketing,” Marketing Science. doi:10.1287/mksc.15.4.321 — shows how individual-level posteriors sharpen targeting, the commercial payoff of heterogeneity estimation. [F]



Debate. Do individual-level posteriors recover real heterogeneity or merely project a parametric prior onto thin per-person data—and how much purchase history is enough before the prior stops doing the work?



55.7 Week 6 — Conjoint analysis and preference measurement

Topic. Eliciting preferences from designed choice experiments rather than market data—the stated-preference complement to revealed-preference demand estimation.

Subtopics. Full-profile vs. choice-based conjoint; experimental design and attribute balance; part-worth utilities; the bridge from conjoint to choice simulators and willingness-to-pay.

Methods. Designed factorial/fractional experiments; choice-based conjoint estimated by (hierarchical Bayes) logit; reliability and external validity.

Key readings.


	Green & Srinivasan (1978), “Conjoint Analysis in Consumer Research: Issues and Outlook,” Journal of Consumer Research. doi:10.1086/208721 — the field-defining review that established conjoint as marketing’s preference-measurement method. [F]

	Green & Srinivasan (1990), “Conjoint Analysis in Marketing: New Developments with Implications for Research and Practice,” Journal of Marketing. doi:10.1177/002224299005400402 — the decadal update that reoriented conjoint toward choice-based designs compatible with the RUM. [F]



Debate. Do stated preferences from hypothetical choices recover the same parameters as revealed preferences from market choices—and when does hypothetical bias make conjoint willingness-to-pay an unreliable demand input?



55.8 Week 7 — Aggregate demand and the BLP model

Topic. The pivotal transition from individual choice to aggregate demand: recovering structural demand parameters from market-level shares when individual data are unavailable and prices are endogenous.

Subtopics. The unobserved product-quality term; the market-share inversion; random coefficients at the market level; instrumenting for price.

Methods. The Berry inversion (shares to mean utilities); the BLP contraction mapping; generalized method of moments (GMM) with demand-side instruments.

Key readings.


	Berry (1994), “Estimating Discrete-Choice Models of Product Differentiation,” The RAND Journal of Economics. doi:10.2307/2555829 — introduces the share-inversion idea that turns an aggregate-demand problem into a linear instrumental-variables problem in mean utilities. [F]

	Berry, Levinsohn & Pakes (1995), “Automobile Prices in Market Equilibrium,” Econometrica. doi:10.2307/2171802 — the full random-coefficients aggregate-demand model with supply-side equilibrium; the single most influential demand paper of the era. [F]



Debate. The BLP instruments (rival-product characteristics, cost shifters) rest on the assumption that product characteristics are exogenous to the unobserved quality ξ\xi—is that assumption credible when firms design products knowing ξ\xi? The worked treatment in Section 55.17.1 develops the estimator and this exclusion restriction in full.



55.9 Week 8 — BLP in practice

Topic. The craft of actually estimating random-coefficients aggregate demand: the numerical, instrumental, and identification choices that separate a credible BLP estimate from a fragile one.

Subtopics. Choice of instruments and the weak-instrument problem; the inner contraction and outer GMM loops; numerical pitfalls and convergence; market power and markups recovered from demand.

Methods. Nested fixed-point GMM; optimal instruments; supply-side pricing moments; the cereal-industry application.

Key readings.


	Nevo (2000), “A Practitioner’s Guide to Estimation of Random-Coefficients Logit Models of Demand,” Journal of Economics & Management Strategy. doi:10.1162/105864000567954 — the pedagogical guide that made BLP estimable by a generation of students. [F]

	Nevo (2001), “Measuring Market Power in the Ready-to-Eat Cereal Industry,” Econometrica. doi:10.1111/1468-0262.00194 — the canonical applied BLP study, recovering markups and market power from estimated demand. [R]



Debate. How much of a BLP estimate is identified by the instruments versus by the parametric functional form and distributional assumptions—and does the practitioner’s toolkit paper understate how fragile the numerics can be?



55.10 Week 9 — Dynamic demand: stockpiling and durables

Topic. Relaxing the static benchmark: when consumers are forward-looking, today’s demand depends on expected future prices, so a price cut shifts the timing of purchases, not only their level.

Subtopics. Inventory and stockpiling on storable goods; forward-looking adoption of durables with falling prices; the distinction between intertemporal substitution and genuine demand expansion; dynamic discrete-choice solution methods.

Methods. Dynamic programming/Bellman value functions in demand; estimating expectations; conditional-choice-probability and nested-fixed-point estimators.

Key readings.


	Erdem & Keane (1996), “Decision-Making Under Uncertainty: Capturing Dynamic Brand Choice Processes in Turbulent Consumer Goods Markets,” Marketing Science. doi:10.1287/mksc.15.1.1 — brings forward-looking learning and uncertainty into brand choice, founding the dynamic structural tradition in marketing. [F]

	Hendel & Nevo (2006), “Measuring the Implications of Sales and Consumer Inventory Behavior,” Econometrica. doi:10.1111/j.1468-0262.2006.00721.x — shows that ignoring stockpiling biases static demand elasticities and long-run policy conclusions. [F]

	Gowrisankaran & Rysman (2012), “Dynamics of Consumer Demand for New Durable Goods,” Journal of Political Economy. doi:10.1086/669540 — a tractable dynamic BLP for durables with falling prices and improving quality. [R]



Debate. Dynamic demand models need consumer expectations the analyst cannot observe—does the rational-expectations closure earn its keep, or does it smuggle in the conclusions it is meant to deliver?



55.11 Week 10 — Search and consideration sets

Topic. Relaxing full information: consumers do not evaluate the entire assortment but form a consideration set through costly search, so observed choice is a choice from an endogenous, latent subset.

Subtopics. Consideration-set formation; sequential vs. simultaneous search; advertising as an awareness shifter; identification of search costs from choice and search data.

Methods. Structural search models; consideration-then-choice two-stage models; identifying consideration from the pattern of choices and (where available) search data.

Key readings.


	Roberts & Lattin (1991), “Development and Testing of a Model of Consideration Set Composition,” Journal of Marketing Research. doi:10.2307/3172783 — the early marketing formalization of consideration-set formation and its effect on choice. [F]

	Mehta, Rajiv & Srinivasan (2003), “Price Uncertainty and Consumer Search: A Structural Model of Consideration Set Formation,” Marketing Science. doi:10.1287/mksc.22.1.58.12849 — embeds costly search for prices inside a structural choice model. [R]

	Honka, Hortaçsu & Vitorino (2017), “Advertising, Consumer Awareness, and Choice: Evidence from the U.S. Banking Industry,” The RAND Journal of Economics. doi:10.1111/1756-2171.12188 — separately identifies awareness, consideration, and choice, with advertising acting on the awareness stage. [R]



Debate. Consideration sets are latent—can the analyst distinguish “not considered” from “considered and rejected” without search data, or does the identification rest entirely on functional form?



55.12 Week 11 — Endogeneity in choice models

Topic. The identification problem at the center of the seminar: prices (and other marketing-mix variables) correlate with unobserved demand shifters, biasing the price coefficient that every counterfactual depends on.

Subtopics. Price endogeneity at the disaggregate level; control functions vs. instrumental variables; copula-based correction without external instruments; unobserved product characteristics.

Methods. Control-function (two-stage residual-inclusion) estimation; the Gaussian copula method; instrument construction and validity testing.

Key readings.


	Villas-Boas & Winer (1999), “Endogeneity in Brand Choice Models,” Management Science. doi:10.1287/mnsc.45.10.1324 — documents that ignoring price endogeneity biases brand-choice elasticities in scanner data. [F]

	Petrin & Train (2010), “A Control Function Approach to Endogeneity in Consumer Choice Models,” Journal of Marketing Research. doi:10.1509/jmkr.47.1.3 — the control- function alternative to BLP-style instruments at the individual level. [R]

	Park & Gupta (2012), “Handling Endogenous Regressors by Joint Estimation Using Copulas,” Marketing Science. doi:10.1287/mksc.1120.0718 — corrects endogeneity without external instruments by exploiting non-normality of the endogenous regressor. [R]



Debate. The copula method buys identification from a distributional assumption (non-normal regressors, normal errors) rather than from an instrument—is trading an exclusion restriction for a distributional one a genuine advance or a relabeling of the maintained assumption?



55.13 Week 12 — Bayesian estimation and MCMC

Topic. The Bayesian computational toolkit that makes rich, heterogeneous choice models estimable: data augmentation, Gibbs sampling, and the Metropolis–Hastings algorithm applied to discrete-choice likelihoods.

Subtopics. Data augmentation for probit/logit; conjugate hierarchical priors; mixing and convergence diagnostics; demand for variety and corner solutions.

Methods. Gibbs sampling with latent-utility augmentation; random-walk Metropolis–Hastings for non-conjugate blocks; hierarchical priors over heterogeneous parameters.

Key readings.


	Rossi, Allenby & McCulloch (2005), Bayesian Statistics and Marketing, Wiley — the standard reference uniting Bayesian computation with marketing choice models; cited as a book without a single-work DOI. [F]

	Allenby, Arora & Ginter (1998), “On the Heterogeneity of Demand,” Journal of Marketing Research. doi:10.2307/3152035 — a worked demonstration of hierarchical-Bayes heterogeneity recovery and its managerial implications. [F]

	Kim, Allenby & Rossi (2002), “Modeling Consumer Demand for Variety,” Marketing Science. doi:10.1287/mksc.21.3.229.143 — extends Bayesian choice modeling to multiple-discreteness and corner solutions beyond single-unit choice. [R]



Debate. Bayesian and classical (simulated-likelihood) estimators of the same mixed logit are asymptotically equivalent—so is the choice between them substantive or merely computational, and when does the prior actually change the conclusion?



55.14 Week 13 — Machine learning and demand

Topic. The machine-learning frontier: flexible prediction of demand and data-driven recovery of heterogeneous responses, in tension and dialogue with structural demand estimation.

Subtopics. Flexible/nonparametric demand prediction and model combination; heterogeneous-treatment-effect estimation by recursive partitioning; deep-learning models of product choice over large assortments; prediction vs. structural identification.

Methods. Regularized and ensemble prediction; causal/honest trees and forests for treatment-effect heterogeneity; neural choice models.

Key readings.


	Bajari, Nekipelov, Ryan & Yang (2015), “Machine Learning Methods for Demand Estimation,” American Economic Review (Papers & Proceedings). doi:10.1257/aer.p20151021 — benchmarks machine-learning predictors against structural demand on out-of-sample fit. [R]

	Athey & Imbens (2016), “Recursive Partitioning for Heterogeneous Causal Effects,” Proceedings of the National Academy of Sciences. doi:10.1073/pnas.1510489113 — the causal-tree method for recovering heterogeneous marketing responses with valid inference. [R]

	Gabel & Timoshenko (2022), “Product Choice with Large Assortments: A Scalable Deep-Learning Model,” Management Science. doi:10.1287/mnsc.2021.3969 — a neural choice model that scales to assortments far larger than classical logit can handle. [R]



Debate. Machine learning excels at prediction but is silent on counterfactuals—can flexible predictors deliver the price elasticities and welfare integrals that structural demand exists to compute, or do they answer a different question?



55.15 Week 14 — Welfare, counterfactuals, and synthesis

Topic. The terminus of the arc: the demand system exists to compute welfare and counterfactuals, so the capstone evaluates new-product gains, merger effects, and the consumer surplus that estimated demand makes measurable.

Subtopics. Compensating variation from the logit inclusive value; the welfare value of new products and variety; merger simulation; the bias from ignoring preference heterogeneity in welfare.

Methods. Consumer-surplus computation from estimated demand; counterfactual equilibrium simulation; the log-sum welfare formula.

Key readings.


	Petrin (2002), “Quantifying the Benefits of New Products: The Case of the Minivan,” Journal of Political Economy. doi:10.1086/340779 — uses estimated BLP demand to compute the consumer-welfare gain from a product innovation, the paradigmatic payoff of the whole enterprise. [F]

	Trajtenberg (1989), “The Welfare Analysis of Product Innovations, with an Application to Computed Tomography Scanners,” Journal of Political Economy. doi:10.1086/261611 — an early discrete-choice welfare analysis of innovation that anticipates the new-goods literature. [F]

	Nevo (2001), “Measuring Market Power in the Ready-to-Eat Cereal Industry,” Econometrica. doi:10.1111/1468-0262.00194 — revisited as the canonical counterfactual exercise: recovering markups and simulating mergers from estimated demand. [R]



Debate. Counterfactual welfare numbers inherit every maintained assumption of the demand model—how much should a regulator or manager trust a surplus estimate whose magnitude depends on an unidentified tail of the taste distribution?



55.16 Foundational vs. frontier at a glance

The foundational core—the canon a choice-and-demand scholar must know cold—runs from the random-utility microfoundation through the aggregate-demand revolution: Thurstone (1927), Luce (1959), and McFadden (1974, 1980) for the RUM and its GEV extensions; Guadagni & Little (1983) and Gupta (1988) for the scanner-choice application; McFadden & Train (2000) and Revelt & Train (1998) for mixed logit; Allenby & Rossi (1998) and Rossi, McCulloch & Allenby (1996) for hierarchical-Bayes heterogeneity; Green & Srinivasan (1978, 1990) for preference measurement; Berry (1994) and Berry, Levinsohn & Pakes (1995) for aggregate demand; Erdem & Keane (1996) and Hendel & Nevo (2006) for dynamics; Villas-Boas & Winer (1999) for endogeneity; and Petrin (2002) and Trajtenberg (1989) for welfare. These are the papers and books a dissertation in the area is expected to cite without prompting.

The frontier, refreshed each edition, tracks where the field is actively moving: Nevo (2001) and Gowrisankaran & Rysman (2012) for applied and dynamic BLP; Mehta, Rajiv & Srinivasan (2003) and Honka, Hortaçsu & Vitorino (2017) for structural search and consideration; Petrin & Train (2010) and Park & Gupta (2012) for endogeneity corrections; Kim, Allenby & Rossi (2002) for multiple-discreteness; and Bajari et al. (2015), Athey & Imbens (2016), and Gabel & Timoshenko (2022) for the machine-learning interface. The split is pedagogical, not chronological: a 1995 paper is foundational because the field still builds on its inversion and GMM, while a 2016 method is “frontier” because its integration with structural demand is still being worked out.



55.17 How this chapter expands

The weekly map is a backbone designed to grow along several axes.


	A refresh cadence of two to three years on the frontier modules. The machine-learning, dynamic-demand, and search modules turn over fastest; frontier readings should be replaced or supplemented as new methods and applications appear, while the foundational anchors (the RUM, the Berry inversion, mixed logit) stay fixed.

	Emerging modules as the field grows: machine-learning demand at scale (regularized and ensemble demand systems, double/debiased estimation of demand parameters); LLM- and embedding-based preference models that represent products and consumers in learned latent spaces and raise fresh identification questions; and demand estimation under privacy constraints and aggregated/differentially private data. Each should follow the template—foundational anchor, frontier paper, identification debate.

	A parallel methods spine. Each module already names its identifying assumption (the extreme-value error, the nesting tree, the mixing distribution, the BLP exclusion restriction, the rational-expectations closure, the copula’s distributional assumption). A future edition should add a short companion per week that states the estimator, its moment or likelihood, and what breaks identification—turning the reading map into a methods course, of which the worked BLP section below is the model.

	An applications track pairing each estimator with a canonical industry case (autos, cereal, durables, banking, retail assortments), so students see the same machinery re-identified across settings with different sources of exogenous variation.



The following section supplies the worked treatment the map points to.


55.17.1 BLP demand as an estimator

The Berry (1994) / Berry–Levinsohn–Pakes (1995) model is the hinge of the whole seminar: it carries the random-utility logic from individual choice to aggregate demand and confronts price endogeneity head-on. The treatment here states the estimator, its inversion, and the single assumption on which identification rests.

Consumer ii in market tt derives utility from product jj, uijt=𝐱jt⊤𝛃i−αipjt+ξjt+εijt,(55.1)
u_{ijt} = \mathbf{x}_{jt}^{\top}\boldsymbol{\beta}_i - \alpha_i\, p_{jt}
          + \xi_{jt} + \varepsilon_{ijt},
 \qquad(55.1) where 𝐱jt\mathbf{x}_{jt} are observed characteristics, pjtp_{jt} is price, ξjt\xi_{jt} is the unobserved (to the analyst) product quality in market tt, and εijt\varepsilon_{ijt} is an i.i.d. extreme-value taste shock. The random coefficients (𝛃i,αi)(\boldsymbol{\beta}_i, \alpha_i) vary across consumers with a parametric distribution, say (𝛃i,αi)=(𝛃‾,α‾)+𝚺𝛎i(\boldsymbol{\beta}_i,\alpha_i) = (\bar{\boldsymbol{\beta}},\bar\alpha) +
\boldsymbol{\Sigma}\,\boldsymbol{\nu}_i with 𝛎i∼Φ\boldsymbol{\nu}_i \sim \Phi. The outside good j=0j=0 has utility normalized to ui0t=εi0tu_{i0t}=\varepsilon_{i0t}.

Integrating the logit choice probabilities over the taste distribution gives the model’s predicted market share for product jj, sjt(𝛅t,𝛉2)=∫exp(δjt+μijt(𝛉2))1+∑kexp(δkt+μikt(𝛉2))dΦ(𝛎),(55.2)
s_{jt}(\boldsymbol{\delta}_t,\boldsymbol{\theta}_2)
= \int
  \frac{\exp\!\big(\delta_{jt} + \mu_{ijt}(\boldsymbol{\theta}_2)\big)}
       {1 + \sum_{k} \exp\!\big(\delta_{kt} + \mu_{ikt}(\boldsymbol{\theta}_2)\big)}
  \, d\Phi(\boldsymbol{\nu}),
 \qquad(55.2) where δjt=𝐱jt⊤𝛃‾−α‾pjt+ξjt\delta_{jt} = \mathbf{x}_{jt}^{\top}\bar{\boldsymbol{\beta}} -
\bar\alpha\,p_{jt} + \xi_{jt} is the mean utility of product jj and μijt\mu_{ijt} collects the individual deviations governed by the heterogeneity parameters 𝛉2=vec(𝚺)\boldsymbol{\theta}_2=\mathrm{vec}(\boldsymbol{\Sigma}). The integral has no closed form and is approximated by simulation over draws of 𝛎i\boldsymbol{\nu}_i.

The key result of Berry (1994) is that, holding 𝛉2\boldsymbol{\theta}_2 fixed, the mapping from mean utilities to shares is invertible: there is a unique vector 𝛅t\boldsymbol{\delta}_t that equates predicted shares to observed shares 𝐒t\mathbf{S}_t. BLP compute it as the fixed point of the contraction mapping δjt(r+1)=δjt(r)+lnSjt−lnsjt(𝛅t(r),𝛉2),(55.3)
\delta_{jt}^{(r+1)} = \delta_{jt}^{(r)}
   + \ln S_{jt} - \ln s_{jt}\!\big(\boldsymbol{\delta}_t^{(r)},\boldsymbol{\theta}_2\big),
 \qquad(55.3) iterated to convergence. This inversion turns an aggregate-demand problem into a linear-in-ξ\xi model: once 𝛅t(𝛉2)\boldsymbol{\delta}_t(\boldsymbol{\theta}_2) is recovered, the structural error is ξjt(𝛉)=δjt(𝛉2)−𝐱jt⊤𝛃‾+α‾pjt.(55.4)
\xi_{jt}(\boldsymbol{\theta})
= \delta_{jt}(\boldsymbol{\theta}_2)
  - \mathbf{x}_{jt}^{\top}\bar{\boldsymbol{\beta}} + \bar\alpha\, p_{jt}.
 \qquad(55.4)

Estimation proceeds by GMM. Because price pjtp_{jt} is correlated with the unobserved quality ξjt\xi_{jt} (firms set higher prices for products with higher ξ\xi), ordinary regression of δ\delta on price is biased. Identification instead requires a vector of instruments 𝐳jt\mathbf{z}_{jt} that satisfy the population moment condition 𝔼[ξjt(𝛉0)|𝐳jt]=0⇒𝔼[𝐳jtξjt(𝛉0)]=0,(55.5)
\mathbb{E}\!\left[\, \xi_{jt}(\boldsymbol{\theta}_0)\,\big|\, \mathbf{z}_{jt} \right] = 0
\quad\Longrightarrow\quad
\mathbb{E}\!\left[\, \mathbf{z}_{jt}\, \xi_{jt}(\boldsymbol{\theta}_0)\,\right]=0,
 \qquad(55.5) and the estimator minimizes the empirical analogue, 𝛉̂=argmin𝛉(1N∑jt𝐳jtξjt(𝛉))⊤𝐖(1N∑jt𝐳jtξjt(𝛉)),(55.6)
\hat{\boldsymbol{\theta}}
= \arg\min_{\boldsymbol{\theta}}\;
  \Big(\tfrac{1}{N}\textstyle\sum_{jt}\mathbf{z}_{jt}\,\xi_{jt}(\boldsymbol{\theta})\Big)^{\!\top}
  \mathbf{W}
  \Big(\tfrac{1}{N}\textstyle\sum_{jt}\mathbf{z}_{jt}\,\xi_{jt}(\boldsymbol{\theta})\Big),
 \qquad(55.6) with weight matrix 𝐖\mathbf{W}. The standard instruments are cost shifters and functions of rival products’ characteristics (the BLP instruments), which shift a product’s price and markup through competition without entering its own demand.

The entire causal content rests on one identifying assumption: instrument exogeneity, 𝔼[ξjt∣𝐳jt]=0\mathbb{E}[\xi_{jt}\mid \mathbf{z}_{jt}]=0. Substantively, this requires that product characteristics and cost shifters be uncorrelated with the unobserved quality ξjt\xi_{jt}. That is precisely the assumption the Week 7 debate contests—firms that observe ξ\xi when they design and price products may choose characteristics correlated with it, in which case the instruments fail and the recovered price elasticity, along with every markup, merger, and welfare number built on it, is biased. As with the seminar’s other estimators, the BLP demand parameter becomes a finding only once its moment condition and its exclusion restriction are stated and defended in full.




55.18 Key Takeaways


	The seminar’s spine is a single arc—random utility → individual choice → aggregate demand → welfare—and a student’s job is to see pricing, assortment, merger, and new-product questions as instances of one estimation problem with one recurring threat, endogenous prices correlated with unobserved quality.

	The microfoundation runs from Thurstone (1927), Luce (1959), and McFadden (1974,

	through the scanner-choice application of Guadagni & Little (1983); the IIA limitation of the simple logit is repaired first by GEV/nested logit and then dissolved by the mixed logit, which McFadden & Train (2000) show can approximate any random-utility model.




	Heterogeneity is recovered either by hierarchical Bayes (Allenby & Rossi

	or by the mixing distribution of mixed logit; the two are asymptotically equivalent, so the choice between Bayesian MCMC and simulated likelihood is largely computational.




	The Berry inversion and the BLP random-coefficients model (Berry 1994; Berry, Levinsohn & Pakes 1995) carry the RUM to market-level data; as Section 55.17.1 shows, the contraction (Equation 55.3) linearizes the model in ξ\xi and the GMM moment (Equation 55.5) identifies demand only under instrument exogeneity.

	Relaxing the static, full-information benchmark—stockpiling and durables (Erdem & Keane 1996; Hendel & Nevo 2006; Gowrisankaran & Rysman 2012) and search/consideration (Roberts & Lattin 1991; Honka et al. 2017)—buys realism at the cost of additional unobservables (expectations, latent consideration) that must themselves be identified.

	Endogeneity corrections (Villas-Boas & Winer 1999; Petrin & Train 2010; Park & Gupta 2012) and the machine-learning frontier (Bajari et al. 2015; Athey & Imbens 2016; Gabel & Timoshenko 2022) extend the toolkit, but the demand system’s ultimate purpose remains the welfare and counterfactual computation that Petrin

	and Trajtenberg (1989) exemplify—numbers that inherit every maintained assumption of the model that produced them.










56 Dynamic Structural Models Seminar

Dynamic structural models take seriously the idea that the agents marketing studies—consumers and firms alike—are forward-looking: a choice today is made in the shadow of its consequences for tomorrow. A consumer deciding whether to buy a durable now or wait for a lower price, a household stockpiling detergent against future need, a firm timing a product launch or an entry, a salesperson pacing effort against a quota—each solves, implicitly, a dynamic optimization problem. This seminar studies how economists and marketing scientists write such problems down as Markov decision processes, estimate their deep parameters from choice data, and then use the estimated model to run counterfactuals: what would demand, prices, or profits look like under a policy the data never contained?

The intellectual arc runs from the single-agent dynamic discrete choice (DDC) problem—one forward-looking agent against an exogenous environment—to dynamic games, in which forward-looking firms best-respond to one another and the relevant equilibrium concept is Markov-perfect. The single-agent problem supplies the machinery: the Bellman equation, the value function, conditional choice probabilities, and the two great estimation paradigms (nested fixed point versus conditional-choice-probability methods). Dynamic games inherit that machinery and add the burden of equilibrium—multiplicity, computation, and the identification of payoffs from observed strategies. Marketing’s contribution has been to carry both into substantive territory the industrial-organization literature did not reach: consumer learning, stockpiling, customer-relationship dynamics, salesforce incentives, and advertising goodwill.

The central tension is unmistakable and worth stating at the outset. Dynamic structural models are expensive—computationally (solving and re-solving a dynamic program inside an estimation loop) and in terms of identification (the discount factor and per-period payoffs are notoriously hard to separate without strong normalizations or exclusion restrictions). What buys back that cost is the ability to answer questions a reduced-form regression structurally cannot: the effect of a price path never observed, the long-run consequence of a merger, the profit of a compensation plan not yet deployed. The seminar’s recurring discipline is to ask, of every model, what counterfactual does this buy, and at what identifying price?

A doctoral student who completes this map should be able to read a DDC or dynamic-games paper and reconstruct its primitives (state space, flow payoff, transition law, discount factor), name its estimator and identifying assumptions, and judge whether its counterfactual is credible. This chapter is the reading-map companion to the more technical treatments elsewhere in the book: the strategic and dynamic models chapter (Chapter 54) develops the optimal-control and differential-game machinery, and the structural models chapter develops static demand and supply estimation. Here the object is the dynamics—forward-looking optimization estimated structurally—and the seminar is organized to take a student from Rust’s bus engines to deep reinforcement learning over fourteen weeks.


56.1 Semester arc

The semester is built in three movements. The first (Weeks 1–2) installs the single-agent framework and its two estimation paradigms. Rust’s (1987) bus-engine model is the field’s Drosophila: a single decision-maker (replace or keep an engine) whose optimal policy solves a Bellman equation, estimated by the nested fixed point (NFXP) algorithm. The conditional-choice-probability (CCP) revolution of Hotz and Miller (1993) then shows that the value function can be recovered from observed choice probabilities, trading a hard inner loop for a statistical inversion. These two weeks supply vocabulary the rest of the course presumes.

The second movement (Weeks 3–6) carries the single-agent model into marketing’s demand-side questions: forward-looking consumers facing falling durable prices, Bayesian consumer learning about quality, stockpiling of storable goods, and the dynamics of the customer relationship. Here marketing diverges from classical IO: the state variable is often a belief or an inventory internal to the consumer, and the data are panel scanner or CRM records rather than aggregate market shares. The third movement (Weeks 7–12) turns to dynamic games: the Ericson–Pakes framework and its estimation, then four substantive arenas— advertising goodwill, new-product launch and pricing, entry/exit and investment, and salesforce dynamics—where strategic forward-looking behavior is the object. The course closes (Weeks 13–14) at the computational frontier—machine learning and reinforcement learning for high-dimensional dynamics—and on counterfactuals, validation, and synthesis.

Two tags organize the readings. [F] = Foundational marks canon a structural modeler must know cold—the framework papers and estimators the field still builds on. [R] = Frontier/Recent marks an active research front, refreshed as the literature moves. Each week pairs at least one foundational anchor with a frontier application or method. DOIs are reproduced as verified against Crossref; works without a confirmed DOI record (older books, in particular) are named without a link and flagged. The Crossref-DOI convention is deliberate: every linked citation below resolves to a record whose author, title, year, and venue were confirmed, so a student can trust the link as a primary-source pointer rather than a reconstruction from memory.



56.2 Week 1 — The dynamic discrete choice framework

Topic. The single-agent forward-looking decision problem as a Markov decision process; the Bellman equation as the organizing object of the field.

Subtopics. State variables and the Markov transition law; the per-period (flow) payoff; the discount factor; the value function and the optimal policy; the additive-separability and conditional-independence assumptions that make the problem tractable.

Methods. Dynamic programming; value-function iteration; the contraction mapping that defines the fixed point.

Key readings.


	Rust (1987), “Optimal Replacement of GMC Bus Engines: An Empirical Model of Harold Zurcher,” Econometrica—the founding empirical DDC model and the template for the entire literature. doi:10.2307/1911259 [F]

	Bellman (1957), “A Markovian Decision Process,” Indiana University Mathematics Journal—the dynamic-programming foundation the empirical literature inherits. doi:10.1512/iumj.1957.6.56038 [F]

	Aguirregabiria & Mira (2010), “Dynamic Discrete Choice Structural Models: A Survey,” Journal of Econometrics—the field’s canonical map; read as the syllabus-in-one-paper. doi:10.1016/j.jeconom.2009.09.007 [F]



Debate. Is the conditional-independence assumption (the unobservable enters additively and is i.i.d. over time) a harmless tractability device or a binding substantive restriction? When does serially correlated unobserved heterogeneity break the standard framework?



56.3 Week 2 — Estimation: NFXP versus CCP

Topic. The two estimation paradigms for single-agent DDC and the computational trade-off between them.

Subtopics. The nested fixed point algorithm (solve the dynamic program at every trial parameter, then evaluate the likelihood); the Hotz–Miller inversion (recover choice-specific value differences from observed conditional choice probabilities); conditional-choice simulation; two-step versus iterated CCP.

Methods. Nested fixed point maximum likelihood; Hotz–Miller inversion; forward-simulation of value functions; the nested pseudo-likelihood (NPL) iteration.

Key readings.


	Rust (1987), “Optimal Replacement of GMC Bus Engines,” Econometrica—NFXP as the full-solution benchmark estimator. doi:10.2307/1911259 [F]

	Hotz & Miller (1993), “Conditional Choice Probabilities and the Estimation of Dynamic Models,” Review of Economic Studies—the inversion that frees the value function from the inner loop. doi:10.2307/2298122 [F]

	Hotz, Miller, Sanders & Smith (1994), “A Simulation Estimator for Dynamic Models of Discrete Choice,” Review of Economic Studies—conditional-choice simulation that makes CCP estimation practical. doi:10.2307/2297981 [F]

	Aguirregabiria & Mira (2002), “Swapping the Nested Fixed Point Algorithm: A Class of Estimators for Discrete Markov Decision Models,” Econometrica—the NPL algorithm bridging NFXP and CCP. doi:10.1111/1468-0262.00340 [R]



Debate. Full-solution (NFXP) versus two-step (CCP): NFXP is statistically efficient but computationally heavy and sensitive to the inner-loop tolerance; CCP is fast but loses efficiency and leans on a first-stage estimate of choice probabilities. Which trade-off dominates depends on state-space size and sample.



56.4 Week 3 — Forward-looking consumers: durables and adoption

Topic. Consumers who delay purchase of a durable in anticipation of falling prices or improving quality, and the demand dynamics that follow.

Subtopics. Intertemporal substitution in durable demand; the option value of waiting; adoption timing; price expectations; aggregation of forward-looking heterogeneous consumers.

Methods. Dynamic discrete choice with a “wait” option; estimation under price expectations; embedding DDC in a differentiated-products demand system.

Key readings.


	Gowrisankaran & Rysman (2012), “Dynamics of Consumer Demand for New Durable Goods,” Journal of Political Economy—the workhorse dynamic-demand model for durables with falling prices and rising quality. doi:10.1086/669540 [F]

	Nair (2007), “Intertemporal Price Discrimination with Forward-Looking Consumers: Application to the US Market for Console Video-Games,” Quantitative Marketing and Economics—forward-looking consumers enable (and constrain) skimming. doi:10.1007/s11129-007-9026-4 [R]

	Melnikov (2012), “Demand for Differentiated Durable Products: The Case of the U.S. Computer Printer Market,” Economic Inquiry—an early forward-looking durable-demand model (long-circulated as a 2001 working paper). doi:10.1111/j.1465-7295.2012.00501.x [F]



Debate. How are consumers’ price expectations identified—rational expectations imposed, or expectations estimated from the observed price process? Does ignoring forward-looking behavior bias the price elasticity, and in which direction?



56.5 Week 4 — Consumer learning

Topic. Consumers who are uncertain about product quality and learn over time from experience and signals, generating dynamics in brand choice.

Subtopics. Bayesian updating of quality beliefs; experimentation and the value of information; risk aversion over uncertain quality; the distinction between state dependence and learning.

Methods. Dynamic structural models with Bayesian belief states; estimation of learning parameters from panel choice; separating learning from heterogeneity.

Key readings.


	Erdem & Keane (1996), “Decision-Making Under Uncertainty: Capturing Dynamic Brand Choice Processes in Turbulent Consumer Goods Markets,” Marketing Science—the foundational consumer-learning model in marketing. doi:10.1287/mksc.15.1.1 [F]

	Crawford & Shum (2005), “Uncertainty and Learning in Pharmaceutical Demand,” Econometrica—learning about match quality drives demand persistence in prescription drugs. doi:10.1111/j.1468-0262.2005.00612.x [R]



Debate. Learning versus structural state dependence versus persistent unobserved heterogeneity—three observationally similar sources of choice persistence. What variation (e.g., quality shocks, signal informativeness) separates them?



56.6 Week 5 — Stockpiling and dynamics in demand

Topic. Households that hold inventory of storable goods and time purchases to sales, so that observed demand confounds consumption with stockpiling.

Subtopics. Consumer inventory as a state variable; the dynamic response to temporary price cuts; the bias in static price elasticities from ignoring stockpiling; promotion dynamics and post-promotion troughs.

Methods. Dynamic discrete/continuous choice with an inventory state; estimation from household scanner panels; counterfactual elimination of sales.

Key readings.


	Hendel & Nevo (2006), “Measuring the Implications of Sales and Consumer Inventory Behavior,” Econometrica—the structural model that separates stockpiling from genuine demand response. doi:10.1111/j.1468-0262.2006.00721.x [F]

	Hendel & Nevo (2006), “Sales and Consumer Inventory,” RAND Journal of Economics—the companion treatment of why firms run sales when consumers store. doi:10.1111/j.1756-2171.2006.tb00030.x [F]



Debate. How much of the measured short-run price elasticity is intertemporal substitution (stockpiling) versus consumption response? The distinction matters enormously for the welfare and profit evaluation of promotions.



56.7 Week 6 — Customer and CRM dynamics

Topic. The customer relationship as a dynamic system: forward-looking customers responding to coupons, prices, and service, and firms managing the relationship over its lifetime.

Subtopics. Expectations of future promotions and their effect on current purchase; dynamic customer-relationship pricing; acquisition versus retention as a dynamic trade-off; proactive, adaptive customer management.

Methods. Dynamic structural models of purchase timing; dynamic programming for customer-level pricing; adaptive (Bayesian) learning over customer types.

Key readings.


	Gönül & Srinivasan (1996), “Estimating the Impact of Consumer Expectations of Coupons on Purchase Behavior: A Dynamic Structural Model,” Marketing Science— forward-looking coupon expectations shape current purchase. doi:10.1287/mksc.15.3.262 [F]

	Lewis (2005), “A Dynamic Programming Approach to Customer Relationship Pricing,” Management Science—pricing the customer as a dynamic-programming problem over acquisition and retention. doi:10.1287/mnsc.1050.0373 [R]

	Sun, Li & Zhou (2006), “‘Adaptive’ Learning and ‘Proactive’ Customer Relationship Management,” Journal of Interactive Marketing—adaptive learning over customer responses for proactive intervention. doi:10.1002/dir.20069 [R]



Debate. Do customers truly anticipate future promotions (rational expectations), and does serving them dynamically beat a myopic policy by enough to justify the modeling cost? Where does the CRM-dynamics literature meet the customer lifetime value chapter’s reduced-form tradition?



56.8 Week 7 — Dynamic games: theory

Topic. Forward-looking firms in strategic interaction; the Markov-perfect equilibrium concept and the Ericson–Pakes framework for industry dynamics.

Subtopics. Markov strategies and Markov-perfect equilibrium (MPE); the state of the industry as the payoff-relevant state; entry, exit, and investment as the dynamic controls; existence and the computation of equilibrium.

Methods. Stochastic games; value-function iteration in strategy space; the Pakes–McGuire algorithm for computing MPE.

Key readings.


	Ericson & Pakes (1995), “Markov-Perfect Industry Dynamics: A Framework for Empirical Work,” Review of Economic Studies—the framework that makes dynamic oligopoly empirically tractable. doi:10.2307/2297841 [F]

	Pakes & McGuire (1994), “Computing Markov-Perfect Nash Equilibria: Numerical Implications of a Dynamic Differentiated Product Model,” RAND Journal of Economics—the computational engine behind the framework. doi:10.2307/2555975 [F]



Debate. Equilibrium multiplicity is the field’s original sin: when many MPE exist, which does the data reflect, and what does a counterfactual mean if the equilibrium itself can shift? Is the Markov restriction on strategies substantive or a convenience?



56.9 Week 8 — Estimation of dynamic games

Topic. Bringing dynamic games to data without solving for equilibrium at every trial parameter; two-step estimators built on the CCP idea.

Subtopics. Recovering policies (CCPs) in a first stage, payoffs in a second; forward-simulation of value functions; the asymptotic-least-squares and pseudo-maximum-likelihood approaches; handling multiple equilibria in estimation.

Methods. Two-step CCP estimation for games; minimum-distance and least-squares estimators; simulation of continuation values.

Key readings.


	Bajari, Benkard & Levin (2007), “Estimating Dynamic Models of Imperfect Competition,” Econometrica—the simulation-based two-step estimator for dynamic games. doi:10.1111/j.1468-0262.2007.00796.x [F]

	Aguirregabiria & Mira (2007), “Sequential Estimation of Dynamic Discrete Games,” Econometrica—the nested pseudo-likelihood estimator for games. doi:10.1111/j.1468-0262.2007.00731.x [F]

	Pesendorfer & Schmidt-Dengler (2008), “Asymptotic Least Squares Estimators for Dynamic Games,” Review of Economic Studies—a general least-squares class unifying the two-step estimators. doi:10.1111/j.1467-937x.2008.00496.x [R]



Debate. Two-step estimators sidestep equilibrium computation but assume the data are generated by a single equilibrium played consistently. Is that assumption tenable across markets, and how do finite-sample biases in the first-stage CCPs propagate into payoff estimates?



56.10 Week 9 — Advertising dynamics

Topic. Advertising as an investment in a goodwill stock that decays, and the dynamic competition in advertising that follows.

Subtopics. The Nerlove–Arrow goodwill stock; carryover and decay; pulsing versus even advertising; dynamic advertising competition between firms.

Methods. Optimal-control foundations (goodwill capital); empirical dynamic games of advertising; estimation of carryover and competitive response.

Key readings.


	Nerlove & Arrow (1962), “Optimal Advertising Policy under Dynamic Conditions,” Economica—the goodwill-stock formulation underlying all advertising dynamics. doi:10.2307/2551549 [F]

	Dubé, Hitsch & Manchanda (2005), “An Empirical Model of Advertising Dynamics,” Quantitative Marketing and Economics—a structural dynamic game rationalizing advertising pulsing. doi:10.1007/s11129-005-0334-2 [R]



Debate. Does the data support pulsing as an equilibrium of a dynamic advertising game, or is it an artifact of S-shaped response and budget constraints? How is advertising’s long-run carryover separated from persistent demand shocks? This connects to the advertising-elasticity generalizations woven through the marketing-strategy seminar (Chapter 60).



56.11 Week 10 — New-product and pricing dynamics

Topic. The firm’s dynamic problem of when to launch, how to price over the life cycle, and when to exit, under demand uncertainty and forward-looking buyers.

Subtopics. Optimal launch and exit timing; learning about demand after launch; intertemporal price discrimination (skimming) against forward-looking consumers; the interaction of supply-side dynamics with demand-side dynamics.

Methods. Single-agent dynamic programming for the firm; demand estimation with forward-looking consumers feeding a dynamic pricing problem.

Key readings.


	Hitsch (2006), “An Empirical Model of Optimal Dynamic Product Launch and Exit Under Demand Uncertainty,” Marketing Science—launch and exit as a dynamic optimization with Bayesian demand learning. doi:10.1287/mksc.1050.0140 [F]

	Nair (2007), “Intertemporal Price Discrimination with Forward-Looking Consumers,” Quantitative Marketing and Economics—dynamic pricing when buyers strategically delay (revisited from Week 3 on the supply side). doi:10.1007/s11129-007-9026-4 [R]



Debate. When consumers are forward-looking, the firm’s optimal price path can invert the textbook skimming logic; how much pricing power survives consumer patience, and is the welfare loss from strategic delay first-order?



56.12 Week 11 — Entry, exit, and investment

Topic. Industry dynamics estimated structurally: how firms enter, exit, and invest, and how counterfactual policy reshapes market structure.

Subtopics. Sunk entry costs and scrap values; capacity and technology investment; environmental and regulatory shocks; equilibrium market structure as a counterfactual object.

Methods. Estimation of dynamic entry/exit games (two-step CCP); structural recovery of fixed and sunk costs; policy counterfactuals on market structure.

Key readings.


	Pakes, Ostrovsky & Berry (2007), “Simple Estimators for the Parameters of Discrete Dynamic Games (with Entry/Exit Examples),” RAND Journal of Economics—accessible estimators for entry/exit dynamics. doi:10.1111/j.1756-2171.2007.tb00073.x [F]

	Ryan (2012), “The Costs of Environmental Regulation in a Concentrated Industry,” Econometrica—a full dynamic-games policy evaluation of the Clean Air Act in cement. doi:10.3982/ecta6750 [R]



Debate. Ryan’s central methodological point—that static welfare analysis misses the entry-deterring effect of regulation that only a dynamic model captures—is the strongest single argument for the whole enterprise. When does the dynamic correction reverse the sign of a policy’s welfare verdict?



56.13 Week 12 — Salesforce and agent dynamics

Topic. The forward-looking employee: salespeople who pace effort against nonlinear incentive schemes, and the structural design of optimal compensation.

Subtopics. Dynamic effort under quotas and bonuses; ratcheting and gaming of incentive plans; structural estimation of effort costs; counterfactual contract design and field validation.

Methods. Dynamic structural models of agent effort; estimation from individual sales records; field experiments validating counterfactual contracts.

Key readings.


	Misra & Nair (2011), “A Structural Model of Sales-Force Compensation Dynamics: Estimation and Field Implementation,” Quantitative Marketing and Economics—a dynamic model estimated and then deployed, with measured profit gains. doi:10.1007/s11129-011-9096-1 [F]

	Chung, Steenburgh & Sudhir (2014), “Do Bonuses Enhance Sales Productivity? A Dynamic Structural Analysis of Bonus-Based Compensation Plans,” Marketing Science—decomposing how quarterly and annual bonuses move dynamic effort. doi:10.1287/mksc.2013.0815 [R]



Debate. Misra & Nair’s field implementation is the field’s gold standard for validation—the counterfactual contract was actually run and raised revenue. Does this set the bar that dynamic structural counterfactuals should clear, and is it attainable outside settings where the firm is a co-author?



56.14 Week 13 — Computational frontier: ML, RL, and high-dimensional dynamics

Topic. Machine learning and reinforcement learning as tools for the two bottlenecks of the field—approximating value functions over high-dimensional states and learning policies without solving the model analytically.

Subtopics. Function approximation of the value function (neural networks, sieves); temporal-difference and Q-learning; deep reinforcement learning; algorithmic pricing agents as a substantive and methodological object.

Methods. Neural-network approximation of dynamic programs; reinforcement learning; simulation-based policy learning at scale.

Key readings.


	Norets (2012), “Estimation of Dynamic Discrete Choice Models Using Artificial Neural Network Approximations,” Econometric Reviews—neural networks to approximate the value function inside DDC estimation. doi:10.1080/07474938.2011.607089 [F]

	Mnih et al. (2015), “Human-Level Control Through Deep Reinforcement Learning,” Nature—the deep-RL anchor (deep Q-networks) the marketing literature now borrows for high-dimensional dynamics. doi:10.1038/nature14236 [R]

	Calvano, Calzolari, Denicolò & Pastorello (2020), “Artificial Intelligence, Algorithmic Pricing, and Collusion,” American Economic Review—RL pricing agents that learn to collude, a frontier where method and substance fuse. doi:10.1257/aer.20190623 [R]



Debate. Reinforcement learning solves dynamic programs that were previously intractable, but at the cost of the interpretability and identification that made structural models useful for counterfactuals. Is an RL-learned policy a structural object one can run counterfactuals on, or a black-box predictor? Where ML buys flexibility, what identifying discipline replaces the parametric structure it discards?



56.15 Week 14 — Counterfactuals, model validation, and synthesis

Topic. The payoff and the peril of the whole enterprise: computing counterfactuals, validating them, and judging when the dynamic apparatus earns its cost.

Subtopics. Counterfactual policy simulation; out-of-sample and field validation; the role of identification (discount factor, normalization) in counterfactual credibility; choosing between reduced-form and structural answers.

Methods. Counterfactual simulation under the estimated model; validation against held-out or experimental data; sensitivity analysis over identifying assumptions.

Key readings.


	Misra & Nair (2011), “A Structural Model of Sales-Force Compensation Dynamics,” QME—field validation as the standard for a credible dynamic counterfactual (revisited as a capstone). doi:10.1007/s11129-011-9096-1 [F]

	Ryan (2012), “The Costs of Environmental Regulation in a Concentrated Industry,” Econometrica—the canonical demonstration that the dynamic counterfactual reverses the static welfare verdict. doi:10.3982/ecta6750 [R]

	Magnac & Thesmar (2002), “Identifying Dynamic Discrete Decision Processes,” Econometrica—what is and is not identified, and therefore which counterfactuals are credible. doi:10.1111/1468-0262.00306 [F]



Debate. The capstone question: given that the discount factor and flow payoffs are jointly under-identified without restrictions, which counterfactuals are robust to the normalization, and which silently inherit it? When should a researcher prefer a transparent reduced-form design to a structural model whose counterfactual rests on an untestable assumption?



56.16 Foundational vs. frontier at a glance

Foundational core (every student must know cold): Bellman (1957) on Markov decision processes; Rust (1987) for the single-agent model and NFXP; Hotz & Miller (1993) and Hotz, Miller, Sanders & Smith (1994) for the CCP revolution; Magnac & Thesmar (2002) for identification; Erdem & Keane (1996) for consumer learning; Hendel & Nevo (2006) for stockpiling; Gönül & Srinivasan (1996) for CRM dynamics; Ericson & Pakes (1995) and Pakes & McGuire (1994) for dynamic-games theory; Bajari, Benkard & Levin (2007) and Aguirregabiria & Mira (2007) for their estimation; Nerlove & Arrow (1962) for advertising goodwill; Hitsch (2006) for launch/exit; Pakes, Ostrovsky & Berry (2007) for entry/exit; Misra & Nair (2011) for salesforce dynamics; and Aguirregabiria & Mira (2010) as the field’s survey.

Frontier / actively updated (refresh each edition): Gowrisankaran & Rysman (2012) and Nair (2007) on durable and dynamic-pricing demand; Crawford & Shum (2005) on learning; Lewis (2005) and Sun, Li & Zhou (2006) on CRM dynamics; Pesendorfer & Schmidt-Dengler (2008) on game estimation; Dubé, Hitsch & Manchanda (2005) on advertising; Ryan (2012) on dynamic policy evaluation; Chung, Steenburgh & Sudhir (2014) on bonus dynamics; and the computational frontier—Norets (2012), Mnih et al. (2015), and Calvano et al. (2020). The split is pedagogical, not chronological: Rust (1987) is foundational because the field still writes its models in his notation; Ryan (2012) is “frontier” because its dynamic-policy method is still being extended.



56.17 How this chapter expands

The weekly map is a backbone designed to grow along several axes.


	A computation-and-code companion per estimator. Each estimator week (NFXP, CCP, two-step games, RL) should gain a runnable companion—value-function iteration on Rust’s bus problem, a Hotz–Miller inversion on simulated data, a Bajari–Benkard–Levin two-step on a toy entry game—so students implement, not merely read, the algorithms. The worked section below seeds this with the single-agent core.

	A refreshed computational frontier. Week 13 turns over fastest. As deep reinforcement learning, transformers for sequence-valued states, and neural-network-accelerated structural estimation mature, replace or supplement the frontier readings while keeping the foundational estimators fixed.

	An identification-and-validation spine. Every week names an identification challenge (the discount factor, the conditional-independence assumption, equilibrium multiplicity, first-stage CCP bias). A future edition should add a short identification note per week—exclusion restrictions for the discount factor, instruments for dynamic demand, validation designs—so the chapter teaches why a counterfactual is credible, not only how it is computed.

	Marketing-native applications as first-class modules. The IO scaffolding can be progressively rebalanced toward marketing’s own data and questions—CRM panels, recommendation and platform dynamics, dynamic targeting under privacy—each following the template of foundational estimator plus frontier application plus identification debate.



The following section supplies the worked treatment the map points to.


56.17.1 The single-agent dynamic discrete choice model

Consider an agent who, in each period tt, observes a state st=(xt,εt)s_t = (x_t,
\varepsilon_t), where xtx_t is observed by the econometrician and εt={εt(a)}a∈A\varepsilon_t = \{\varepsilon_t(a)\}_{a \in A} is a vector of choice-specific shocks unobserved by the econometrician but known to the agent. The agent chooses an action ata_t from a finite set AA to maximize the expected present value of flow payoffs, discounted at factor β∈(0,1)\beta \in (0,1): 𝔼[∑τ=t∞βτ−tu(xτ,aτ)+ετ(aτ)|st].(56.1)
\mathbb{E}\!\left[\sum_{\tau=t}^{\infty} \beta^{\tau-t}\,
u(x_\tau, a_\tau) + \varepsilon_\tau(a_\tau) \,\middle|\, s_t \right].
 \qquad(56.1) Two assumptions make this tractable (Rust 1987). Additive separability: the unobservable enters the period payoff additively as εt(a)\varepsilon_t(a). Conditional independence: xt+1x_{t+1} depends on (xt,at)(x_t, a_t) but not on εt\varepsilon_t, and εt+1\varepsilon_{t+1} is i.i.d. over time given xt+1x_{t+1}. The state then evolves by a Markov transition p(xt+1∣xt,at)p(x_{t+1} \mid x_t, a_t).

Define the integrated (or ex-ante) value function V(x)V(x) as the expected value before ε\varepsilon is realized. The Bellman equation is V(x)=∫maxa∈A{u(x,a)+ε(a)+β𝔼[V(x′)∣x,a]}g(ε)dε,(56.2)
V(x) = \int \max_{a \in A}
\Big\{ u(x,a) + \varepsilon(a)
+ \beta\, \mathbb{E}\big[\,V(x') \mid x, a\,\big] \Big\}\,
g(\varepsilon)\, d\varepsilon ,
 \qquad(56.2) where 𝔼[V(x′)∣x,a]=∑x′V(x′)p(x′∣x,a)\mathbb{E}[V(x') \mid x,a] = \sum_{x'} V(x')\, p(x' \mid x, a). It is convenient to define the choice-specific value function (the conditional value, net of the current shock): v‾(x,a)=u(x,a)+β∑x′V(x′)p(x′∣x,a).(56.3)
\bar v(x,a) = u(x,a) + \beta\, \sum_{x'} V(x')\, p(x' \mid x, a).
 \qquad(56.3) The agent chooses aa if v‾(x,a)+ε(a)≥v‾(x,a′)+ε(a′)\bar v(x,a) + \varepsilon(a) \ge \bar v(x,a') +
\varepsilon(a') for all a′a'.

When ε\varepsilon is i.i.d. Type-I extreme value, two classic results follow. The conditional choice probability (CCP) takes the multinomial-logit form P(a∣x)=exp(v‾(x,a))∑a′∈Aexp(v‾(x,a′)),(56.4)
P(a \mid x) = \frac{\exp\!\big(\bar v(x,a)\big)}
{\sum_{a' \in A} \exp\!\big(\bar v(x,a')\big)},
 \qquad(56.4) and the integrated value function has the closed form V(x)=log∑aexp(v‾(x,a))+γV(x) = \log \sum_{a}
\exp(\bar v(x,a)) + \gamma (with γ\gamma Euler’s constant). The map TT defined by Equation 56.2 is a contraction with modulus β\beta, so value-function iteration V(k+1)=TV(k)V^{(k+1)} = T V^{(k)} converges to the unique fixed point—the inner loop of the nested fixed point (NFXP) estimator. NFXP maximizes the likelihood ∏i,tP(ait∣xit;θ)\prod_{i,t} P(a_{it} \mid x_{it}; \theta) over structural parameters θ=(u-parameters,β)\theta =
(u\text{-parameters}, \beta), re-solving Equation 56.2 at every trial θ\theta.

The Hotz–Miller inversion (Hotz & Miller 1993) breaks this dependence on the inner loop. Under extreme-value errors, choice-specific value differences are recovered directly from the CCPs: v‾(x,a)−v‾(x,a0)=logP(a∣x)−logP(a0∣x),(56.5)
\bar v(x,a) - \bar v(x,a_0) = \log P(a \mid x) - \log P(a_0 \mid x),
 \qquad(56.5) for a reference action a0a_0. Because the CCPs P̂(a∣x)\hat P(a \mid x) can be estimated nonparametrically in a first stage, the continuation value can be expressed as a function of those estimated probabilities (the “inversion”), and the structural payoff parameters recovered in a fast second stage—often by forward-simulating paths under P̂\hat P (Hotz, Miller, Sanders & Smith 1994). This is the CCP estimator: cheaper than NFXP, at some cost in efficiency and a dependence on the first-stage P̂\hat P.

The identification problem is the field’s defining caveat. Two normalizations are unavoidable. First, the level of uu is not separately identified from the location of ε\varepsilon, so the flow payoff of a reference action is normalized (typically to zero). Second, and more seriously, the discount factor β\beta is generically not identified jointly with the flow payoff from choice data alone: many (u,β)(u,\beta) pairs rationalize the same CCPs (Magnac & Thesmar 2002). The standard practice is to fix β\beta at a calibrated value (e.g., 0.950.95 per period). Identifying β\beta from the data requires an exclusion restriction—a state variable that shifts the continuation value (it affects future payoffs) without entering the current flow payoff—so that variation in the future-only channel pins down how much the agent discounts. Whether a credible exclusion restriction exists is, in every application, the question on which the model’s dynamic counterfactuals ultimately stand or fall.




56.18 Key Takeaways


	Dynamic structural models treat consumers and firms as forward-looking optimizers solving a Markov decision process; the single-agent DDC model (Rust

	supplies the Bellman equation, value function, and conditional choice probabilities (Equation 56.2, Equation 56.4) that the entire literature, single- agent and games alike, presumes.




	Estimation splits into the full-solution nested fixed point (efficient, heavy) and the two-step CCP family (fast, less efficient), the latter built on the Hotz–Miller inversion (Equation 56.5) and extended to dynamic games by Bajari–Benkard–Levin and Aguirregabiria–Mira.

	Marketing carried the framework into its own questions—forward-looking durable demand (Gowrisankaran & Rysman 2012), consumer learning (Erdem & Keane 1996), stockpiling (Hendel & Nevo 2006), CRM and salesforce dynamics (Gönül & Srinivasan 1996; Misra & Nair 2011)—where the state is a belief, an inventory, or a relationship rather than a firm’s capital.

	Dynamic games add equilibrium (Ericson & Pakes 1995), and with it multiplicity and computational cost; their payoff to marketing and policy is the dynamic counterfactual—Ryan (2012) shows the dynamic correction can reverse a static welfare verdict, and Misra & Nair (2011) show a counterfactual contract can be validated in the field.

	The computational frontier (Norets 2012; Mnih et al. 2015; Calvano et al. 2020) uses machine learning and reinforcement learning to break the curse of dimensionality, trading parametric structure for flexibility—and raising anew the question of whether a learned policy supports credible counterfactuals.

	The discipline that governs everything is identification: the discount factor and flow payoffs are jointly under-identified (Magnac & Thesmar 2002), so most studies fix β\beta and lean on exclusion restrictions; a dynamic counterfactual is credible only to the extent its identifying normalization is defensible.







57 Field Experiments and Causal Inference Seminar

Causal inference is the discipline of saying not merely that two things move together but that one makes the other move. This chapter is a graduate seminar in how marketing and economics learned to make such claims credibly. Its organizing event is the credibility revolution: the shift, over roughly the past four decades, from regressions whose causal interpretation rested on untestable functional-form assumptions to design-based identification, where the credibility of a finding flows from how the data were generated—randomization, a discontinuity, an instrument, a policy shock—rather than from the cleverness of the estimator applied after the fact doi:10.1257/jep.24.2.3. The seminar treats the randomized field experiment as the gold standard and then works outward to the quasi-experimental designs—difference-in-differences, regression discontinuity, instrumental variables, synthetic control—that recover causal effects when randomization is impossible.

The substance matters because nearly every consequential marketing decision is a causal question. Does this advertising campaign cause incremental sales, or does it merely correlate with customers who would have bought anyway? Does a price cut cause enough new demand to pay for itself? The single most important empirical lesson of the past fifteen years—that observational estimates of advertising returns are off by an order of magnitude relative to experimental ones doi:10.1093/qje/qjv023—is a causal-inference lesson. A doctoral student who leaves this seminar should be able to read a paper and name its identification strategy, state the assumption under which its estimate is causal, identify what would break that assumption, and design a credible study of their own.

The central tension that runs through every week is internal versus external validity. A perfectly randomized experiment on a narrow population at a single firm identifies a causal effect for that setting with near-certainty (high internal validity) but says little, by itself, about whether the effect generalizes (external validity). Quasi-experiments and observational designs trade in the other direction, buying scope and realism at the cost of stronger assumptions. The frontier of the field—heterogeneous treatment effects, the economics of scaling, the replication crisis—is largely a sustained attack on this tension, asking how an effect estimated in one place transports to another, larger, later place.

This chapter is the doctoral reading-map companion to the technical chapter on causal inference (Chapter 40). Where that chapter derives the estimators, states the assumptions formally, and supplies runnable code, this one supplies the intellectual map: a full-semester progression through the canonical and frontier literature, the debates that animate each design, and the lineage that connects Rubin’s potential-outcomes notation to today’s double-machine-learning and marketplace-experiment frontiers. Read the two together: the map here, the machinery there.


57.1 Semester arc

A doctoral seminar in causal inference is the methodological backbone of modern empirical marketing and economics. It does not ask “what do consumers want?” but “how do we know that a marketing action caused the outcome we observed?” The arc begins with the conceptual foundation—the potential-outcomes (Neyman–Rubin) framework that defines a causal effect as a comparison of counterfactual states, and the fundamental problem that only one of those states is ever observed for any unit. From this footing the seminar establishes the experimental ideal: randomized and field experiments, online A/B testing at industrial scale, and the measurement of advertising returns, where experiments overturned two decades of observational consensus.

The middle of the semester is a systematic tour of quasi-experimental designs, each a strategy for approximating the experimental ideal when randomization is unavailable: difference-in-differences (and its modern reckoning with heterogeneous treatment timing), regression discontinuity, instrumental variables and the local-average-treatment-effect interpretation, synthetic control, and matching on the propensity score. Each design is taught the same way—intuition, identifying assumption, the threat that breaks it, and a marketing or economics application that made the design canonical. A short module on mediation and mechanism asks the harder question of why an effect occurs, where the identification problems multiply.

The seminar closes with the frontier: causal machine learning for heterogeneous treatment effects, the economics of external validity and scaling (why effects shrink when programs go to scale), the open-science and replication movement that disciplined the whole enterprise, and the newest designs for marketplaces where units interfere with one another and the stable-unit-treatment-value assumption fails. Throughout, the pedagogy is design-forward: every module names the identifying assumption—unconfoundedness, parallel trends, the exclusion restriction, continuity at the cutoff, no-interference—that stands between a comparison and a causal claim.

The reading map uses two tags: [F] = Foundational (canon a causal-inference scholar is expected to know cold) and [R] = Frontier/Recent (an active research front, refreshed as the literature moves). Each week pairs at least one foundational anchor with one frontier paper. DOIs are reproduced as verified against Crossref; works without a DOI-verified record—chiefly scholarly books and a pre-1995 journal article AEA never registered—are named without a link and flagged as such.



57.2 Week 1 — Potential outcomes and the credibility revolution

Topic. The conceptual foundation of all causal inference: the potential-outcomes framework, the fundamental problem of causal inference, and the historical shift toward design-based identification.

Subtopics. Counterfactuals and the Neyman–Rubin causal model; treatment assignment mechanisms; the stable-unit-treatment-value assumption (SUTVA); unconfoundedness; why “no causation without manipulation.”

Methods. Conceptual; the algebra of potential outcomes; randomization as the benchmark assignment mechanism.

Key readings.


	Rubin (1974), “Estimating Causal Effects of Treatments in Randomized and Nonrandomized Studies,” Journal of Educational Psychology. doi:10.1037/h0037350 — formalizes the potential-outcomes definition of a causal effect; the bedrock notation of the field. [F]

	Holland (1986), “Statistics and Causal Inference,” Journal of the American Statistical Association. doi:10.1080/01621459.1986.10478354 — names the “fundamental problem of causal inference” and the “no causation without manipulation” dictum. [F]

	Angrist & Pischke (2010), “The Credibility Revolution in Empirical Economics: How Better Research Design Is Taking the Con out of Econometrics,” Journal of Economic Perspectives. doi:10.1257/jep.24.2.3 — the manifesto of design-based identification. [F]

	Imbens & Rubin (2015), Causal Inference for Statistics, Social, and Biomedical Sciences, Cambridge University Press — the comprehensive modern textbook treatment of the potential-outcomes approach (book; cited without DOI). [F]



Debate. Potential outcomes (Rubin) vs. structural/graphical (Pearl) causal frameworks—rival languages or complementary ones? Is “no causation without manipulation” too restrictive for marketing constructs?

The potential-outcomes algebra introduced here—the definition of the average treatment effect and the selection-bias decomposition that randomization eliminates—is developed as a worked example in Chapter 40.



57.3 Week 2 — Randomized and field experiments

Topic. Randomization as the assignment mechanism that makes treatment independent of potential outcomes; the move from the lab to the field.

Subtopics. Randomized controlled trials (RCTs); the taxonomy of field experiments (artefactual, framed, natural); covariate balance and stratification; the econometrics of experiments and design-based standard errors.

Methods. Randomization inference; regression adjustment of experiments; clustered and stratified designs.

Key readings.


	Harrison & List (2004), “Field Experiments,” Journal of Economic Literature. doi:10.1257/0022051043004577 — the field-defining taxonomy distinguishing lab, field, and natural experiments. [F]

	Athey & Imbens (2017), “The Econometrics of Randomized Experiments,” in Handbook of Economic Field Experiments. doi:10.1016/bs.hefe.2016.10.003 — the modern econometric treatment of analyzing experiments. [F]

	Gerber & Green (2012), Field Experiments: Design, Analysis, and Interpretation, W. W. Norton — the standard graduate text on experimental design and analysis (book; cited without DOI). [F]

	Simester (2017), “Field Experiments in Marketing,” in Handbook of Economic Field Experiments. doi:10.1016/bs.hefe.2016.07.001 — surveys the design and pitfalls of marketing field experiments specifically. [R]



Debate. Do field experiments sacrifice control for realism, and how much? Are randomization-inference and design-based standard errors a genuine improvement or a formalization of what regression already did?



57.4 Week 3 — A/B testing and online experiments at scale

Topic. The industrialization of the experiment: running thousands of randomized trials on live digital products.

Subtopics. Controlled experiments on the web; overall evaluation criteria and metric design; sample-ratio mismatch and other trust pitfalls; sequential testing and peeking; the ghost-ad design for unbiased advertising baselines.

Methods. Large-scale A/B platforms; variance reduction (CUPED); sequential and always-valid inference; ghost/PSA control groups.

Key readings.


	Kohavi, Longbotham, Sommerfield & Henne (2009), “Controlled Experiments on the Web: Survey and Practical Guide,” Data Mining and Knowledge Discovery. doi:10.1007/s10618-008-0114-1 — the canonical practitioner’s guide to industrial online experimentation. [F]

	Johnson, Lewis & Nubbemeyer (2017), “Ghost Ads: Improving the Economics of Measuring Online Ad Effectiveness,” Journal of Marketing Research. doi:10.1509/jmr.15.0297 — a design that builds an unbiased, low-cost counterfactual for ad exposure. [R]

	Kohavi, Tang & Xu (2020), Trustworthy Online Controlled Experiments: A Practical Guide to A/B Testing, Cambridge University Press — the comprehensive modern reference on experimentation platforms and pitfalls (book; cited without DOI). [R]



Debate. Does the ability to run millions of experiments substitute for theory, or does cheap experimentation make theory more valuable for choosing what to test? Are short-window experimental metrics a good proxy for long-run value?



57.5 Week 4 — Advertising returns and measurement

Topic. The empirical episode in which experiments overturned observational wisdom: measuring the causal return to advertising.

Subtopics. Endogeneity of ad exposure (activity bias, targeting); the statistical power problem when sales are noisy and ad effects small; experimental vs. observational estimates of return on ad spend; brand keyword search and incrementality.

Methods. Large-field advertising experiments; comparison of experimental and regression/matching estimates; power analysis for small effects.

Key readings.


	Lewis & Rao (2015), “The Unfavorable Economics of Measuring the Returns to Advertising,” The Quarterly Journal of Economics. doi:10.1093/qje/qjv023 — shows that even very large experiments often cannot detect plausible ad effects, and that observational methods mislead. [F]

	Blake, Nosko & Tadelis (2015), “Consumer Heterogeneity and Paid Search Effectiveness: A Large-Scale Field Experiment,” Econometrica. doi:10.3982/ecta12423 — eBay’s branded paid-search experiment finds near-zero incremental returns for established firms. [F]



Debate. If advertising returns are this hard to measure, how should firms set budgets? Is the gap between observational and experimental estimates a generalizable warning or specific to digital channels?



57.6 Week 5 — Difference-in-differences

Topic. Identifying causal effects from policy or treatment changes by comparing the change in treated and control groups over time.

Subtopics. The 2×2 DiD estimator; the parallel-trends identifying assumption; two-way fixed-effects (TWFE) regression; the modern critique of staggered adoption (negative weights, “forbidden comparisons”); heterogeneity-robust estimators.

Methods. TWFE regression; event-study/dynamic specifications; Goodman-Bacon decomposition; Callaway–Sant’Anna group-time estimators.

Key readings.


	Card & Krueger (1994), “Minimum Wages and Employment: A Case Study of the Fast-Food Industry in New Jersey and Pennsylvania,” American Economic Review — the canonical DiD application that helped launch the credibility revolution (named without DOI link: the 1994 AER article predates AEA’s DOI registration; flagged). [F]

	Goodman-Bacon (2021), “Difference-in-Differences with Variation in Treatment Timing,” Journal of Econometrics. doi:10.1016/j.jeconom.2021.03.014 — decomposes the TWFE estimator and exposes the negative-weighting problem under staggered timing. [R]

	Callaway & Sant’Anna (2021), “Difference-in-Differences with Multiple Time Periods,” Journal of Econometrics. doi:10.1016/j.jeconom.2020.12.001 — a heterogeneity-robust group-time estimator that repairs the staggered-DiD bias. [R]

	de Chaisemartin & D’Haultfœuille (2020), “Two-Way Fixed Effects Estimators with Heterogeneous Treatment Effects,” American Economic Review. doi:10.1257/aer.20181169 — characterizes when TWFE recovers a sensibly weighted average of treatment effects. [R]



Debate. Is parallel trends ever testable, or only ever made plausible? Has the staggered-DiD literature genuinely changed conclusions, or mostly changed standard errors? This module is developed as the chapter’s worked example in Section 57.17.1.



57.7 Week 6 — Regression discontinuity

Topic. Recovering a causal effect from a threshold rule that assigns treatment discontinuously in a running variable.

Subtopics. Sharp vs. fuzzy designs; the continuity-at-the-cutoff identifying assumption; local linear estimation and bandwidth choice; manipulation of the running variable (the McCrary density test); the local nature of the RD estimand.

Methods. Local polynomial regression; bias-corrected robust inference; bandwidth selection; density and covariate-balance tests.

Key readings.


	Imbens & Lemieux (2008), “Regression Discontinuity Designs: A Guide to Practice,” Journal of Econometrics. doi:10.1016/j.jeconom.2007.05.001 — the practical estimation guide. [F]

	Lee & Lemieux (2010), “Regression Discontinuity Designs in Economics,” Journal of Economic Literature. doi:10.1257/jel.48.2.281 — the conceptual and applied survey, including the local-randomization interpretation. [F]

	Hartmann, Nair & Narayanan (2011), “Identifying Causal Marketing Mix Effects Using a Regression Discontinuity Design,” Marketing Science. doi:10.1287/mksc.1110.0670 — brings the RD design into marketing-mix measurement. [R]



Debate. How local is “local”—does an RD estimate at the cutoff inform decisions away from it? When is the continuity assumption more credible than parallel trends or an exclusion restriction?



57.8 Week 7 — Instrumental variables and the LATE

Topic. Using an instrument—a variable that shifts treatment but affects the outcome only through it—to identify causal effects under endogeneity.

Subtopics. Relevance and the exclusion restriction; the local average treatment effect (LATE) and compliance types (compliers, always-takers, never-takers, defiers); weak instruments; the monotonicity assumption.

Methods. Two-stage least squares; the Wald estimator; weak-instrument diagnostics; the LATE theorem.

Key readings.


	Angrist, Imbens & Rubin (1996), “Identification of Causal Effects Using Instrumental Variables,” Journal of the American Statistical Association. doi:10.1080/01621459.1996.10476902 — the potential-outcomes interpretation of IV and the LATE result. [F]

	Rossi (2014), “Even the Rich Can Make Themselves Poor: A Critical Examination of IV Methods in Marketing Applications,” Marketing Science. doi:10.1287/mksc.2014.0860 — a skeptical reassessment of instruments routinely used in marketing. [R]



Debate. Is the LATE a useful estimand or “the effect for an unidentifiable subpopulation”? How credible are the instruments common in marketing (e.g., cost-shifters, weather, BLP-style instruments)?



57.9 Week 8 — Synthetic control

Topic. Constructing a counterfactual for a single treated unit as a weighted combination of untreated units.

Subtopics. The synthetic-control estimator and donor pool; pre-treatment fit as the credibility criterion; placebo/permutation inference; comparative case studies; the relationship to DiD and matrix-completion methods.

Methods. Convex-weight optimization; placebo tests across units and time; sensitivity to donor-pool choice.

Key readings.


	Abadie, Diamond & Hainmueller (2010), “Synthetic Control Methods for Comparative Case Studies: Estimating the Effect of California’s Tobacco Control Program,” Journal of the American Statistical Association. doi:10.1198/jasa.2009.ap08746 — the estimator and the canonical Proposition 99 application. [F]

	Abadie (2021), “Using Synthetic Controls: Feasibility, Data Requirements, and Methodological Aspects,” Journal of Economic Literature. doi:10.1257/jel.20191450 — the mature survey: when the method is credible and what its assumptions require. [R]



Debate. Is a good pre-treatment fit sufficient evidence of a valid counterfactual, or can it be overfit? How should inference work with a single treated unit?



57.10 Week 9 — Matching and propensity scores

Topic. Approximating an experiment in observational data by balancing covariates between treated and control units under unconfoundedness.

Subtopics. The propensity score and its balancing property; matching, weighting, and subclassification; overlap/common support; the selection-on-observables assumption and its non-testability; sensitivity analysis.

Methods. Propensity-score matching and inverse-probability weighting; nearest-neighbor and kernel matching; balance diagnostics; replication of experimental benchmarks.

Key readings.


	Rosenbaum & Rubin (1983), “The Central Role of the Propensity Score in Observational Studies for Causal Effects,” Biometrika. doi:10.1093/biomet/70.1.41 — proves the propensity score is a balancing score; the theoretical foundation. [F]

	Dehejia & Wahba (2002), “Propensity Score-Matching Methods for Nonexperimental Causal Studies,” Review of Economics and Statistics. doi:10.1162/003465302317331982 — tests whether matching can recover an experimental benchmark (the LaLonde challenge). [F]



Debate. When does matching recover the experimental answer, and when does it fail (the LaLonde debate)? Is unconfoundedness ever defensible without a design argument behind it?



57.11 Week 10 — Mediation and mechanism

Topic. Moving from “does it work?” to “why does it work?”—decomposing a total effect into pathways, and the identification problems that creates.

Subtopics. The Baron–Kenny causal-steps procedure and its critique; direct and indirect effects; sequential ignorability; the danger of treating a measured mediator as if it were randomized; experimental manipulation of mediators.

Methods. Causal-steps and bootstrap mediation; the potential-outcomes mediation framework; sensitivity analysis for sequential ignorability; manipulation-of-mediator and measurement-of-mediation designs.

Key readings.


	Baron & Kenny (1986), “The Moderator–Mediator Variable Distinction in Social Psychological Research,” Journal of Personality and Social Psychology. doi:10.1037/0022-3514.51.6.1173 — the procedure that dominated applied mediation for decades. [F]

	Zhao, Lynch & Chen (2010), “Reconsidering Baron and Kenny: Myths and Truths about Mediation Analysis,” Journal of Consumer Research. doi:10.1086/651257 — the consumer-research reframing toward indirect-effect tests. [F]

	Imai, Keele & Tingley (2010), “A General Approach to Causal Mediation Analysis,” Psychological Methods. doi:10.1037/a0020761 — the formal potential-outcomes treatment with sensitivity analysis. [R]

	Bullock, Green & Ha (2010), “Yes, But What’s the Mechanism? (Don’t Expect an Easy Answer),” Journal of Personality and Social Psychology. doi:10.1037/a0018933 — argues that mediation is far harder to identify than the standard procedure admits. [R]



Debate. Can mechanism ever be established from a single experiment that randomizes only the treatment? Is the measured mediator an outcome, not a cause?



57.12 Week 11 — Heterogeneous effects and causal machine learning

Topic. Estimating how treatment effects vary across units, using machine learning to discover heterogeneity without overfitting.

Subtopics. Conditional average treatment effects (CATE); honest sample splitting; causal trees and forests; double/debiased (orthogonalized) machine learning; policy learning and targeting.

Methods. Causal trees and generalized random forests; Neyman-orthogonal moment conditions with cross-fitting; targeting-policy evaluation.

Key readings.


	Athey & Imbens (2016), “Recursive Partitioning for Heterogeneous Causal Effects,” Proceedings of the National Academy of Sciences. doi:10.1073/pnas.1510489113 — “honest” causal trees for valid inference on subgroup effects. [F]

	Wager & Athey (2018), “Estimation and Inference of Heterogeneous Treatment Effects Using Random Forests,” Journal of the American Statistical Association. doi:10.1080/01621459.2017.1319839 — causal forests with asymptotically valid confidence intervals. [R]

	Chernozhukov, Chetverikov, Demirer, Duflo, Hansen, Newey & Robins (2018), “Double/Debiased Machine Learning for Treatment and Structural Parameters,” The Econometrics Journal. doi:10.1111/ectj.12097 — orthogonalization and cross-fitting that let flexible ML estimate nuisances without contaminating the treatment estimate. [R]

	Athey & Imbens (2019), “Machine Learning Methods That Economists Should Know About,” Annual Review of Economics. doi:10.1146/annurev-economics-080217-053433 — the bridge survey tying prediction tools to causal estimands. [R]



Debate. Does data-driven heterogeneity discovery survive multiple-testing and specification-search concerns? Is “optimal targeting” from a CATE model robust to the distribution shift it induces?



57.13 Week 12 — External validity, scaling, and generalizability

Topic. Why effects estimated in one experiment shrink or vanish when programs are scaled, and how to anticipate it.

Subtopics. The “voltage drop” from pilot to scale; the threats to scalability (false positives, representativeness of population and situation, spillovers, supply-side constraints); nudge effects at scale; meta-analysis across sites.

Methods. Cross-site meta-analysis; structural reasoning about general-equilibrium and supply-side effects; comparison of academic vs. at-scale effect sizes.

Key readings.


	Al-Ubaydli, List & Suskind (2017), “What Can We Learn from Experiments? Understanding the Threats to the Scalability of Experimental Results,” American Economic Review (Papers & Proceedings). doi:10.1257/aer.p20171115 — frames the scalability problem and its sources. [F]

	DellaVigna & Linos (2022), “RCTs to Scale: Comprehensive Evidence from Two Nudge Units,” Econometrica. doi:10.3982/ecta18709 — finds nudge effects at scale are roughly a quarter of published academic estimates. [R]

	Al-Ubaydli, List & Suskind (2020), “The Science of Using Science: Toward an Understanding of the Threats to Scalability” (Klein Lecture), International Economic Review. doi:10.1111/iere.12476 — the extended treatment of why and when scaling fails. [R]

	List (2022), The Voltage Effect: How to Make Good Ideas Great and Great Ideas Scale, Currency — the synthesizing book-length account of scaling failures (book; cited without DOI). [R]



Debate. Is the publication-to-scale shrinkage a story of publication bias, of non-representative samples, or of genuine general-equilibrium effects? Can external validity be designed in, or only diagnosed after the fact?



57.14 Week 13 — Open science, power, and replication

Topic. The methodological reckoning that disciplined causal-inference practice: researcher degrees of freedom, underpowered studies, and replication.

Subtopics. pp-hacking and the garden of forking paths; pre-registration and registered reports; statistical power and the winner’s curse; large-scale replication projects and their verdicts.

Methods. Pre-registration and pre-analysis plans; power analysis; multi-lab replication; meta-analytic correction for bias.

Key readings.


	Simmons, Nelson & Simonsohn (2011), “False-Positive Psychology: Undisclosed Flexibility in Data Collection and Analysis Allows Presenting Anything as Significant,” Psychological Science. doi:10.1177/0956797611417632 — demonstrates how researcher degrees of freedom manufacture false positives. [F]

	Open Science Collaboration (2015), “Estimating the Reproducibility of Psychological Science,” Science. doi:10.1126/science.aac4716 — the large-scale replication that put the crisis on the map. [F]

	Camerer et al. (2018), “Evaluating the Replicability of Social Science Experiments in Nature and Science Between 2010 and 2015,” Nature Human Behaviour. doi:10.1038/s41562-018-0399-z — systematic replication of high-profile social-science experiments. [R]



Debate. Is pre-registration a cure or a constraint on discovery? How should a field weight a striking original finding against a null replication?



57.15 Week 14 — Frontier and synthesis: interference, marketplaces, and the design hierarchy

Topic. Where SUTVA fails—interference between units in marketplaces and networks—and a closing synthesis of how the designs rank.

Subtopics. Interference and spillovers; switchback and cluster-randomized designs for two-sided platforms; the bias from treating interfering units as independent; assembling the designs into a credibility hierarchy.

Methods. Switchback and cluster/geo experiments; randomization inference under interference; design-choice reasoning.

Key readings.


	Bojinov, Simchi-Levi & Zhao (2023), “Design and Analysis of Switchback Experiments,” Management Science. doi:10.1287/mnsc.2022.4583 — formal design of time-alternating experiments that handle temporal interference in marketplaces. [R]

	Lewis & Rao (2015), “The Unfavorable Economics of Measuring the Returns to Advertising,” The Quarterly Journal of Economics. doi:10.1093/qje/qjv023 — revisited as the capstone cautionary tale on power and design (from Week 4). [F]

	Angrist & Pischke (2010), “The Credibility Revolution in Empirical Economics,” Journal of Economic Perspectives. doi:10.1257/jep.24.2.3 — returned to as the synthesizing statement of the design-based program. [F]



Debate. When units interfere, is any design fully credible, or only less-biased? What is the right hierarchy: experiment > RD > DiD > IV > matching, or is the ranking context-dependent?



57.16 Foundational vs. frontier at a glance

Foundational core (every causal-inference student must know): Rubin (1974); Rosenbaum & Rubin (1983); Baron & Kenny (1986); Holland (1986); Card & Krueger (1994); Angrist, Imbens & Rubin (1996); Dehejia & Wahba (2002); Harrison & List (2004); Imbens & Lemieux (2008); Lee & Lemieux (2010); Angrist & Pischke (2010); Imbens & Rubin (2015); Abadie, Diamond & Hainmueller (2010); Athey & Imbens (2016, 2017); Lewis & Rao (2015); Blake, Nosko & Tadelis (2015); Kohavi et al. (2009); Gerber & Green (2012).

Frontier / actively updated (refresh each edition): Hartmann, Nair & Narayanan (2011); Rossi (2014); Wager & Athey (2018); Chernozhukov et al. (2018); Athey & Imbens (2019); Goodman-Bacon (2021); Callaway & Sant’Anna (2021); de Chaisemartin & D’Haultfœuille (2020); Sun & Abraham (2021); Abadie (2021); Imai, Keele & Tingley (2010); Bullock, Green & Ha (2010); Johnson, Lewis & Nubbemeyer (2017); Kohavi, Tang & Xu (2020); Al-Ubaydli, List & Suskind (2017, 2020); DellaVigna & Linos (2022); List (2022); Simmons, Nelson & Simonsohn (2011); Open Science Collaboration (2015); Camerer et al. (2018); Bojinov, Simchi-Levi & Zhao (2023); Simester (2017).

The split is pedagogical, not chronological: Rubin (1974) is foundational because the field still writes in its notation; the staggered-DiD reckoning of 2020–2021 is “frontier” because its estimators are still entering applied practice. Each module deliberately pairs at least one foundational anchor with a live frontier paper so students see both the canon and its moving edge.



57.17 How this chapter expands

The weekly map is a backbone, not a ceiling. It is designed to grow along four axes, with the worked section below as a template for turning a reading into an estimator with explicit identifying assumptions.


	A worked estimator per design. Each quasi-experimental week deserves the treatment that Section 57.17.1 gives difference-in-differences: the estimator, the identifying assumption stated formally, and the modern critique. Future editions should add parallel worked sections for RD (continuity and local polynomials), IV (the LATE and weak-instrument bias), and synthetic control (the weighting program and placebo inference), each cross-linked to the technical chapter Chapter 40.

	A marketing-application companion per week. Several modules already anchor on marketing applications (ghost ads, eBay paid search, RD marketing mix). A fuller edition would pair every design with a top-4 marketing study that deployed it, so the chapter teaches how marketing scholars adjudicate causal claims, not only how economists do.

	A refreshed frontier every two to three years. The heterogeneous-effects, scaling, and interference modules turn over fastest. Replace or supplement frontier readings as new estimators (matrix completion, synthetic difference-in-differences, modern bandit and adaptive designs) mature, keeping the foundational anchors fixed.

	Emerging modules as the field grows: adaptive and bandit experimentation; privacy-preserving and federated measurement as third-party identifiers disappear; long-run and surrogate outcomes; and causal inference with text/image data and large language models as treatments or mediators. Each should follow the template—foundational anchor, frontier paper, identification debate.



The following section supplies the worked treatment the map points to.


57.17.1 Difference-in-differences and the parallel-trends assumption

Difference-in-differences (DiD) is the workhorse of design-based identification when a treatment switches on for some units at some time and randomization is unavailable. The cleanest case is the 2×2 design: two groups (treated T=1T=1, control T=0T=0) observed in two periods (pre t=0t=0, post t=1t=1). Let YgtY_{gt} denote the average outcome in group gg at time tt. The DiD estimator is the difference of the two differences, τ̂DiD=(Y‾1,1−Y‾1,0)−(Y‾0,1−Y‾0,0),(57.1)
\hat\tau_{\text{DiD}}
= \big(\bar Y_{1,1} - \bar Y_{1,0}\big) - \big(\bar Y_{0,1} - \bar Y_{0,0}\big),
 \qquad(57.1) which removes any time-invariant level difference between the groups (the first subtraction in each term) and any common time trend (the second difference across groups). Equivalently, DiD is estimated by the two-way fixed-effects (TWFE) regression Yit=αi+λt+τDit+εit,(57.2)
Y_{it} = \alpha_i + \lambda_t + \tau\, D_{it} + \varepsilon_{it},
 \qquad(57.2) where αi\alpha_i is a unit fixed effect, λt\lambda_t a time fixed effect, Dit∈{0,1}D_{it}\in\{0,1\} indicates that unit ii is treated at time tt, and τ\tau is the parameter of interest. In the 2×2 case the OLS estimate of τ\tau in 17 exactly equals Equation 57.1.

Identification rests on the parallel-trends assumption. Writing Yit(0)Y_{it}(0) for the potential outcome under no treatment, the assumption is that, absent treatment, the treated and control groups would have evolved in parallel: 𝔼[Yi1(0)−Yi0(0)∣T=1]=𝔼[Yi1(0)−Yi0(0)∣T=0].(57.3)
\mathbb{E}\!\left[Y_{i1}(0) - Y_{i0}(0) \mid T=1\right]
= \mathbb{E}\!\left[Y_{i1}(0) - Y_{i0}(0) \mid T=0\right].
 \qquad(57.3) Parallel trends licenses using the control group’s observed change as the counterfactual change the treated group would have experienced. Under Equation 57.3, τ̂DiD\hat\tau_{\text{DiD}} is unbiased for the average treatment effect on the treated, ATT=𝔼[Yi1(1)−Yi1(0)∣T=1].(57.4)
\text{ATT} = \mathbb{E}\!\left[Y_{i1}(1) - Y_{i1}(0) \mid T=1\right].
 \qquad(57.4) The assumption is fundamentally untestable—it concerns an unobserved counterfactual—but it is made plausible by inspecting pre-treatment trends and estimating an event-study specification that allows the treatment effect to vary by lead and lag; coefficients on the pre-treatment leads should be statistically indistinguishable from zero if trends were parallel before treatment.

The modern critique concerns the common case of staggered adoption, where units are treated at different times. When 17 is estimated with such data, the single coefficient τ\tau is not a clean average of treatment effects. The TWFE estimand is a weighted average of all possible 2×2 comparisons, and crucially some of those comparisons use already-treated units as controls for newly-treated ones. When treatment effects are heterogeneous across groups or grow over time, these “forbidden comparisons” enter with negative weights, so τ\tau can be biased—even, in extreme cases, opposite in sign to every unit-level effect doi:10.1016/j.jeconom.2021.03.014. Formally, the Goodman-Bacon decomposition writes the TWFE estimate as τ̂TWFE=∑kskτ̂k,∑ksk=1,(57.5)
\hat\tau_{\text{TWFE}} = \sum_{k} s_k\, \hat\tau_k,
\qquad \sum_k s_k = 1,
 \qquad(57.5) a weighted sum over the distinct 2×2 sub-experiments indexed by kk, where some weights sks_k attached to already-treated-as-control comparisons can be negative. Heterogeneity-robust estimators repair this by restricting attention to clean comparisons—newly treated units against not-yet-treated controls—and aggregating group-time average treatment effects ATT(g,t)\text{ATT}(g,t) with non-negative weights doi:10.1016/j.jeconom.2020.12.001; doi:10.1016/j.jeconom.2020.09.006. The lesson generalizes: an estimator is only as credible as the comparison it secretly makes, and a single regression coefficient can hide an unfavorable weighting of the effects it claims to average.




57.18 Key Takeaways


	Causal inference rests on the potential-outcomes framework: a causal effect compares counterfactual states, only one of which is ever observed, so every design is a strategy for constructing a credible counterfactual doi:10.1037/h0037350; doi:10.1080/01621459.1986.10478354.

	The credibility revolution reorganized empirical work around design rather than functional form; the 14-week map runs from randomized and field experiments through the quasi-experimental designs (DiD, RD, IV, synthetic control, matching) to the frontier of heterogeneous effects, scaling, and interference doi:10.1257/jep.24.2.3.

	Experiments overturned observational consensus on advertising returns: large field experiments find effects far smaller—and often statistically undetectable—relative to regression and matching estimates doi:10.1093/qje/qjv023; doi:10.3982/ecta12423.

	Difference-in-differences identifies the ATT under parallel trends (Equation 57.3), but with staggered timing the naive TWFE coefficient

	is a negatively-weighted mixture of effects (Equation 57.5); heterogeneity-robust group-time estimators restore clean comparisons doi:10.1016/j.jeconom.2021.03.014; doi:10.1016/j.jeconom.2020.12.001.




	The field’s hardest open problems are about external validity: effects shrink from pilot to scale doi:10.3982/ecta18709, mechanism is far harder to identify than total effect doi:10.1037/a0018933, and replication disciplines the whole enterprise doi:10.1126/science.aac4716.

	This reading map is the doctoral companion to the technical causal-inference chapter (Chapter 40): the map names the designs, debates, and lineage; the technical chapter supplies the estimators, assumptions, and code.







58 Analytical Modeling Seminar

Analytical modeling in marketing is the practice of building stylized game-theoretic models—small enough to solve in closed form, rich enough to isolate one strategic force—and reading their equilibria for managerial and policy implications. Where the empirical chapters of this book estimate parameters from data, this chapter studies the logic that generates the data: why competing firms randomize discounts, when a manufacturer wants its retailers to compete, why personalization can hurt the firm doing it. The unifying method is the same throughout. State the players, their information, and the timing; solve backward for subgame-perfect (or perfect Bayesian) equilibrium; and characterize how the equilibrium moves with the primitives.

This chapter is built as a full-semester PhD seminar—the analytical / game-theoretic (economic-theory) track taught in the quantitative-modeling sequence of top doctoral programs. It opens with tools before topics: a demanding refresher in non-cooperative game theory and the solution concepts the literature actually uses (Nash, subgame perfection, Perfect Bayesian Equilibrium, and the mechanism-design / information-design vocabulary). It then walks the canonical application areas in the order theory developed them—price competition, promotions, channels, advertising, product line and signaling, information and disclosure, salesforce contracting—before turning to the dynamic and behavioral frontier. An analytical model is not a forecast; it is a controlled thought experiment whose value is the comparative static it isolates. The seminar habit worth internalizing is to ask, of any result, which single assumption is doing the work—because that is the assumption a referee will attack and the one a practitioner must check against their own market.








Presenting analytical work




Seminar craft and modeling craft are different skills. Three conventions reduce the friction of presenting theory to a skeptical audience: lead with the research question and the headline result, not the findings table, so the room is oriented before it can attack; never deny a known limitation—state it and give the reason the model still isolates the force of interest; and hold extensions in reserve, surfacing them only if the audience does not raise them first. These are rhetorical, not scientific, but they materially change how a correct result is received.








58.1 Semester arc

The analytical-modeling seminar trains students to build and solve equilibrium models of marketing phenomena—to take a managerial puzzle, strip it to a tractable game, solve for equilibrium, and extract a testable, often counterintuitive comparative-static result. The semester therefore opens with tools before topics: a fast, demanding refresher in non-cooperative game theory and the solution concepts the literature uses. Students arriving from a first-year microeconomic-theory sequence find weeks 1–2 a consolidation; those from an empirical background find them the steepest climb of the course.

The middle of the semester walks the canonical application areas in the order theory developed them: price competition and promotions; vertical channels and distribution; advertising as persuasion and as information; product line, quality, and signaling; information, disclosure, and reviews; and salesforce / principal–agent contracting. The ordering is pedagogically deliberate—each block reuses and sharpens the tools introduced earlier (promotions motivate mixed strategies; channels motivate double-marginalization and contracting machinery; signaling motivates PBE; salesforce motivates moral hazard and the revelation principle). Throughout, the seminar insists on the distinction between modeling for insight (the marketing-science tradition: simple models whose comparative statics overturn a managerial intuition) and modeling for measurement (the structural / empirical-IO tradition of the adjacent seminar). The recurring refrain is Moorthy’s and Wernerfelt’s question: what is the simplest model that produces this effect, and is the effect robust to the obvious extensions?

The final third turns to dynamics and frontier structure: durable-goods and forward-looking-consumer pricing; behavior-based price discrimination and customer recognition; network effects, platforms, and two-sided markets; and behavioral industrial organization. The course closes with a synthesis week on research craft—how to find a modeling question, how to know when a model is “done,” how analytical and empirical work speak to each other, and how to referee theory. Assessment is uniformly a referee report plus an original model proposal, because the terminal skill is not reading theory but producing it.



58.2 Week 1 — Game-Theory Tools I: Static Games, Nash, and the Modeling Stance

Topic. Normal-form games and the “modeling for insight” stance that defines analytical marketing. Foundational.

Subtopics. Normal-form games and Nash equilibrium; pure vs. mixed strategies; best-response and reaction functions; Bertrand vs. Cournot as the two workhorses of marketing competition; what makes a good marketing-theory question.

Methods. Writing down a game (players, actions, payoffs, timing, information); solving for pure- and mixed-strategy Nash; comparative statics.

Key readings.


	Moorthy, K. S. (1985), “Using Game Theory to Model Competition,” Journal of Marketing Research 22(3), pp. 262–282. (DOI to verify) — the field’s manifesto for analytical marketing modeling. [F]

	Tirole, J. (1988), The Theory of Industrial Organization, chs. 0–5, MIT Press. (book) — standard IO background on competition and the solution concepts the literature reuses. [F]

	Fudenberg, D. and Tirole, J. (1991), Game Theory, selected chapters, MIT Press. (book) — the reference grammar for everything that follows. [F]



Debate. Insight vs. realism; the role of functional-form assumptions; when a “result” is an artifact of the demand specification rather than a feature of the strategic environment.



58.3 Week 2 — Game-Theory Tools II: Dynamic Games, Information, and Refinement

Topic. Extensive-form games, incomplete information, and the equilibrium refinements modern marketing theory relies on. Foundational.

Subtopics. Extensive form and backward induction; subgame perfection; games of incomplete information and Bayesian Nash equilibrium; Perfect Bayesian and sequential equilibrium; signaling and belief refinements (intuitive criterion); a first look at mechanism/information design as the modern toolkit.

Methods. Solving signaling games; constructing and refining off-path beliefs; reading an information-design argument.

Key readings.


	Fudenberg, D. and Tirole, J. (1991), Game Theory (dynamic games, PBE, refinements), MIT Press. (book) — the canonical treatment of refinement. [F]

	Iyer, G. and Singh, S. (2022), “Persuasion Contest: Disclosing Own and Rival Information,” Marketing Science 41(4), pp. 682–709, doi:10.1287/mksc.2021.1333 — a frontier illustration of how Bayesian-persuasion / information-design ideas enter competitive marketing; the “where the tools are going” capstone. [R]



Debate. Multiplicity of equilibria and the legitimacy of refinements; whether information design is a genuinely new toolkit or a repackaging of signaling.



58.4 Week 3 — Price Competition and Differentiation

Topic. How firms soften price competition through differentiation. Foundational.

Subtopics. The Bertrand paradox and its resolutions; horizontal differentiation (Hotelling / spatial competition) and the principle of (minimum/maximum) differentiation; vertical differentiation and quality; the strategic value of softening price competition.

Methods. Solving location-then-price two-stage games; deriving differentiation as an equilibrium device.

Key readings.


	Hotelling, H. (1929), “Stability in Competition,” Economic Journal 39(153), pp. 41–57. (DOI to verify) — the origin of spatial differentiation. [F]

	Iyer, G. and Kuksov, D. (2012), “Competition in Consumer Shopping Experience,” Marketing Science 31(6), pp. 913–933, doi:10.1287/mksc.1120.0734 — shows when a non-price instrument (experience) differentiates vs. triggers escalation. [R]

	Pazgal, A., Soberman, D., and Thomadsen, R. (2016), “Profit-Increasing Asymmetric Entry,” International Journal of Research in Marketing 33(1), pp. 107–122, doi:10.1016/j.ijresmar.2015.08.002 — counterintuitive: entry can raise incumbent profit by relaxing price competition. [R]



Debate. Do firms differentiate to avoid competition or to match heterogeneous tastes? Is “minimum differentiation” robust to the pricing stage?



58.5 Week 4 — Promotions, Price Discrimination, and Mixed-Strategy Pricing

Topic. Why competing firms randomize discounts, and when price discrimination is constrained. Foundational (Narasimhan) → frontier (price-matching, fairness).

Subtopics. Why competing firms randomize discounts (loyal vs. switcher segments); temporal price discrimination and Hi-Lo vs. EDLP; price-matching guarantees as discrimination vs. collusion; behavioral limits on price discrimination.

Methods. Constructing mixed-strategy equilibria; segment-based price-discrimination models.

Key readings.


	Narasimhan, C. (1988), “Competitive Promotional Strategies,” Journal of Business 61(4), pp. 427–449, doi:10.1086/296442 — the mixed-strategy rationale for randomized promotions (Narasimhan 1988). [F]

	Chen, Y., Narasimhan, C., and Zhang, Z. J. (2001), “Consumer Heterogeneity and Competitive Price-Matching Guarantees,” Marketing Science 20(3), pp. 300–314, doi:10.1287/mksc.20.3.300.9766 — reframes a common practice as price discrimination, not collusion. [R]

	Feinberg, F. M., Krishna, A., and Zhang, Z. J. (2002), “Do We Care What Others Get? A Behaviorist Approach to Targeted Promotions,” Journal of Marketing Research 39(3), pp. 277–291, doi:10.1509/jmkr.39.3.277.19108 — social comparison / fairness constrains targeted discounting. [R]

	Varian, H. R. (1980), “A Model of Sales,” American Economic Review 70(4), pp. 651–659. (DOI to verify) — the canonical equilibrium-dispersion model of promotions. [F]



Debate. Are promotions discrimination, inventory/competition artifacts, or behavioral cues? Do price-match guarantees raise or lower prices?



58.6 Week 5 — Channels and Distribution I: Coordination and Double Marginalization

Topic. Why decentralized channels underperform and which contracts fix it. Foundational.

Subtopics. Double marginalization and channel coordination; two-part tariffs, quantity discounts, and resale price maintenance as coordinating contracts; coordinating channels under price and non-price competition; manufacturer control of retail competition.

Methods. Vertical-contracting models; designing wholesale contracts to align incentives; manufacturer-Stackelberg leadership.

Key readings.


	Jeuland, A. P. and Shugan, S. M. (1983), “Managing Channel Profits,” Marketing Science 2(3), pp. 239–272. (DOI to verify) — the foundational channel-coordination paper. [F]

	Iyer, G. (1998), “Coordinating Channels Under Price and Nonprice Competition,” Marketing Science 17(4), pp. 338–355, doi:10.1287/mksc.17.4.338 — the multi-instrument result: the optimal degree of retail competition differs across price and service. [F]

	Moorthy, K. S. (1987), “Managing Channel Profits: Comment,” Marketing Science 6(4), pp. 375–379. (DOI to verify) — the canonical refinement of the coordination argument. [F]



Debate. Which contractual instruments achieve coordination, and why is coordination so often not observed in practice?



58.7 Week 6 — Channels and Distribution II: Power, Conflict, and the Retail-Media Frontier

Topic. Channel power, bargaining, and the modern retail-media turn. Foundational → frontier.

Subtopics. Channel power and bargaining; vertical restraints and exclusivity; private labels and the manufacturer–retailer game; the modern “retail media” / in-store-media turn.

Methods. Bargaining solutions in vertical settings; dynamic channel pricing.

Key readings.


	Dukes, A. and Liu, Y. (2010), “In-Store Media and Distribution Channel Coordination,” Marketing Science 29(1), pp. 94–107, doi:10.1287/mksc.1080.0483 — in-store-media revenue alters retailer incentives and can mitigate double marginalization (an early theory of retail media networks). [R]

	Cosguner, K., Chan, T. Y., and Seetharaman, P. B. (2018), “Dynamic Pricing in a Distribution Channel in the Presence of Switching Costs,” Management Science 64(3), pp. 1212–1229, doi:10.1287/mnsc.2016.2649 — bridges channels and dynamics: inertial demand lets the retailer raise margins. [R]

	McGuire, T. W. and Staelin, R. (1983), “An Industry Equilibrium Analysis of Downstream Vertical Integration,” Marketing Science 2(2), pp. 161–191. (DOI to verify) — the classic case for decentralization as a strategic commitment. [F]



Debate. Who holds channel power and how is it modeled (Nash bargaining vs. Stackelberg)? Is retail media a coordination device or a rent-extraction tool?



58.8 Week 7 — Advertising: Persuasion, Information, and Targeting

Topic. Advertising as persuasion vs. information, and the strategic logic of targeting. Foundational (Nelson) → frontier (targeting, cheap talk).

Subtopics. Advertising as persuasion vs. information vs. complement; informative advertising and price competition; the targeting of advertising and its effect on differentiation; advertising as (cheap) talk.

Methods. Equilibrium advertising-intensity models; cheap-talk and verifiable-disclosure games.

Key readings.


	Iyer, G., Soberman, D., and Villas-Boas, J. M. (2005), “The Targeting of Advertising,” Marketing Science 24(3), pp. 461–476, doi:10.1287/mksc.1050.0117 — the modern result that advertising less to switchers raises differentiation and softens price competition (Iyer, Soberman, and Villas-Boas 2005). [F]

	Gardete, P. M. (2013), “Cheap-Talk Advertising and Misrepresentation in Vertically Differentiated Markets,” Marketing Science 32(4), pp. 609–621, doi:10.1287/mksc.2013.0772 — when unverifiable quality claims can still credibly transmit information. [R]

	Grossman, G. M. and Shapiro, C. (1984), “Informative Advertising with Differentiated Products,” Review of Economic Studies 51(1), pp. 63–81. (DOI to verify) — the workhorse model of informative advertising and price competition. [F]



Debate. Is advertising informative, persuasive, or a complementary good? When does targeting intensify vs. soften competition?



58.9 Week 8 — Product Line, Quality, and Signaling

Topic. Designing a product line and signaling unobservable quality. Foundational.

Subtopics. Product-line design and self-selection (second-degree price discrimination / damaged goods); quality choice; price and advertising as signals of quality; product variety with consumer evaluation costs.

Methods. Mechanism-design / self-selection (incentive-compatibility, single-crossing); separating vs. pooling signaling equilibria.

Key readings.


	Villas-Boas, J. M. (2009), “Product Variety and Endogenous Pricing with Evaluation Costs,” Management Science 55(8), pp. 1338–1346, doi:10.1287/mnsc.1090.1024 — fewer products can commit the firm not to extract all surplus when evaluation is costly. [F]

	Moorthy, K. S. (1984), “Market Segmentation, Self-Selection, and Product Line Design,” Marketing Science 3(4), pp. 288–307. (DOI to verify) — the foundational self-selection model of the product line. [F]

	Milgrom, P. and Roberts, J. (1986), “Price and Advertising Signals of Product Quality,” Journal of Political Economy 94(4), pp. 796–821. (DOI to verify) — the canonical model of dissipative signaling of quality. [F]



Debate. When is dissipative signaling (e.g., uninformative ad spend) credible? How fine should a product line be, and is cannibalization a bug or a feature?



58.10 Week 9 — Information, Disclosure, and Online Reviews

Topic. Strategic disclosure, manipulated word of mouth, and information design in markets. Frontier (with foundational disclosure roots).

Subtopics. Verifiable disclosure and unraveling; strategic / selective disclosure by firms and media; manipulation of word of mouth and reviews; information design / Bayesian persuasion in markets.

Methods. Disclosure/unraveling arguments; persuasion as choice of a signal structure.

Key readings.


	Mayzlin, D. (2006), “Promotional Chat on the Internet,” Marketing Science 25(2), pp. 155–163, doi:10.1287/mksc.1050.0137 — firms post disguised promotional chat; rational consumers partially undo it. [F]

	Zhu, Y. and Dukes, A. (2015), “Selective Reporting of Factual Content by Commercial Media,” Journal of Marketing Research 52(1), pp. 56–76, doi:10.1509/jmr.12.0379 — endogenous selective (not false) reporting by ad-funded media. [R]

	Iyer, G. and Singh, S. (2022), “Persuasion Contest: Disclosing Own and Rival Information,” Marketing Science 41(4), pp. 682–709, doi:10.1287/mksc.2021.1333 — competitive information design. [R]

	Kamenica, E. and Gentzkow, M. (2011), “Bayesian Persuasion,” American Economic Review 101(6), pp. 2590–2615. (DOI to verify) — the foundational statement of persuasion as the choice of a signal structure. [F]



Debate. Does information unravel in equilibrium? When can a sender benefit from committing to a noisy signal?



58.11 Week 10 — Salesforce, Incentives, and Principal–Agent Theory

Topic. Optimal sales compensation under moral hazard, and the structural turn. Foundational (Basu–Lal–Srinivasan–Staelin) → frontier (structural compensation).

Subtopics. Moral hazard and optimal sales-compensation contracts; quotas, commissions, and bonuses; multitasking and contract uniformity; the “estimate-then-optimize-then-implement” structural turn.

Methods. Principal–agent contracting (IC and IR constraints); multitasking; bridging theory to estimable dynamic models.

Key readings.


	Misra, S. and Nair, H. S. (2011), “A Structural Model of Sales-Force Compensation Dynamics: Estimation and Field Implementation,” Quantitative Marketing and Economics 9(3), pp. 211–257, doi:10.1007/s11129-011-9096-1 — recovers agents’ dynamic response to nonlinear incentives and redesigns the plan in the field (Misra and Nair 2011). [R]

	Daljord, Ø., Misra, S., and Nair, H. S. (2016), “Homogeneous Contracts for Heterogeneous Agents: Aligning Sales Force Composition and Compensation,” Journal of Marketing Research 53(2), pp. 161–182, doi:10.1509/jmr.14.0018 — why uniform contracts can be an equilibrium given selection. [R]

	Basu, A. K., Lal, R., Srinivasan, V., and Staelin, R. (1985), “Salesforce Compensation Plans: An Agency Theoretic Perspective,” Marketing Science 4(4), pp. 267–291. (DOI to verify) — the foundational agency model of sales compensation. [F]



Debate. How rich should real contracts be relative to theory’s predictions? Why are observed plans simpler than the optimum?



58.12 Week 11 — Dynamic Models I: Durable Goods, Forward-Looking Consumers, and Learning

Topic. Pricing against a forward-looking buyer and the seller’s own future. Foundational (Coase, Bass) → frontier (consumer learning, dynamic pricing).

Subtopics. The Coase conjecture and durable-goods pricing; intertemporal price discrimination with forward-looking consumers; new-product diffusion and dynamic pricing; consumer learning and endogenous loyalty.

Methods. Dynamic optimization / Markov-perfect equilibrium; the difference between open-loop and closed-loop strategies.

Key readings.


	Villas-Boas, J. M. (2004), “Consumer Learning, Brand Loyalty, and Competition,” Marketing Science 23(1), pp. 134–145, doi:10.1287/mksc.1030.0044 — forward-looking marginal consumers can be less price-sensitive than myopic ones. [F]

	Nair, H. (2007), “Intertemporal Price Discrimination with Forward-Looking Consumers: Application to the US Market for Console Video-Games,” Quantitative Marketing and Economics 5(3), pp. 239–292, doi:10.1007/s11129-007-9026-4 — the structural counterpart; quantifies declining-price paths for durables. [R]

	Coase, R. H. (1972), “Durability and Monopoly,” Journal of Law and Economics 15(1), pp. 143–149. (DOI to verify) — the conjecture that a durable-goods monopolist competes with its own future. [F]



Debate. How binding is the Coase conjecture with commitment devices? Myopic vs. rational-expectations consumers in pricing models.



58.13 Week 12 — Dynamic Models II: Behavior-Based Price Discrimination and Customer Recognition

Topic. Recognizing past customers and the strategic perils of personalization. Frontier.

Subtopics. Customer recognition and price cycles; behavior-based price discrimination (BBPD); poaching vs. retention; behavior-based advertising; the strategic perils of personalization.

Methods. Two-period (and infinite-horizon) recognition games; mapping privacy/data regimes to equilibrium prices.

Key readings.


	Villas-Boas, J. M. (2004), “Price Cycles in Markets with Customer Recognition,” RAND Journal of Economics 35(3), pp. 486–501, doi:10.2307/1593704 — endogenous price cycles over the customer relationship. [F]

	Zhang, J. (2011), “The Perils of Behavior-Based Personalization,” Marketing Science 30(1), pp. 170–186, doi:10.1287/mksc.1100.0607 — personalization can intensify competition and erode profits. [R]

	Chen, Y., Narasimhan, C., and Zhang, Z. J. (2001), “Individual Marketing with Imperfect Targetability,” Marketing Science 20(1), pp. 23–41, doi:10.1287/mksc.20.1.23.10201 — when better targeting is “win-win” vs. cut-throat. [R]

	Shen, Q. and Villas-Boas, J. M. (2018), “Behavior-Based Advertising,” Management Science 64(5), pp. 2047–2064, doi:10.1287/mnsc.2016.2719 — BBPD’s advertising analogue. [R]



Debate. Does data-driven targeting help or hurt the firms that use it? What is the welfare and privacy verdict on BBPD?



58.14 Week 13 — Network Effects, Platforms, and Two-Sided Markets

Topic. Network effects, tipping, and the platform-design problem. Frontier (with foundational network-effects roots).

Subtopics. Direct and indirect network effects; tipping and winner-take-all dynamics; two-sided pricing and the platform-design problem; commercial-network formation.

Methods. Two-sided pricing models; coordination games and tipping; network-formation equilibria.

Key readings.


	Dubé, J.-P., Hitsch, G. J., and Chintagunta, P. K. (2010), “Tipping and Concentration in Markets with Indirect Network Effects,” Marketing Science 29(2), pp. 216–249, doi:10.1287/mksc.1090.0541 — measures tipping from indirect network effects (video-game consoles). [R]

	Katona, Z. and Sarvary, M. (2008), “Network Formation and the Structure of the Commercial World Wide Web,” Marketing Science 27(5), pp. 764–778, doi:10.1287/mksc.1070.0349 — equilibrium link-buying explains web specialization (Katona and Sarvary 2008). [R]

	Wilbur, K. C. (2008), “A Two-Sided, Empirical Model of Television Advertising and Viewing Markets,” Marketing Science 27(3), pp. 356–378, doi:10.1287/mksc.1070.0303 — the two-sided media-market modeling benchmark. [R]

	Katz, M. L. and Shapiro, C. (1985), “Network Externalities, Competition, and Compatibility,” American Economic Review 75(3), pp. 424–440. (DOI to verify) — the foundational statement of network externalities (Katz and Shapiro 1985). [F]



Debate. When do markets tip? Who should subsidize which side, and does platform competition discipline pricing?



58.15 Week 14 — Behavioral Industrial Organization and Research Craft (Synthesis)

Topic. Non-standard consumers in equilibrium, and the craft of producing and refereeing theory. Frontier.

Subtopics. Models with non-standard consumers—reference dependence, fairness, limited attention, naïveté/present bias; how behavioral assumptions change equilibrium predictions; research craft: finding a question, knowing when a model is “done,” theory ↔︎ empirics, and refereeing.

Methods. Embedding behavioral primitives in equilibrium models; reading and writing a referee report; constructing an original modeling proposal.

Key readings.


	Zhu, Y. and Dukes, A. (2017), “Prominent Attributes Under Limited Attention,” Marketing Science 36(5), pp. 683–698, doi:10.1287/mksc.2017.1037 — firms make attributes prominent to exploit limited attention, reshaping price competition. [R]

	Misra, K., Schwartz, E. M., and Abernethy, J. (2019), “Dynamic Online Pricing with Incomplete Information Using Multiarmed Bandit Experiments,” Marketing Science 38(2), pp. 226–252, doi:10.1287/mksc.2018.1129 — learning-and-earning pricing where the firm, not just the consumer, is the learner. [R]

	Dubé, J.-P. and Misra, S. (2023), “Personalized Pricing and Consumer Welfare,” Journal of Political Economy 131(1), pp. 131–189, doi:10.1086/720793 — a capstone tying theory, ML, and welfare. [R]

	DellaVigna, S. (2009), “Psychology and Economics: Evidence from the Field,” Journal of Economic Literature 47(2), pp. 315–372. (DOI to verify) — the survey that frames behavioral primitives for equilibrium modeling. [F]



Debate. Do behavioral models predict better or merely rationalize? How should analytical and empirical marketing inform each other?



58.16 Foundational vs. frontier at a glance









	Block
	Foundational core (the “must-know”)
	Frontier extensions (active research)





	Tools (Wk 1–2)
	Nash, SPE, PBE, signaling refinements
	Bayesian persuasion / information design



	Pricing & promotions (Wk 3–4)
	Hotelling differentiation; Narasimhan mixed-strategy promotions
	fairness / social-comparison limits; price-matching as discrimination



	Channels (Wk 5–6)
	Jeuland–Shugan / Iyer coordination; double marginalization
	retail media; dynamic channel pricing with switching costs



	Advertising (Wk 7)
	Iyer–Soberman–Villas-Boas targeting; informative-advertising models
	cheap-talk / disclosure advertising



	Product line & signaling (Wk 8)
	Moorthy self-selection; Milgrom–Roberts signaling
	endogenous variety with evaluation costs



	Information & disclosure (Wk 9)
	unraveling; Mayzlin promotional chat
	competitive information design



	Salesforce / P-A (Wk 10)
	Basu–Lal–Srinivasan–Staelin; Holmström
	structural compensation, field implementation



	Dynamics (Wk 11–12)
	Coase, Bass; Villas-Boas learning & price cycles
	forward-looking-consumer structural models; BBPD & personalization perils



	Platforms (Wk 13)
	Katz–Shapiro / Rochet–Tirole network effects
	empirical tipping; two-sided media models



	Behavioral IO (Wk 14)
	reference dependence, limited attention
	prominence/attention competition; bandit pricing; personalized-pricing welfare





Reading the map. A student must be fluent in the left column to pass qualifying exams; the right column is where dissertations are written. The seminar’s value-add over a pure economics IO course is the marketing-specific frontier—channels, salesforce, targeting, reviews/WOM, and the personalization/privacy interface—where marketing scholars, not economists, set the agenda.



58.17 How this chapter expands

The week-by-week map above is the seminar’s backbone; the worked models below are its frontier face. The remaining sections develop a connected set of platform-design models in full detail—players, information, equilibrium concept, and the single assumption that breaks each result—so that students see how the Week 5–6 channel machinery, the Week 13 two-sided-market logic, and the Week 14 personalization frontier combine in current research. They are deliberately deeper than a syllabus entry: each is a template for the kind of original model a seminar referee report and proposal must produce.

Three priorities should guide future revisions. First, verify and promote the named-but-uncited canon: works flagged (DOI to verify) above—Moorthy (1984, 1985, 1987), Jeuland–Shugan (1983), McGuire–Staelin (1983), Basu–Lal–Srinivasan–Staelin (1985), Milgrom–Roberts (1986), Coase (1972), Hotelling (1929), Varian (1980), Grossman–Shapiro (1984), Kamenica–Gentzkow (2011), Katz–Shapiro (1985), and DellaVigna (2009)—are the textbook spine of the seminar and should be confirmed against the Crossref version of record and added to the bibliography. Second, track the fast-moving frontier modules: information design, behavioral IO, platforms/two-sided markets, and the personalization–privacy interface each turn over 2–3 version-of-record papers per revision cycle. Third, consider promoting two modules to their own chapters: platforms / two-sided markets and the analytics–theory bridge (bandit pricing, ML-driven personalized pricing) are both large enough to stand alone.



58.18 Worked Frontier: Platform Competition and Design

A platform is a firm that intermediates transactions between two or more groups whose participation decisions are interdependent—the canonical two-sided market (Katz and Shapiro 1985). Modern marketplaces complicate the classical picture in a way that organizes most of the recent theory: the platform is not a neutral intermediary but a strategic actor that can host third-party sellers, compete against them as a first-party retailer, and control the information consumers receive through search and recommendation. The platform’s design levers—fees, entry, ranking, bundling, personalization—are the object of study.

Figure 58.1 fixes the three roles a platform plays in the models that follow. The same firm can occupy more than one node simultaneously, and the strategic interest of the literature lies precisely in the conflicts of interest that arise when it does.
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Figure 58.1: The three roles a platform can occupy simultaneously. Conflicts of interest arise on every edge: the platform-as-retailer competes with the sellers it hosts; the platform-as-intermediary controls the information consumers use to choose among those sellers.









58.18.1 The Threat of Platform Entry: Amazon’s Mid-Tail

The defining tension of a hybrid platform is that hosting a successful seller generates a per-unit fee today but reveals a profitable market the platform may enter and capture tomorrow. B. Jiang, Jerath, and Srinivasan (2011) formalize this as a signaling problem under the heading of the mid-tail: products too popular to be left to independent sellers (the platform will take them) yet not so commoditized that the platform sells them itself. The counterintuitive equilibrium behavior is that a high-demand seller may suppress its own sales to avoid revealing demand and triggering entry.

Consider one seller facing a platform with fixed entry cost F>0F > 0. In each of two periods the seller sets a price pp and a service level ee, and demand is q(p,e)=γ+e−bp,(58.1)
q(p, e) = \gamma + e - b\,p,
 \qquad(58.1) where γ\gamma is the demand intercept, b>0b > 0 the price sensitivity, and service is costly at the convex rate s(e)=ke2s(e) = k e^{2}. The seller’s type is its demand intercept: high, γ=γH\gamma = \gamma_H, with prior probability θ\theta, or low, γ=γL\gamma = \gamma_L, with probability 1−θ1 - \theta. The seller knows its type; the platform does not. The platform charges a per-unit fee ff, constant across the two periods, and after observing first-period outcomes decides whether to pay FF and enter.

The timing is a two-stage signaling game. In stage one, nature draws the type, the platform commits to ff, and the seller chooses whether to sell and, if so, (e(1),p(1))(e^{(1)}, p^{(1)}). In stage two, the platform updates its belief about the type from observed first-period sales and decides whether to enter; the seller, if still active, chooses (e(2),p(2))(e^{(2)}, p^{(2)}). The solution concept is perfect Bayesian equilibrium (PBE): strategies are sequentially rational given beliefs, and beliefs are derived from strategies by Bayes’ rule wherever possible.

The economics turn on two thresholds. If FF is large, entry is unprofitable regardless of demand and the platform commits to not entering; absent the threat, both seller types provide the same (high) service in both periods, because there is nothing to hide. If FF is small enough that the platform would enter upon learning γ=γH\gamma = \gamma_H, the high type faces a dynamic disincentive: high first-period sales betray high demand and invite entry, which expropriates its second-period profit. Three regimes result, summarized in Table 58.1.




Table 58.1: Three information regimes in the mid-tail entry game of B. Jiang, Jerath, and Srinivasan (2011).










	Regime
	Platform information
	Equilibrium behavior





	Full information
	Platform knows the type
	Platform enters iff demand is high and FF is low; first-best service in both periods



	Commitment not to enter
	Type irrelevant to entry
	Both types provide high service in both periods; no signaling distortion



	Incomplete information, entry possible
	Platform infers type from sales
	Separating: only the high type stays, earns in period 1, zero in period 2. Pooling: the high type mimics the low type’s restrained sales to mask its demand










The managerial reading inverts naive intuition. A high-demand mid-tail seller can be better off under the threat of entry than under a platform that commits never to enter, because the threat lets the platform justify a low per-unit fee ff in expectation—the platform forgoes fee revenue to keep the option of entering alive—and the low fee benefits both types ex ante. Consumer surplus follows a predictable arc: entry, when it occurs, reduces surplus early (the platform exploits its informational advantage) and raises it later. Finally, consumer reviews that proxy for service quality sharpen the platform’s inference and let it raise the optimal fee when the prior probability of a high type is low, and lower it when that probability is high. The result that breaks the clean separating equilibrium is the cost of mimicry: pooling survives only when the high type’s loss from restraining first-period sales is smaller than its expected loss from triggering entry.



58.18.2 Search Neutrality and Personalized Ranking

When the platform also ranks the sellers it hosts, its ranking rule is a competitive instrument. Search neutrality—a policy requiring the platform to rank by relevance alone, without favoring its own or any seller’s listing—sounds pro-consumer by analogy with net neutrality. Zou and Zhou (2021) show the analogy fails: with personalized search, neutrality can soften price competition and reduce consumer surplus, even as it improves the relevance of what consumers see.

The mechanism is that personalized ranking, unconstrained, lets the platform steer each consumer toward the listing that best fits them, which intensifies price competition because sellers know a low price can win prominence. Neutrality removes that lever: rankings become relevance-only and price loses its power to buy position, so sellers compete less aggressively and prices rise. Crucially the effect is specific to online personalized search; a neutrality rule applied to an offline store with a uniform display has no analogous price effect, because there is no personalization to suppress.

Formally, two consumer segments differ in their taste for first- versus third-party products and search sequentially. Search has a pre-search phase, in which consumers costlessly learn expected valuations, and a costly inspection phase, in which they learn exact match values. A consumer’s action set at any point is to buy the prominent product, to stop and not purchase, or to pay the search cost to inspect a non-prominent product. The game has three stages: sellers set prices, the platform sets personalized rankings, and consumers purchase. The platform trades commission earned on a relevance-maximizing ranking against the sales it can divert by promoting its own first-party product, under the maintained assumption that first-party sales are more profitable.

The policy lesson is cautionary on two fronts. Search neutrality is hard to implement for the same reason fair-lending rules are hard to implement without reference to protected attributes: the prohibited behavior (biased ranking) is defined by an intent that is not directly observable in the output. And because neutrality can raise prices while raising relevance, welfare analysis cannot stop at the relevance margin—the price-competition channel can dominate.



58.18.3 Strategic Listing with Sponsored and Organic Slots

Long, Jerath, and Sarvary (2022) enrich the ranking problem by letting the platform learn product quality from the advertising auction and use it to design the organic results. Two sellers compete for a query that returns one sponsored and one organic slot. Consumer preferences combine a vertical component (product quality qi∼U(0,1)q_i \sim
U(0,1), known only to seller ii) and a horizontal component (personal fit λki∼U(0,1)\lambda_{ki} \sim U(0,1), known only to the platform). The match probability of product ii for consumer kk is mki=θkqi+(1−θk)λki,(58.2)
m_{ki} = \theta_k\, q_i + (1 - \theta_k)\,\lambda_{ki},
 \qquad(58.2) where θk∼U(0,1)\theta_k \sim U(0,1) is the consumer’s private weight on quality versus fit. The seller knows qiq_i, the platform knows λki\lambda_{ki}, and the consumer knows θk\theta_k—a three-sided information structure.

The platform’s design choice is an information-sharing weight T∈[0,1]T \in [0,1]. It places in the organic slot the seller with the higher Tq̃i+(1−T)λkiT\,\tilde q_i + (1 - T)\,\lambda_{ki}, where q̃i\tilde q_i is the quality the platform infers from the seller’s bid. The key analytical step is that, in the seller’s optimal bidding equilibrium, the bid b(qi)b(q_i) is strictly increasing in qiq_i; therefore the bid is a credible signal and the platform can recover qiq_i exactly. Consumers, anticipating this, read the sponsored slot as the higher-quality seller and the organic slot as the seller with the higher weighted index. The timeline runs: the platform commits to (T,ϕ)(T, \phi) for information weight and commission rate ϕ\phi; sellers join; private types realize; sellers bid; the platform infers q̃i\tilde q_i and ranks; consumers search and buy.

The central comparative static, illustrated in Figure 58.2, decomposes the platform’s revenue into two channels with opposite shapes in TT. Commission revenue, ϕD(T)\phi\,D(T), is concave in TT through an information effect: too small a TT overvalues fit and wastes the quality information in bids, while too large a TT overvalues quality and degrades the match. Advertising revenue, 2∫01∫0qib(qi)dqidqj2\int_0^1\!\int_0^{q_i} b(q_i)\,\mathrm{d}q_i\,\mathrm{d}q_j, is increasing in TT through a competition effect: a higher TT raises each seller’s probability of winning both slots, intensifying the bidding.


T <- seq(0, 1, length.out = 201)
# Stylized functional forms matching the qualitative results: concave
# commission revenue, increasing convex-ish advertising revenue.
commission <- 0.9 - 1.6 * (T - 0.55)^2     # concave, interior peak
advertising <- 0.15 + 0.6 * T^1.3          # increasing in T
total <- commission + advertising

plot(T, total, type = "l", lwd = 2, ylim = range(c(commission, advertising, total)),
     xlab = "Information weight T", ylab = "Platform revenue (stylized)",
     main = "Strategic listing: commission vs. advertising revenue")
lines(T, commission, col = "steelblue", lwd = 2, lty = 2)
lines(T, advertising, col = "firebrick", lwd = 2, lty = 3)
abline(v = T[which.max(total)], col = "grey60", lty = 4)
legend("topleft", bty = "n",
       legend = c("Total", "Commission (concave)", "Advertising (increasing)"),
       col = c("black", "steelblue", "firebrick"), lwd = 2, lty = c(1, 2, 3))
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Figure 58.2: Stylized revenue channels from the strategic-listing model of Long et al. (2022). Commission revenue is concave in the information weight T (an information effect), while advertising revenue rises in T (a competition effect). The total is maximized at an interior weight.








Two further results sharpen the design problem. Fixing TT, total revenue rises with the commission rate ϕ\phi because the commission applies to sales from both slots and so dominates the advertising loss confined to the sponsored slot. Allowing both levers to vary, and giving sellers an outside option u0u_0, the optimal commission is ϕ⋆=1−u0/U(T,0)\phi^\star = 1 - u_0 / U(T, 0), which falls as TT rises: a larger TT raises bids and advertising fees, so the platform extracts less through commission. When sellers’ outside options are intermediate, the platform sets ϕ=0\phi = 0 and competes purely on the information weight; when they are large, sellers do not join. Comparison with a benchmark that bans strategic listing (organic results ignore auction information) shows the platform benefits from strategic listing overall—lower commission revenue but higher advertising revenue—provided the commission rate is not too high.



58.18.4 Personalized Pricing under Network Effects

Personalization on the price side interacts with network effects in a way that reverses the textbook welfare intuition. Absent network effects, price discrimination lowers the price offered to the low-valuation segment, as standard. Hajihashemi, Sayedi, and Shulman (2021) show that with network effects the sign flips: under a fulfilled-expectations equilibrium—consumers’ purchase decisions depend on the network size they rationally anticipate, and that anticipation must be correct in equilibrium (Katz and Shapiro 1985)—personalized pricing can raise the equilibrium price for the low-valuation consumer. The intuition is that the network externality makes each segment’s demand depend on the other’s participation, so the firm internalizes a cross-segment complementarity that standard discrimination ignores; when the network effect is strong, the firm prices the low segment up to seed the network. The effect vanishes as the network effect goes to zero, because then the marginal effect of a price cut on the anticipated reservation value is negligible. A welfare corollary follows: personalization can decrease the unconditional expected surplus of the low-valuation segment, precisely the group price discrimination is usually presumed to help.



58.18.5 Subscription Platforms and Channel Bargaining

A different platform problem arises when the platform bundles physical services from independent vendors into a subscription—ClassPass for fitness, or the hospitality passes that bundle hotels and resorts. Gal-Or and Shi (2022) ask when such a platform can profitably enter, and the answer is a channel-coordination result: entry succeeds only when the platform has a contractual instrument that softens the price competition its presence would otherwise create.

The setup places two vendors on a Hotelling line of unit length with transportation cost tt per unit distance, facing variety-seeking consumers. A consumer derives gross utility vv from one service and (1+α)v(1+\alpha)v from the variety of both, where α∈(0,1]\alpha \in (0,1] indexes the preference for variety. Vendor ii charges pip_i directly; the platform charges a subscription fee ss and may negotiate a quality level ki∈[0,1]k_i \in [0,1] that vendor ii delivers to platform subscribers. A consumer who buys only from vendor ii obtains U(xi,only i)=max{v−txi−pi,kiv−txi−s},(58.3)
U(x_i, \text{only } i) = \max\!\big\{\, v - t x_i - p_i,\ \ k_i v - t x_i - s \,\big\},
 \qquad(58.3) choosing between the direct channel and the platform, and a consumer who wants both obtains U(xi,both)=max{k1+k22(1+α)v−t−s,(1+α)v−t−(p1+p2)}.(58.4)
U(x_i, \text{both}) = \max\!\Big\{\, \tfrac{k_1 + k_2}{2}(1+\alpha) v - t - s,\ \
(1+\alpha) v - t - (p_1 + p_2) \,\Big\}.
 \qquad(58.4) The model assumes (1+α)v−t>0(1+\alpha)v - t > 0 for tractability, so the variety-seeking consumer always derives positive gross utility net of travel. Vendor ii’s market share, derived from the indifferent consumer, is MSi=t+s−pi−v[k1+k22(1+α)−1]t,(58.5)
\mathrm{MS}_i = \frac{t + s - p_i - v\big[\tfrac{k_1 + k_2}{2}(1+\alpha) - 1\big]}{t},
 \qquad(58.5) and the platform’s share is the residual demand from variety-seekers, MSp=v[(k1+k2)(1+α)−2]−t−2s+p1+p2t.(58.6)
\mathrm{MS}_p = \frac{v\big[(k_1 + k_2)(1+\alpha) - 2\big] - t - 2s + p_1 + p_2}{t}.
 \qquad(58.6)

The game has three stages. The platform decides whether to negotiate; it then bargains separately and simultaneously with each vendor over the contract; and finally all three parties set prices noncooperatively. Each bilateral negotiation is resolved by the generalized Nash bargaining solution, which requires the outside options. The platform’s outside option is zero—it cannot form without an agreement—while each vendor’s outside option wiw_i is its profit in the no-platform duopoly, which depends on (α,v,t)(\alpha, v, t) through the regime of competition.








Why outside options must be solved first




In bilateral bargaining the surplus to be split is total surplus minus the sum of disagreement payoffs. The vendors’ no-platform duopoly profits wiw_i are therefore not a side detail but the denominator of the whole analysis: they determine whether a platform can ever offer both vendors more than they would get alone. Gal-Or and Shi (2022) select, among multiple no-platform equilibria, the one that maximizes aggregate vendor profit, because side payments make the vendors care about the joint pie.







The no-platform duopoly profit wiw_i takes four forms depending on the transportation cost relative to valuation, summarized in Table 58.2.




Table 58.2: No-platform vendor outside options wiw_i across competitive regimes (Gal-Or and Shi 2022).










	Parameter region
	Outside option wiw_i
	Competitive reading





	11+α<vt<1\tfrac{1}{1+\alpha} < \tfrac{v}{t} < 1 (market not covered)
	v24t\dfrac{v^2}{4t}
	Each vendor is a local monopoly; high travel cost insulates them



	Covered market, single-vendor purchase
	12(v−t2)\tfrac{1}{2}\big(v - \tfrac{t}{2}\big)
	Multiple equilibria with p1+p2=2v−tp_1 + p_2 = 2v - t



	Low travel cost, low variety taste
	t2\dfrac{t}{2}
	Intense price competition



	Most-competitive region
	(αv)24t\dfrac{(\alpha v)^2}{4t}
	Differentiation collapses to the variety margin










With outside options in hand, each bilateral negotiation maximizes the Nash product of the parties’ net gains. Under a variable transfer fee regime, in which vendor ii pays the platform a per-customer fee mim_i plus a fixed transfer FiF_i, maxki,mi,FiNBip=[MSipi+miMSp+Fi−wi]β[MSp(s−mi−mj)−Fi−Fj]1−β,(58.7)
\max_{k_i,\, m_i,\, F_i}\ NB_{ip} =
\big[\mathrm{MS}_i p_i + m_i \mathrm{MS}_p + F_i - w_i\big]^{\beta}
\big[\mathrm{MS}_p(s - m_i - m_j) - F_i - F_j\big]^{1-\beta},
 \qquad(58.7) where β\beta is the vendor’s bargaining power and 1−β1 - \beta the platform’s. Under a quantity restriction regime, in which vendor ii caps the number of platform customers it serves at yiy_i, maxki,yi,FiNBip=[MSipi+Fi−wi]β[MSps−Fi−Fj]1−β.(58.8)
\max_{k_i,\, y_i,\, F_i}\ NB_{ip} =
\big[\mathrm{MS}_i p_i + F_i - w_i\big]^{\beta}
\big[\mathrm{MS}_p\, s - F_i - F_j\big]^{1-\beta}.
 \qquad(58.8)

The headline impossibility result is sharp. With only the two instruments (ki,Fi)(k_i, F_i)—service quality and a fixed transfer—no agreement is reachable, because adding the platform’s bundle intensifies price competition between the vendors and destroys the surplus the platform would need to capture (Proposition 1). The platform can enter only if it adds one of two competition-softening instruments: a per-customer transfer fee mim_i, or a quantity cap yiy_i. Both raise the equilibrium prices that would otherwise be competed down; the per-customer fee does so by raising the vendor’s effective marginal cost of a platform sale, and the quantity cap by directly limiting platform volume. In equilibrium the negotiated quality is k1=k2=1k_1 = k_2 = 1—neither side wants to degrade quality, because doing so only cannibalizes the channel—and the market is fully covered. Entry requires a sufficiently high variety parameter α\alpha and weak vendor competition; these are not the same condition, because two strongly differentiated vendors can be local monopolies with no incentive to join unless the platform opens an otherwise-unserved variety-seeking segment. A final comparison (Proposition 4) ranks the two regimes: the variable-transfer-fee regime yields higher industry profit when 94+6α<vt\tfrac{9}{4 + 6\alpha} < \tfrac{v}{t}—low travel cost and high variety taste—and the quantity restriction dominates otherwise. The general managerial lesson generalizes beyond subscriptions: a platform that bundles substitutes can coordinate the channel only when it holds an instrument that prices the competitive externality its bundle creates.




58.19 Worked Frontier: Intertemporal Pricing and Bundling

The second family of models studies a seller’s pricing across time. The strategic tension is not between competing firms but between the seller and its own future: a seller who will cut prices tomorrow teaches forward-looking consumers to wait today. Three forces recur—the heterogeneity of consumer willingness to pay, the split between myopic consumers (who optimize each period independently) and strategic consumers (who optimize across periods), and the seller’s ability or inability to commit to future prices.


58.19.1 Bundling across Time

A monopolist sells two products and faces a static choice of bundling strategy: pure components (PC, sell separately), pure bundling (PB, sell only the bundle), or mixed bundling (MB, offer both)—the last a form of second-degree price discrimination. Bundling homogenizes heterogeneous willingness to pay (the classic Stigler logic) while separate sales price-discriminate; the optimal mix depends on marginal cost and on the share of strategic consumers. Prasad, Venkatesh, and Mahajan (2017) embed this choice in a two-period problem and characterize when each sequence of strategies is optimal.

Let α\alpha be the fraction of myopic consumers and 1−α1 - \alpha the strategic fraction, with the bundle’s marginal cost equal to the sum of component costs cc. Under a pure-components-then-pure-components (PC–PC) policy, first-period myopic demand for each product is (1−P)α(1 - P)\alpha; second-period myopic demand at the discounted price P−δP - \delta is αδ\alpha\delta; and strategic demand, which waits for the discount, is (1−α)(1−P+δ)(1 - \alpha)(1 - P + \delta). The seller’s first-period profit is 2(P−c)(1−P)α2(P - c)(1 - P)\alpha and second-period profit is 2(P−δ−c)[αδ+(1−α)(1−P+δ)]2(P - \delta - c)\big[\alpha\delta + (1 - \alpha)(1 - P + \delta)\big]. Optimizing the two prices yields P1=1+c2+(2−α)(1−c)2(4−α),P2=1+c2−α(1−c)2(4−α),(58.9)
P_1 = \frac{1 + c}{2} + \frac{(2 - \alpha)(1 - c)}{2(4 - \alpha)},
\qquad
P_2 = \frac{1 + c}{2} - \frac{\alpha(1 - c)}{2(4 - \alpha)},
 \qquad(58.9) with total profit Π=2(1−c)24−α.(58.10)
\Pi = \frac{2(1 - c)^2}{4 - \alpha}.
 \qquad(58.10)

The comparative statics deliver the policy map: pure bundling in both periods is optimal when marginal costs are low; pure components in both periods when costs are high and consumers are mostly myopic; pure bundling then pure components when costs are moderate and consumers are mostly strategic; and mixed bundling in both periods when the market is dominated by strategic consumers. A notable implication is that the optimal bundle price can exceed the sum of optimal individual prices—bundling is not a discount device but a discrimination device.

A related but distinct problem is the event bundle: two events with different popularity sold over two periods. Events differ from durable products in being perishable and temporally ordered, and consumers may be uncertain about their valuation of a future event and about the seller’s commitment to its future price. Kolay and Tyagi (2022) let consumer valuations of the less-popular event be vL∼U(0,1)v_L \sim U(0,1) and of the more-popular event vH∼U(0,1+x)v_H \sim U(0, 1+x), where xx indexes the popularity gap. The seller chooses to sell the events independently, as a pure bundle, or under full or partial mixed bundling. The ordering result is memorable: when the seller controls the sequence, popular events should be saved for later—“save the best for last”—mirroring the result that lower-quality products should be introduced before higher-quality ones to manage intertemporal self-cannibalization (K. S. Moorthy and Png 1992).



58.19.2 Fairness Concerns and Intertemporal Prices

A behavioral wrinkle on intertemporal pricing is the consumer’s sense of price fairness: a price increase across periods can be perceived as unfair, and that perception enters the demand function. Diao, Harutyunyan, and Jiang (2019) show that consumer fairness concerns lower retail prices in both periods, while the wholesale price may rise in the first period. The often-cited intuition that a retailer raises the first-period price and cuts it later holds only under a centralized channel (manufacturer selling directly to consumers), not under a decentralized one. The model represents heterogeneity with a fraction α\alpha of fairness-concerned consumers whose disutility from an unfair increase enters the second-period demand function. A counterintuitive welfare consequence is that second-period unit sales are higher with fairness concerns than without, because the fairness constraint disciplines the channel and thereby alleviates the double-marginalization that otherwise depresses output.



58.19.3 Inventory Controls and Price Rigidity

Why are observed prices often flat over time even when demand shifts? Dana and Williams (2022) provide an oligopoly answer: with fixed capacity chosen before prices, firms set prices that are flat or uniform across periods in equilibrium, and inventory controls—sales limits that ration availability—are what make genuine intertemporal price discrimination possible. Firms first choose capacity, then compete in prices over two periods. The mechanism is that inventory controls mitigate price competition by committing each firm to withhold supply, which is profitable when demand becomes more inelastic over time. The model rationalizes a pervasive empirical regularity—price rigidity under demand variation—as an equilibrium outcome rather than a friction.




58.20 Worked Frontier: Algorithmic Fairness as an Economic Constraint

When a firm uses a machine-learning algorithm to screen consumers—approving loans, say—a fairness constraint on the algorithm is a normative input with economic consequences. Fu et al. (2021) compare two constraints widely discussed in the fairness literature: equal treatment (ET), which forbids using group membership in the decision rule, and equal opportunity (EO), which equalizes the true-positive rate across groups. The firm’s strategic choice is how much costly learning effort to invest in a better classifier.

The setup has a risk-neutral firm that accepts or rejects applicants drawn from a regular and a protected group, each of unit measure, with a fraction dd of “bad” (defaulting) consumers. A good consumer yields α\alpha, a bad consumer costs β\beta, so the group-level expected gains are αg=α(1−dg),βg=βdg,g∈{r,p},(58.11)
\alpha_g = \alpha(1 - d_g), \quad \beta_g = \beta\, d_g, \qquad g \in \{r, p\},
 \qquad(58.11) with rr the regular and pp the protected group. The firm pays a learning cost to raise the separability of good from bad applicants—indexed by efficiencies γr,γp\gamma_r, \gamma_p—and sets a group-specific approval threshold subject to either the ET or the EO constraint.

The results are uniformly unfavorable to the more demanding constraint. The firm is less motivated to invest in learning under EO than under ET, because EO caps the value of better discrimination in the harder-to-separate protected group; profit is lower under EO for the same reason; and EO can make everyone worse off—the regular group faces a higher threshold under EO than under ET, and the firm invests less in the algorithm overall, degrading accuracy for both groups. The optimal threshold and profit hinge on the protected-group bad-rate term βp\beta_p. The chapter’s general point is methodological: a fairness criterion is not a free constraint laid over a fixed algorithm but an argument in the firm’s optimization, and equilibrium adjustment of learning effort can reverse the criterion’s intended distributional effect.



58.21 Worked Frontier: Decentralized Channels

Most platform and pricing models above sit atop a distribution channel: an upstream supplier or manufacturer and a downstream retailer, whose separately optimized markups create the double-marginalization problem. Two contract forms organize the modern literature—the wholesale contract, in which the supplier sets a wholesale price and the retailer marks it up, and the agency contract, in which the retailer takes a revenue share and the supplier sets the final price.


58.21.1 Reactive Capacity and Pull Contracts

B. Jiang and Tian (2022) study a pull contract, in which a brand-owning retailer designs product quality and sets wholesale and retail prices, but the supplier bears the risk of excess production. The question is how an improvement in the supplier’s reactive capacity—its ability to produce during the selling season—is divided between supplier and retailer.

Before the season the retailer designs quality qq and offers a wholesale price ww, outsourcing production at the supplier’s convex cost kq2k q^2. At the start of the season the retailer orders QQ units and sets retail price pp; a consumer of willingness-to-pay θ\theta obtains utility u=qθ−pu = q\theta - p, and a fraction α\alpha of consumers are high-type (θ=θH\theta = \theta_H). Market uncertainty is about the composition of demand—the fraction α\alpha—not its size. The supplier’s lead time is T=TS+Qc,(58.12)
T = T_S + \frac{Q}{c},
 \qquad(58.12) a quantity-independent component TST_S plus a quantity-dependent component, and production must satisfy T≤AT \le A for an acceptable delivery time AA. Reactive capacity is therefore Q‾=(A−TS)c\bar Q = (A - T_S)\,c: it rises with raw capacity cc and with flexibility (lower TST_S).

The equilibrium partitions the parameter space by the level of reactive capacity. With high reactive capacity the supplier can fulfill in-season orders, so the retailer anticipates flexible supply and targets only high-valuation consumers at a high price. With medium reactive capacity two opportunistic-targeting regimes appear: under stock-out the retailer sets the wholesale price at the supplier’s marginal cost and the supplier produces a risk-free pre-season inventory; under overstock the retailer raises the wholesale price to induce a larger pre-season inventory. The extreme case αb≥θL/θH\alpha_b \ge \theta_L / \theta_H (even the bad market has enough high-valuation consumers) makes high-price targeting optimal regardless of the state. The model’s value is in locating exactly where the inventory risk sits in each regime and how reactive capacity shifts surplus between the channel partners.



58.21.2 Wholesale versus Agency

H. Hu, Zheng, and Pan (2022) compare the channel efficiency of the two contract forms directly. With n≥2n \ge 2 suppliers selling substitutable products through a dominant online retailer, demand for product ii is qi(p)q_i(p), downward-sloping and symmetric, with substitutability γ>0\gamma > 0. Define the demand-sensitivity measure λ(p)=−q(p)q′(p),(58.13)
\lambda(p) = -\frac{q(p)}{q'(p)},
 \qquad(58.13) and assume profit functions are quasi-concave and the elasticity of demand increases with price. The two contracts differ in who moves and who sets the final price, summarized in Table 58.3.




Table 58.3: Wholesale versus agency contracts in a decentralized channel (H. Hu, Zheng, and Pan 2022).










	
	Wholesale contract
	Agency contract





	First mover
	Supplier announces wholesale price wiw_i
	Retailer sets revenue-share rate 1−α1 - \alpha



	Price setter
	Retailer sets retail price pip_i
	Supplier sets retail price pip_i directly



	Margin structure
	Double marginalization (two markups)
	Single markup; retailer takes a share



	Pass-through
	Through the retailer’s markup
	Through the supplier’s price










The analytical payoff is that the agency contract eliminates one of the two markups—the supplier sets the consumer price directly and the retailer’s revenue share is a proportional, not additive, wedge—so its efficiency relative to the wholesale contract turns on the curvature of demand through λ(p)\lambda(p) and on the intensity of inter-supplier competition γ\gamma. The comparison is the analytical counterpart to the empirical pass-through literature and explains why dominant online retailers have migrated many categories from wholesale to agency terms.




58.22 Worked Frontier: Consumer Search

The final family of models is the engine beneath most of the platform results: sequential consumer search in the tradition of Wolinsky (1986). A consumer who cannot observe match values without effort searches sellers one at a time, paying a cost τ\tau per inspection, and stops by an optimal reservation rule. The platform’s pricing of search—through a referral fee, a filtering tool, or a blind-buy option—is what connects search theory to platform design.


58.22.1 Search, Filtering, and the Referral Fee

B. Jiang and Zou (2020) study a platform that charges sellers a percentage referral fee and offers consumers a filtering tool. Products are horizontally differentiated; a consumer learns price and match value only after paying the search cost. The match value decomposes into a filterable and an unfilterable component, Mij=μij+mij,μij=δμ̂ij,(58.14)
M_{ij} = \mu_{ij} + m_{ij}, \qquad \mu_{ij} = \delta\,\hat\mu_{ij},
 \qquad(58.14) where μij\mu_{ij} is the filterable component (δ>0\delta > 0 a scale factor, μ̂\hat\mu a mean-zero discrete shock with KK realizations) and mijm_{ij} the unfilterable component; consumer utility is uij=Mij−piu_{ij} = M_{ij} - p_i. The consumer knows her outside option and the filterable value μij\mu_{ij} before searching but learns mijm_{ij} and the price only by paying τ\tau. The game runs: the platform sets the referral fee r∈(0,1)r \in (0,1); sellers set prices to maximize (1−r)pi−c(1 - r)p_i - c; consumers search and buy.

The optimal stopping rule is the standard reservation rule (Wolinsky 1986): the consumer continues until the expected gain from one more search falls below τ\tau. The acceptance threshold m‾(τ)\bar m(\tau) for the unfilterable component solves ∫m‾(τ)mmax(m−m‾(τ))dF(m)=τ,(58.15)
\int_{\bar m(\tau)}^{m_{\max}} \big(m - \bar m(\tau)\big)\,\mathrm{d}F(m) = \tau,
 \qquad(58.15) and is decreasing in τ\tau: cheaper search makes consumers pickier. The code below solves Equation 58.15 for a uniform match distribution and confirms the monotonicity, plotted in Figure 58.3.


set.seed(39)
# Reservation rule for U(0,1) match: integral_{m̄}^{1} (m - m̄) dF = tau
# For F uniform on [0,1]: (1 - m̄)^2 / 2 = tau  =>  m̄ = 1 - sqrt(2 tau).
reservation_threshold <- function(tau) pmax(0, 1 - sqrt(2 * tau))

tau_grid <- seq(0.001, 0.5, length.out = 200)
m_bar <- reservation_threshold(tau_grid)

plot(tau_grid, m_bar, type = "l", lwd = 2, col = "steelblue",
     xlab = expression(paste("Search cost ", tau)),
     ylab = expression(paste("Acceptance threshold ", bar(m), "(", tau, ")")),
     main = "Sequential-search reservation threshold")
abline(h = 0, col = "grey70", lty = 3)






[image: ]



Figure 58.3: The sequential-search reservation threshold m-bar as a function of the search cost tau, for a uniform match-value distribution on [0,1]. Lower search cost raises the acceptance threshold (pickier consumers), reproducing Result 2 of Jiang et al. (2020).








The platform-design results then follow. When the referral fee is exogenous, lower search cost intensifies seller competition and lowers prices, but expands the market; the platform’s profit can move either way (Lemma 2). When the fee is chosen optimally, a decrease in search cost raises the platform’s profit (Proposition 1), and the platform should raise its referral fee if search does not increase demand elasticity and lower it if search increases elasticity (Proposition 2). Filtering is the more robustly beneficial tool: it raises the consumer’s acceptance threshold for aggregate match value by less than μK\mu_K (Lemma 3), increases the probability of buying after searching, and reduces the expected number of searches (Proposition 3). When filtering reveals only a small share of match-value variation and the fee is exogenous, it increases platform demand, seller profit, platform profit, and consumer surplus simultaneously (Proposition 5)—a rare Pareto improvement. The contrast with a search-cost reduction is the chapter’s sharpest dichotomy: lower search cost makes consumers search more and intensifies competition, whereas filtering makes consumers search fewer, better-targeted products and softens competition, raising prices.



58.22.2 Blind Buying

Yanbin Chen et al. (2021) add a realistic online wrinkle: the consumer can blind-buy—purchase without inspecting the match value and without paying the search cost. Two firms sell horizontally differentiated products in price competition; the random utility of consumer ll from firm ii is ũil=η̃il+ϵ̃il−pi,(58.16)
\tilde u_{il} = \tilde\eta_{il} + \tilde\epsilon_{il} - p_i,
 \qquad(58.16) where η̃il\tilde\eta_{il} is the observable match component and ϵ̃il\tilde\epsilon_{il} the unobservable one. The blind-buy option gives the consumer, at any stage, the expected utility E(ũil)=ηil+E(ϵ̃il)−piE(\tilde u_{il}) = \eta_{il} + E(\tilde\epsilon_{il}) - p_i without incurring τ\tau. The game runs: firms set prices; consumers observe prices and prior values and may blind-buy immediately (ending the game); otherwise they inspect and choose among buying the inspected product, blind-buying the other, or inspecting further. The novel comparative static is that an increase in the first-sample search cost—which has no effect on prices in standard price-directed search—now lowers equilibrium prices, because the blind-buy outside option disciplines the firms. With a symmetric match distribution, consumers and firms are indifferent to search order conditional on searching.



58.22.3 Superior Knowledge and Customer Inspection

X. Li and Xu (2022) close the loop by giving the firm superior knowledge of the consumer’s preferences while the consumer must inspect to learn her own. A monopolist serves a unit continuum of customers with heterogeneous match values, high with prior probability α\alpha. Customers know only their expected match value ex ante; the firm knows both its product characteristics and each customer’s preferences. The timing is: each customer’s match is realized; the firm offers a personalized price drawn from a chosen distribution; observing the price, the customer decides whether to pay an inspection cost to learn her true preference; and, if she inspects, she decides whether to buy. The model’s interest is the interaction between the firm’s price signal and the consumer’s inspection decision: the personalized price both extracts surplus and conveys information, so the firm randomizes its price to manage what the customer infers and whether she finds it worthwhile to inspect. The result connects price discrimination to information design—the firm’s pricing policy is simultaneously a screening device and a signal.




58.23 Reading and Refereeing Analytical Work

A seminar on analytical modeling is also training in evaluation, and the evaluative standard for theory differs from that for empirical work. To reject a theory paper, a referee must find a flaw that is major—an assumption that drives the headline result and is indefensible, an equilibrium that does not exist or is not the one claimed, or a comparative static that does not survive a natural perturbation. Proposing an alternative specification or a robustness check obliges the referee to give the rationale for why it is necessary, not merely possible; an analytical model is deliberately stylized, and “the model omits XX” is not a defect unless XX overturns the mechanism.

The same standard guides authors handling editorial outcomes. A useful taxonomy runs from reject (do not resubmit) through reject-and-resubmit (treated as a new paper if specified conditions are met), major revision (substantive problems with an uncertain outcome—roughly half are rejected in the second round), minor revision (easily solvable problems with low residual uncertainty), conditional acceptance (wording and small fixes, essentially no rejection risk), and accept as is. The practical discipline—let a decision sit before responding, separate the substantive concerns from the affective sting, and address the load-bearing objections first—is craft rather than science, but it is the craft that turns a correct model into a published one.



58.24 Key Takeaways


	The seminar is built tools-first: weeks 1–2 establish Nash, subgame perfection, PBE, and signaling refinements before any application, because every later block reuses them (Section 58.1).

	A hybrid platform is simultaneously marketplace, retailer, and information intermediary (Figure 58.1); its conflicts of interest—entry against its own sellers, ranking that favors first-party listings—are the engine of the modern analytical literature (Section 58.18).

	The threat of platform entry is a signaling problem: a high-demand seller may suppress sales to mask its type, and sellers can prefer the threat of entry to a no-entry commitment because it justifies a lower per-unit fee (Section 58.18.1).

	Search neutrality can raise prices and lower consumer surplus by removing the price-for-prominence lever that personalized ranking creates—policy intuition from net neutrality does not transfer (Section 58.18.2).

	A subscription platform that bundles substitutes can coordinate the channel only if it holds a competition-softening instrument—a per-customer fee or a quantity cap; quality and a fixed fee alone yield no agreement (Section 58.18.5).

	Intertemporal pricing pits the seller against forward-looking strategic consumers; the optimal bundling sequence depends on marginal cost and the strategic share, and “save the best for last” governs event ordering (Section 58.19).

	A fairness constraint on an algorithm is an argument in the firm’s optimization, not a free overlay: equilibrium adjustment of learning effort can reverse the constraint’s intended distributional effect (Section 58.20).

	Agency contracts remove one of the two channel markups that the wholesale contract creates; the efficiency comparison turns on demand curvature and competitive intensity (Section 58.21.2).

	Sequential search with an optimal reservation rule underlies the platform models; lowering search cost intensifies competition while filtering softens it, and a blind-buy option disciplines prices through an outside option (Section 58.22).







59 Consumer Behavior Seminar

Consumer behavior is the scientific study of how people select, acquire, use, and dispose of goods, services, experiences, and ideas, and of the cognitive, affective, and social processes that drive those choices. As a field it sits at the intersection of cognitive and social psychology, behavioral economics, and marketing strategy, and it earns its place in a marketing-science curriculum for two reasons. Scientifically, it supplies the micro-foundations—the theories of judgment, emotion, motivation, and social influence—on which aggregate models of demand, pricing, and advertising ultimately rest. Commercially, the same theories are levers: a firm that understands why a left-digit price feels cheaper, why a green product reads as feminine, or why an experiential gift binds a relationship can design products, messages, and prices that move behavior.

This chapter is organized as a doctoral seminar rather than a survey. It does not attempt to enumerate every finding; it isolates the constructs, process models, and identification strategies that recur across the literature, and shows how ostensibly disparate phenomena—anchoring, motivated reasoning, persuasion knowledge, moral licensing—are instances of a small number of underlying mechanisms. The reader who finishes the chapter should be able to (i) state the field’s central constructs formally, (ii) read an experimental consumer paper and name its theory, its manipulated cause, its measured mechanism, and the threats to its inference, and (iii) connect the behavioral primitives here to the structural demand and brand models elsewhere in the book (Chapter 11).

A word on method frames the whole. Two paradigms structure the discipline, and their tension recurs throughout (Simonson et al. 2001). Behavioral decision theory (BDT), descended from the judgment-and-decision-making program of Kahneman and Tversky, models the decision—the determinants of choice—using stimulus-based tasks and process traces (information acquisition, response time, verbal protocols). Social cognition models the response hierarchy—how judgments and attitudes form and are stored—using memory-based tasks and cognitive-response measures. Both lean on mediation and path analysis to argue process, and both sit within a broadly positivist epistemology that privileges causation, in contrast to the interpretivist tradition that privileges meaning. Table 59.1 contrasts the two dominant positivist paradigms; the distinction matters because it dictates what counts as evidence for a mechanism.




Table 59.1: The two dominant paradigms in positivist consumer research (Simonson et al. 2001).










	Dimension
	Behavioral decision theory
	Social cognition





	Underlying model
	Decision model (determinants of choice)
	Response-hierarchy model (how judgments and attitudes form)



	Typical task
	Stimulus-based (options present at judgment)
	Memory-based (judgment retrieved/constructed from memory)



	Core measures
	Information acquisition, verbal protocols, response time
	Cognitive responses (thought listing)



	Canonical question
	Which option is chosen and why
	How an attitude is built and stored











59.1 Semester arc

A consumer-behavior doctoral seminar is, at its core, an apprenticeship in psychological theory applied to consumption and in the experimental craft used to test it. The arc therefore moves on two tracks at once. Substantively, it begins with the architecture of the mind—how consumers attend to, encode, and process information; how they form attitudes; and how they make choices—and then layers on the forces that bend that architecture: heuristics and biases, affect and emotion, motivation and goals, self-control, the self and identity, and finally the social and cultural context in which all consumption is embedded. Methodologically, the seminar runs a parallel spine: from the logic of theory-driven experimentation and process evidence (mediation and moderation), through the credibility revolution (the replication crisis, pre-registration, and the shift toward more robust designs), and out to the frontier where lab experiments meet field data, large behavioral datasets, and consumer–technology interaction.

The intellectual logic is cumulative and dialectical. Week 1 establishes consumer research as a distinct discipline poised between psychology and economics, and frames the recurring tension already named above: the rational-economic model of the consumer versus the psychological-constructive model in which preferences are built on the spot, context-dependent, and shaped by affect and identity. Each subsequent module refines or challenges that opening tension. Information processing and dual-process models (Weeks 2–3) explain how judgments are formed; behavioral decision theory and prospect theory (Weeks 4–5) show how systematically they depart from normative benchmarks; affect, motivation, and self-control (Weeks 6–8) supply the drivers behind those departures; the self, identity, and social and cultural influence (Weeks 9–11) embed the individual consumer in a web of meaning and other people; and the closing modules (Weeks 12–14) turn to consumer well-being, the methodological reckoning of the open-science era, and the technological frontier of AI, algorithms, and robots that is reshaping what “a consumer decision” even is. The seminar is method-forward as well as theory-forward: students should leave able to read a behavioral paper critically, identify its theoretical contribution and its process account, evaluate the cleanliness of its experimental identification, and design a study that extends it.



59.2 Weekly modules

The thirteen-plus-one modules below are the backbone of the seminar. Each lists the topic, sub-topics, methods and skills emphasized, key readings, and the central debate. Readings are tagged [F] for foundational classic (canon every CB student must know, mostly pre-2010) or [R] for recent or frontier work (roughly the last decade). DOIs are reproduced verbatim from the verified syllabus; books and unverified entries are flagged accordingly. The thematic deep-dives that follow this section (from What Counts as a Contribution onward) develop several of these modules in expository detail with formal notation and a runnable example.


59.2.1 Week 1 — Foundations: What Is Consumer Research? Rational vs. Constructive Consumers

Topic: the identity of consumer behavior as a field and its foundational tension between the normative, utility-maximizing consumer and the descriptive, constructive consumer.

Subtopics: consumer behavior at the intersection of psychology, economics, and marketing; the normative versus descriptive consumer; preference construction; levels of explanation.

Methods: reading a behavioral paper for its theoretical claim and contribution; the normative-versus-descriptive distinction; what counts as “a consumer behavior contribution.”

Key readings


	[F] Bettman, James R., Mary Frances Luce, and John W. Payne (1998), “Constructive Consumer Choice Processes,” Journal of Consumer Research, 25(3), 187–217. doi:10.1086/209535. Canonical: the field’s manifesto for the view that consumers build preferences on the spot using context-sensitive, effort–accuracy-trading strategies rather than reading off stable utilities.

	[F] Simonson, Itamar (1989), “Choice Based on Reasons: The Case of Attraction and Compromise Effects,” Journal of Consumer Research, 16(2), 158–174. doi:10.1086/209205. Canonical: the foundational demonstration that adding a third option shifts choice shares, establishing context-dependent preference as the norm.

	[F] Simonson, Itamar, and Amos Tversky (1992), “Choice in Context: Tradeoff Contrast and Extremeness Aversion,” Journal of Marketing Research, 29(3), 281–295. doi:10.1177/002224379202900301. Canonical: generalizes context effects into tradeoff contrast and extremeness aversion, the most-cited bridge from psychology to assortment and line design.



Debate: Are preferences revealed (stable, pre-existing) or constructed (built in the moment)? Is consumer behavior an application of psychology or a theory-generating discipline in its own right?



59.2.2 Week 2 — Information Processing, Attention, Memory, and Categorization

Topic: the consumer as information processor and the cognitive machinery of attention, memory, and categorization.

Subtopics: memory and inference; how products and brands are categorized; typicality and its consequences for evaluation.

Methods: stimulus design; memory and recall measures; coding and content analysis with intercoder reliability; manipulating involvement and elaboration.

Key readings


	[F] Loken, Barbara, and James Ward (1990), “Alternative Approaches to Understanding the Determinants of Typicality,” Journal of Consumer Research, 17(2), 111–126. doi:10.1086/208542. Canonical: the reference treatment of how consumers categorize products and why typicality governs evaluation and inference.

	[F] Petty, Richard E., John T. Cacioppo, and David Schumann (1983), “Central and Peripheral Routes to Advertising Effectiveness: The Moderating Role of Involvement,” Journal of Consumer Research, 10(2), 135–146. doi:10.1086/208954. Canonical: imports the Elaboration Likelihood Model into consumer research; the canonical dual-route account of how involvement changes what information persuades.

	[F] Kolbe, Richard H., and Melissa S. Burnett (1991), “Content-Analysis Research: An Examination of Applications with Directives for Improving Research Reliability and Objectivity,” Journal of Consumer Research, 18(2), 243–250. doi:10.1086/209256. Canonical: a methods anchor for coding stimulus content reliably when cognition is paired with measurement of message content.



Debate: Is persuasion one process with two routes (ELM) or a continuum? How much of “judgment” is online versus memory-based?



59.2.3 Week 3 — Attitudes, Persuasion, and Dual-Process Theories

Topic: attitude formation and change and the dual-process and dual-systems accounts of how evaluations arise.

Subtopics: affect versus cognition in evaluation; argument quality versus peripheral cues; the interplay of feeling and deliberation.

Methods: affect manipulations; cognitive-load designs; distinguishing dual-process from single-process explanations; process-dissociation logic.

Key readings


	[F] Shiv, Baba, and Alexander Fedorikhin (1999), “Heart and Mind in Conflict: The Interplay of Affect and Cognition in Consumer Decision Making,” Journal of Consumer Research, 26(3), 278–292. doi:10.1086/209563. Canonical: the seminal consumer-behavior operationalization of the dual-system view—affect wins under cognitive load, deliberation wins under capacity.

	[F] Petty, Richard E., John T. Cacioppo, and David Schumann (1983), “Central and Peripheral Routes to Advertising Effectiveness,” Journal of Consumer Research, 10(2), 135–146. doi:10.1086/208954. Canonical: carried from Week 2 as the dual-process anchor.

	[F] Pham, Michel Tuan (1998), “Representativeness, Relevance, and the Use of Feelings in Decision Making,” Journal of Consumer Research, 25(2), 144–159. doi:10.1086/209532. Canonical: specifies when consumers rely on feelings as inputs to judgment—the feelings-as-information program applied to consumption.



Debate: Two systems or one? Is affect an input to evaluation, an output, or both? When are feelings used as information versus discounted?



59.2.4 Week 4 — Judgment under Uncertainty: Heuristics, Biases, and Numerical Cognition

Topic: the heuristics-and-biases program and its application to price and numerical cognition.

Subtopics: anchoring, availability, representativeness; price encoding; the left-digit effect and its moderators.

Methods: within- versus between-subject bias demonstrations; numeric stimulus design; field validation of a lab effect.

Key readings


	[F] Tversky, Amos, and Daniel Kahneman (1974), “Judgment under Uncertainty: Heuristics and Biases,” Science, 185(4157), 1124–1131. doi:10.1126/science.185.4157.1124. Canonical: the founding statement of the tradition that underpins behavioral decision research in marketing.

	[F] Thomas, Manoj, and Vicki Morwitz (2005), “Penny Wise and Pound Foolish: The Left-Digit Effect in Price Cognition,” Journal of Consumer Research, 32(1), 54–64. doi:10.1086/429600. Canonical: the definitive demonstration that consumers encode prices by the left-most digit—a clean, replicable bias with direct pricing implications.

	[R] Sokolova, Tatiana, Satheesh Seenivasan, and Manoj Thomas (2020), “The Left-Digit Bias: When and Why Are Consumers Penny Wise and Pound Foolish?” Journal of Marketing Research, 57(4), 771–788. doi:10.1177/0022243720932532. Canonical (frontier): establishes the moderators and field generalizability of the left-digit effect, a model of replication-plus-extension.



Debate: Are heuristics evidence of irrationality or of ecologically rational, fast-and-frugal cognition? How much do biases survive market discipline and learning?



59.2.5 Week 5 — Behavioral Decision Theory: Prospect Theory, Framing, and Mental Accounting

Topic: prospect theory and the descriptive theory of valuation that anchors behavioral pricing.

Subtopics: loss aversion; reference dependence and the endowment effect; framing; mental accounting and transaction utility.

Methods: designing risky-choice and framing manipulations; eliciting WTA/WTP; reference-point manipulation; reading formal value-function notation.

Key readings


	[F] Kahneman, Daniel, and Amos Tversky (1979), “Prospect Theory: An Analysis of Decision under Risk,” Econometrica, 47(2), 263–291. doi:10.2307/1914185. Canonical: the cornerstone descriptive theory of choice under risk—value function, loss aversion, probability weighting.

	[F] Thaler, Richard (1985), “Mental Accounting and Consumer Choice,” Marketing Science, 4(3), 199–214. doi:10.1287/mksc.4.3.199. Canonical: introduces transaction utility and mental accounting to marketing—the bridge from prospect theory to everyday purchase decisions.

	[F] Kahneman, Daniel, Jack L. Knetsch, and Richard H. Thaler (1990), “Experimental Tests of the Endowment Effect and the Coase Theorem,” Journal of Political Economy, 98(6), 1325–1348. doi:10.1086/261737. Canonical: the experimental proof of loss aversion in exchange (the “mug” experiments), foundational for WTA/WTP gaps.



Debate: Is loss aversion a robust, near-universal regularity or context-bound (and partly a measurement artifact)? Do mental accounts describe cognition or merely fit behavior?



59.2.6 Week 6 — Affect and Emotion in Consumption

Topic: the role of affect, mood, and discrete emotion as inputs to consumer judgment.

Subtopics: mood-as-information; valence versus discrete emotions; the appraisal-tendency framework; incidental versus integral affect.

Methods: incidental-affect inductions; misattribution paradigms; measuring discrete emotions; separating integral from incidental affect.

Key readings


	[F] Schwarz, Norbert, and Gerald L. Clore (1983), “Mood, Misattribution, and Judgments of Well-Being: Informative and Directive Functions of Affective States,” Journal of Personality and Social Psychology, 45(3), 513–523. doi:10.1037/0022-3514.45.3.513. Canonical: the founding feelings-as-information and mood-misattribution paradigm imported throughout consumer affect research.

	[F] Lerner, Jennifer S., and Dacher Keltner (2000), “Beyond Valence: Toward a Model of Emotion-Specific Influences on Judgement and Choice,” Cognition & Emotion, 14(4), 473–493. doi:10.1080/026999300402763. Canonical: the appraisal-tendency framework establishing that specific emotions, not just valence, have distinct, predictable effects on judgment.

	[F] Shiv, Baba, and Alexander Fedorikhin (1999), “Heart and Mind in Conflict,” Journal of Consumer Research, 26(3), 278–292. doi:10.1086/209563. Canonical: carried from Week 3 as the affect-versus-cognition anchor.



Debate: Is affect organized by valence and arousal or by discrete, appraisal-specified emotions? When does emotion improve versus degrade decision quality?



59.2.7 Week 7 — Motivation, Goals, and Regulatory Focus

Topic: the motivational engine of consumption—how goals and regulatory orientation direct cognition and choice.

Subtopics: regulatory focus (promotion/prevention) and regulatory fit; goal activation, pursuit, and balancing; self-construal by motivation.

Methods: priming goals and self-construal; manipulating regulatory focus and fit; measuring goal commitment and progress.

Key readings


	[F] Higgins, E. Tory (1997), “Beyond Pleasure and Pain,” American Psychologist, 52(12), 1280–1300. doi:10.1037/0003-066x.52.12.1280. Canonical: the founding statement of regulatory focus theory that pervades consumer motivation and message-framing research.

	[F] Aaker, Jennifer L., and Angela Y. Lee (2001), “‘I’ Seek Pleasures and ‘We’ Avoid Pains: The Role of Self-Regulatory Goals in Information Processing and Persuasion,” Journal of Consumer Research, 28(1), 33–49. doi:10.1086/321946. Canonical: the canonical consumer demonstration that self-construal activates promotion/prevention goals that change which appeals persuade.

	[F] Fishbach, Ayelet, and Ravi Dhar (2005), “Goals as Excuses or Guides: The Liberating Effect of Perceived Goal Progress on Choice,” Journal of Consumer Research, 32(3), 370–377. doi:10.1086/497548. Canonical: the touchstone for goal-balancing and licensing—progress on a goal can release incongruent (indulgent) choice.



Debate: Do goals operate as guides (commitment, highlighting) or as excuses (licensing, balancing)? Is regulatory fit a value-from-fit effect or a fluency/affect artifact?



59.2.8 Week 8 — Self-Control, Intertemporal Choice, and Hedonic vs. Utilitarian Consumption

Topic: willpower, precommitment, and the special status of vice and virtue goods in consumer self-regulation.

Subtopics: ego depletion; precommitment and self-rationing; vice/virtue and justification; hedonic versus utilitarian goods.

Methods: depletion manipulations; intertemporal-choice and discounting measures; field self-control designs; classifying goods as hedonic versus utilitarian.

Key readings


	[F] Baumeister, Roy F., Ellen Bratslavsky, Mark Muraven, and Dianne M. Tice (1998), “Ego Depletion: Is the Active Self a Limited Resource?” Journal of Personality and Social Psychology, 74(5), 1252–1265. doi:10.1037/0022-3514.74.5.1252. Canonical: the founding “strength model” of self-control and a live case study in the replication debate (Week 13).

	[F] Wertenbroch, Klaus (1998), “Consumption Self-Control by Rationing Purchase Quantities of Virtue and Vice,” Marketing Science, 17(4), 317–337. doi:10.1287/mksc.17.4.317. Canonical: shows consumers strategically ration vice goods to control future consumption—self-control as a market behavior.

	[F] Ariely, Dan, and Klaus Wertenbroch (2002), “Procrastination, Deadlines, and Performance: Self-Control by Precommitment,” Psychological Science, 13(3), 219–224. doi:10.1111/1467-9280.00441. Canonical: clean field-plus-lab evidence that people impose costly deadlines on themselves to combat present bias.

	[F] Dhar, Ravi, and Klaus Wertenbroch (2000), “Consumer Choice between Hedonic and Utilitarian Goods,” Journal of Marketing Research, 37(1), 60–71. doi:10.1509/jmkr.37.1.60.18718. Canonical: the standard reference for the hedonic/utilitarian distinction and its asymmetric governance of acquisition versus forfeiture.



Debate: Is self-control a depletable resource, a motivational/attentional shift, or a process artifact (the depletion replication controversy)? Do consumers need more justification to choose hedonic goods?



59.2.9 Week 9 — The Self, Identity, and Possessions

Topic: the self as the organizing construct behind identity-based and compensatory consumption.

Subtopics: the extended self; self-discrepancy and self-completion; identity-based consumption; compensatory consumption.

Methods: self-threat manipulations; measuring self-construal and self-discrepancy; symbolic self-completion designs.

Key readings


	[F] Belk, Russell W. (1988), “Possessions and the Extended Self,” Journal of Consumer Research, 15(2), 139–168. doi:10.1086/209154. Canonical: the field-defining statement that we are what we own; the root of identity, attachment, and meaning-of-possessions research.

	[F] Higgins, E. Tory (1987), “Self-Discrepancy: A Theory Relating Self and Affect,” Psychological Review, 94(3), 319–340. doi:10.1037/0033-295X.94.3.319. Canonical: supplies the actual/ideal/ought-self machinery behind the self-gaps that motivate consumption.

	[F] Rucker, Derek D., and Adam D. Galinsky (2008), “Desire to Acquire: Powerlessness and Compensatory Consumption,” Journal of Consumer Research, 35(2), 257–267. doi:10.1086/588569. Canonical: the foundational link from a threatened, low-power self-state to status-restoring consumption.



Debate: Do possessions constitute the self or merely signal it? Is compensatory consumption about the specific deficit (symbolic self-completion) or general affect repair?



59.2.10 Week 10 — Social Influence, Norms, and Word of Mouth

Topic: how norms, conformity, divergence, and social transmission shape what consumers choose and share.

Subtopics: descriptive versus injunctive norms; conformity versus divergence; identity signaling; social transmission and virality.

Methods: norm-message field experiments; archival and text analysis of sharing; manipulating identity relevance and observability.

Key readings


	[F] Schultz, P. Wesley, Jessica M. Nolan, Robert B. Cialdini, Noah J. Goldstein, and Vladas Griskevicius (2007), “The Constructive, Destructive, and Reconstructive Power of Social Norms,” Psychological Science, 18(5), 429–434. doi:10.1111/j.1467-9280.2007.01917.x. Canonical: the field experiment showing descriptive norms can backfire and that injunctive norms correct the boomerang.

	[F] Berger, Jonah, and Chip Heath (2007), “Where Consumers Diverge from Others: Identity Signaling and Product Domains,” Journal of Consumer Research, 34(2), 121–134. doi:10.1086/519142. Canonical: explains when consumers diverge to protect identity rather than conform—central to taste, adoption, and abandonment.

	[R] Berger, Jonah, and Katherine L. Milkman (2012), “What Makes Online Content Viral?” Journal of Marketing Research, 49(2), 192–205. doi:10.1509/jmr.10.0353. Canonical: the founding empirical account of social transmission—high-arousal emotion drives sharing—bridging psychology and digital word of mouth.



Debate: When do consumers conform versus diverge? Are virality and word of mouth driven by emotion (arousal), content utility, or network structure?



59.2.11 Week 11 — Status, Signaling, and Conspicuous Consumption

Topic: behavioral economics meets identity in the display of status and the logic of conspicuous consumption.

Subtopics: status signaling and “loud versus quiet” luxury; need for status; signaling and counter-signaling.

Methods: signaling-game intuition for behavioral researchers; manipulating observability and conspicuousness; measuring need for status.

Key readings


	[F] Han, Young Jee, Joseph C. Nunes, and Xavier Drèze (2010), “Signaling Status with Luxury Goods: The Role of Brand Prominence,” Journal of Marketing, 74(4), 15–30. doi:10.1509/jmkg.74.4.015. Canonical: the Patricians/Parvenus/Poseurs/Proletarians taxonomy linking wealth, need for status, and preference for loud versus quiet brand prominence.

	[F] Berger, Jonah, and Chip Heath (2007), “Where Consumers Diverge from Others,” Journal of Consumer Research, 34(2), 121–134. doi:10.1086/519142. Canonical: carried as the identity-signaling anchor (Week 10).

	[F] Belk, Russell W. (1988), “Possessions and the Extended Self,” Journal of Consumer Research, 15(2), 139–168. doi:10.1086/209154. Canonical: the symbolic-consumption foundation underlying status display (Week 9).



Debate: Is conspicuous consumption about signaling to others (economic) or about constructing the self (psychological)? When does counter-signaling (“quiet luxury”) dominate?



59.2.12 Week 12 — Culture, Money, Time, and Consumer Well-Being

Topic: how culture frames the self and how money, time, and prosociality connect consumption to well-being.

Subtopics: cultural self-construal; money versus time as frames; experiential versus material purchases; prosocial spending and sustainable consumption.

Methods: cross-cultural design and self-construal priming; well-being and affect measurement; field interventions for behavior change.

Key readings


	[F] Markus, Hazel R., and Shinobu Kitayama (1991), “Culture and the Self: Implications for Cognition, Emotion, and Motivation,” Psychological Review, 98(2), 224–253. doi:10.1037/0033-295X.98.2.224. Canonical: the independent/interdependent self-construal framework that grounds essentially all cross-cultural consumer research.

	[F] Mogilner, Cassie, and Jennifer Aaker (2009), “The Time vs. Money Effect: Shifting Product Attitudes and Decisions through Personal Connection,” Journal of Consumer Research, 36(2), 277–291. doi:10.1086/597161. Canonical: priming time rather than money deepens personal connection and improves attitudes—a touchstone for well-being research.

	[F] Van Boven, Leaf, and Thomas Gilovich (2003), “To Do or to Have? That Is the Question,” Journal of Personality and Social Psychology, 85(6), 1193–1202. doi:10.1037/0022-3514.85.6.1193. Canonical: the founding experiential-over-material happiness result that launched the experiential-purchase literature.

	[F] Dunn, Elizabeth W., Lara B. Aknin, and Michael I. Norton (2008), “Spending Money on Others Promotes Happiness,” Science, 319(5870), 1687–1688. doi:10.1126/science.1150952. Canonical: the prosocial-spending result connecting consumption to well-being—widely taught and instructively part of the replication conversation.

	[R] White, Katherine, Rishad Habib, and David J. Hardisty (2019), “How to SHIFT Consumer Behaviors to be More Sustainable: A Literature Review and Guiding Framework,” Journal of Marketing, 83(3), 22–49. doi:10.1177/0022242919825649. Canonical (frontier): the integrative SHIFT framework that anchors sustainable-consumption and transformative-consumer-research work.



Debate: Are cultural differences in consumption traceable to a single self-construal dimension? Does money buy happiness when spent on experiences or others—and how robust are these effects?



59.2.13 Week 13 — Research Methods, Process Evidence, and the Credibility Revolution

Topic: how the field establishes process and the methodological reckoning of the open-science era.

Subtopics: mediation versus moderation-of-process; the replication crisis; questionable research practices; pre-registration and open science.

Methods: designing moderation-of-process studies; bootstrapped indirect effects (PROCESS); power analysis; the pre-registration and open-science workflow; reading a paper for p-hacking risk.

Key readings


	[F] Spencer, Steven J., Mark P. Zanna, and Geoffrey T. Fong (2005), “Establishing a Causal Chain: Why Experiments Are Often More Effective Than Mediational Analyses in Examining Psychological Processes,” Journal of Personality and Social Psychology, 89(6), 845–851. doi:10.1037/0022-3514.89.6.845. Canonical: the standard argument for experimentally manipulating the mediator rather than relying on statistical mediation alone.

	[F] Zhao, Xinshu, John G. Lynch Jr., and Qimei Chen (2010), “Reconsidering Baron and Kenny: Myths and Truths about Mediation Analysis,” Journal of Consumer Research, 37(2), 197–206. doi:10.1086/651257. Canonical: the most-cited mediation-methods reference in consumer research; reframes mediation around the indirect effect and bootstrapping.

	[F] Simmons, Joseph P., Leif D. Nelson, and Uri Simonsohn (2011), “False-Positive Psychology: Undisclosed Flexibility in Data Collection and Analysis Allows Presenting Anything as Significant,” Psychological Science, 22(11), 1359–1366. doi:10.1177/0956797611417632. Canonical: the paper that named “researcher degrees of freedom” and catalyzed pre-registration and disclosure norms.

	[R] Open Science Collaboration (2015), “Estimating the Reproducibility of Psychological Science,” Science, 349(6251), aac4716. doi:10.1126/science.aac4716. Canonical: the large-scale replication project that quantified the crisis and reset methodological expectations.



Debate: Statistical mediation versus experimental causal-chain evidence—which licenses process claims? How should the field weigh significance, effect size, and replicability after 2011 and 2015?



59.2.14 Week 14 — The Frontier: Consumers, AI, Algorithms, and Automated Agents

Topic: how AI, algorithms, and robots are reshaping the locus and unit of consumer decision-making.

Subtopics: algorithm aversion and appreciation; responses to AI and humanoid robots; uniqueness neglect and task objectivity; the changing locus of “decision.”

Methods: designing human-versus-algorithm comparison studies; measuring trust and adoption; integrating process measures (including neural and physiological) with choice; treating generative-AI agents as decision aids and as consumers.

Key readings


	[R] Longoni, Chiara, Andrea Bonezzi, and Carey K. Morewedge (2019), “Resistance to Medical Artificial Intelligence,” Journal of Consumer Research, 46(4), 629–650. doi:10.1093/jcr/ucz013. Canonical (frontier): identifies uniqueness neglect as the driver of reluctance to use AI in high-stakes health decisions.

	[R] Castelo, Noah, Maarten W. Bos, and Donald R. Lehmann (2019), “Task-Dependent Algorithm Aversion,” Journal of Marketing Research, 56(5), 809–825. doi:10.1177/0022243719851788. Canonical (frontier): shows algorithm aversion is task-dependent (stronger for subjective tasks) and that perceived objectivity is malleable.

	[R] Mende, Martin, Maura L. Scott, Jenny van Doorn, Dhruv Grewal, and Ilana Shanks (2019), “Service Robots Rising: How Humanoid Robots Influence Service Experiences and Elicit Compensatory Consumer Responses,” Journal of Marketing Research, 56(4), 535–556. doi:10.1177/0022243718822827. Canonical (frontier): links humanoid service robots to discomfort and compensatory consumption, connecting the AI frontier back to the self/identity core.

	[R] Karmarkar, Uma R., Baba Shiv, and Brian Knutson (2015), “Cost Conscious? The Neural and Behavioral Impact of Price Primacy on Decision Making,” Journal of Marketing Research, 52(4), 467–481. doi:10.1509/jmr.13.0488. Canonical (frontier method): a neuromarketing exemplar showing how information sequencing reshapes the neural computation of value.



Debate: Do consumers categorically avoid algorithms, or is aversion task- and framing-contingent (and sometimes appreciation)? As AI agents transact on consumers’ behalf, what is the unit of “consumer behavior”?



59.2.15 Optional swap-in modules

Programs vary; each of the following is supported by a verified anchor and can be substituted for, or added to, the core fourteen.


	Scarcity and decision-making under constraint — Shah, Anuj K., Sendhil Mullainathan, and Eldar Shafir (2012), “Some Consequences of Having Too Little,” Science, 338(6107), 682–685. doi:10.1126/science.1222426. [R]

	Choice architecture and choice overload — Iyengar, Sheena S., and Mark R. Lepper (2000), “When Choice Is Demotivating: Can One Desire Too Much of a Good Thing?” Journal of Personality and Social Psychology, 79(6), 995–1006. doi:10.1037/0022-3514.79.6.995. [F]

	Ownership, access, and the sharing economy — Bardhi, Fleura, and Giana M. Eckhardt (2012), “Access-Based Consumption: The Case of Car Sharing,” Journal of Consumer Research, 39(4), 881–898. doi:10.1086/666376 [R]; and Bardhi, Fleura, and Giana M. Eckhardt (2017), “Liquid Consumption,” Journal of Consumer Research, 44(3), 582–597. doi:10.1093/jcr/ucx050. [R]






59.3 Foundational vs. frontier at a glance

Foundational classics [F] — the canon every CB student must know, mostly pre-2010:


	Bettman, Luce & Payne 1998; Simonson 1989; Simonson & Tversky 1992 (Week 1)

	Loken & Ward 1990; Petty, Cacioppo & Schumann 1983; Kolbe & Burnett 1991 (Week 2)

	Shiv & Fedorikhin 1999; Pham 1998 (Week 3)

	Tversky & Kahneman 1974; Thomas & Morwitz 2005 (Week 4)

	Kahneman & Tversky 1979; Thaler 1985; Kahneman, Knetsch & Thaler 1990 (Week 5)

	Schwarz & Clore 1983; Lerner & Keltner 2000 (Week 6)

	Higgins 1997; Aaker & Lee 2001; Fishbach & Dhar 2005 (Week 7)

	Baumeister et al. 1998; Wertenbroch 1998; Ariely & Wertenbroch 2002; Dhar & Wertenbroch 2000 (Week 8)

	Belk 1988; Higgins 1987; Rucker & Galinsky 2008 (Week 9)

	Schultz et al. 2007; Berger & Heath 2007 (Week 10)

	Han, Nunes & Drèze 2010 (Week 11)

	Markus & Kitayama 1991; Mogilner & Aaker 2009; Van Boven & Gilovich 2003; Dunn, Aknin & Norton 2008 (Week 12)

	Spencer, Zanna & Fong 2005; Zhao, Lynch & Chen 2010; Simmons, Nelson & Simonsohn 2011 (Week 13); Iyengar & Lepper 2000 (swap-in)



Frontier / recent [R] — roughly 2012–2020, the natural growth edge:


	Berger & Milkman 2012 — social transmission and virality

	Shah, Mullainathan & Shafir 2012 — scarcity

	Bardhi & Eckhardt 2012 and 2017 — access-based and liquid consumption

	Open Science Collaboration 2015 — reproducibility

	Karmarkar, Shiv & Knutson 2015 — neuromarketing and value computation

	White, Habib & Hardisty 2019 — sustainable consumption (SHIFT)

	Longoni, Bonezzi & Morewedge 2019; Castelo, Bos & Lehmann 2019; Mende et al. 2019 — consumers, AI, and robots

	Sokolova, Seenivasan & Thomas 2020 — replication-plus-extension of the left-digit bias





59.4 How this chapter expands

The weekly skeleton is stable, but the frontier modules (Weeks 12–14 and the swap-ins) are where the chapter should grow. The curation rule, consistent with the rest of this research set, is to add a reading only after its DOI is Crossref-verified to a published version-of-record in a top behavioral outlet (JCR, JCP, JMR, JM, Marketing Science, or the flagship psychology journals these literatures draw on); to prefer review and meta-analytic anchors for new modules; and, when a classic effect is challenged, to cite both the original and the verified replication or meta-analysis so the debate is taught honestly. Concrete growth directions:


	Generative AI as decision agent and as “consumer.” The 2019 consumer–AI papers predate large language models. As verified work accrues on consumers’ trust in and delegation to LLM agents, AI as a co-creator of consumption experiences, and “synthetic respondents” as substitutes for human subjects, add a dedicated module and retire the Karmarkar neuromarketing entry to a methods footnote.

	Privacy, data, and algorithmic personalization from the consumer’s side. A module on perceived surveillance, the privacy paradox, the personalization–intrusiveness tradeoff, and “creepiness,” pairing behavioral work with the privacy/personalization strand in the quantitative chapters.

	The post-replication methods canon, kept current. As multi-lab replications, Registered Reports, many-analysts studies, and meta-analytic re-evaluations of marquee effects (ego depletion, prosocial spending, choice overload) reach version-of-record, fold the strongest into Week 13 so students debate specific contested effects.

	Affective and physiological frontier. Expand the affect module with verified work on emotional AI, interoception, and consumer neuroscience as the evidence base matures.

	Transformative consumer research and well-being. Sustainability (SHIFT), financial well-being, scarcity, dignity, and access/sharing are converging into a coherent well-being track; promote the Week 12 well-being material into its own module as generalizing reviews land.

	Identity in a platform and creator world. Update the identity and social-influence modules with verified work on online identity, self-presentation, parasocial and creator relationships, and digital possessions (the “Liquid Consumption” line is the seed).





59.5 What Counts as a Contribution

Before the substance, a note on the field’s epistemics, because doctoral readers must evaluate as well as absorb. A theory, in the field’s own definition, is “a statement of concepts and their interrelationships that shows how and/or why a phenomenon occurs” (Corley and Gioia 2011). Consumer research divides into theory development (creating or extending such statements) and theory application (deploying existing theory on a substantive problem), and a recurring critique is that application-heavy work can have limited managerial impact even when it is methodologically clean. A parallel cut separates theory-testing research, which adjudicates among competing explanations, from substantive, phenomenon-driven research, which documents and explains a managerially important regularity.

Janiszewski, Labroo, and Rucker (2016) organize knowledge production into deductive-conceptual moves and their integration into a cumulative “tree of knowledge.” The generative strategies are worth naming because they are what reviewers reward: bridging disciplines, challenging assumptions, introducing mediators and moderators, contrastive explanation (explaining why this outcome rather than a plausible alternative), and borrowing and blending constructs across domains. A contribution is then appraised on two axes: its quality (rigor and execution of method) and its benefit (originality, interestingness, and—most demanding—the degree to which it changes core beliefs). Much of what follows can be read as the field repeatedly executing these moves: importing appraisal theory from emotion science, introducing self-construal as a moderator of persuasion, or contrasting why services earn a positivity bias where products earn a negativity bias.



59.6 Judgment Under Uncertainty: The Heuristics-and-Biases Core

The intellectual bedrock of behavioral consumer research is the demonstration that people assess probabilities and predict values not by the calculus of probability but by a small set of heuristics—mental shortcuts that are usually serviceable but produce systematic, predictable error (A. Tversky and Kahneman 1974). The intuition is that the mind substitutes a hard question (“what is the probability that this person is an engineer?”) with an easy one (“how much does this person resemble my stereotype of an engineer?”), and the substitution leaves fingerprints.

Three heuristics carry most of the weight. Under representativeness, the probability that object AA belongs to class BB is judged by how much AA resembles BB. Formally, the normative posterior obeys Bayes’s rule, Pr(B∣A)=Pr(A∣B)Pr(B)Pr(A),(59.1)
\Pr(B \mid A) = \frac{\Pr(A \mid B)\,\Pr(B)}{\Pr(A)},
 \qquad(59.1) but representativeness tracks only the likelihood term Pr(A∣B)\Pr(A\mid B) and discards the base rate Pr(B)\Pr(B). The signature errors all follow from Equation 59.1 being truncated this way: base-rate neglect (priors are honored when no individuating evidence is present but ignored once worthless evidence appears), insensitivity to sample size (a small hospital is correctly more likely to record 60% male births on a given day, yet respondents judge large and small hospitals equally likely), misconceptions of chance—the gambler’s fallacy and a “law of small numbers” that treats short runs as representative of the generating process—and insensitivity to predictability, where forecasts track the favorableness of a description rather than its diagnostic information. Two further consequences are the illusion of validity (confidence rises with the internal consistency of an input pattern even as redundancy among inputs lowers accuracy) and misperception of regression (a flight instructor concludes that scolding works because a bad landing is, by regression to the mean, usually followed by a better one).

Under availability, frequency or probability is judged by the ease with which instances come to mind. Retrievability is inflated by familiarity, salience, and recency; by the searchability of a set (words beginning with r are easier to generate than words with r in the third position); by imaginability; and by illusory correlation, the overestimated co-occurrence of associatively linked events. Under anchoring and adjustment, estimates start from an initial value— supplied by the problem or by a partial computation—and adjust insufficiently toward the final answer. Anchoring explains overestimation of conjunctive events and underestimation of disjunctive events: the chain-like structure of conjunctions (“all components work”) anchors on the high component probabilities and overshoots, while the funnel-like structure of disjunctions (“at least one failure”) anchors low and undershoots, which is why project planners systematically underestimate completion times and risk assessors underestimate system failure. The same process produces overly narrow subjective confidence intervals, regardless of expertise.

These biases are not laboratory curiosities; they are the raw material of behavioral pricing and persuasion that the rest of the chapter exploits.



59.7 Prospect Theory and Behavioral Pricing

If heuristics describe how people estimate, prospect theory describes how they value. The neoclassical consumer maximizes a utility function over a goods vector 𝐳=(z1,…,zn)\mathbf{z}=(z_1,\dots,z_n) at prices 𝐩=(p1,…,pn)\mathbf{p}=(p_1,\dots,p_n) subject to a wealth constraint II, max𝐳U(𝐳)s.t.∑ipizi≤I,(59.2)
\max_{\mathbf{z}} \; U(\mathbf{z}) \quad \text{s.t.} \quad \sum_i p_i z_i \le I,
 \qquad(59.2) with the familiar Lagrangian ℒ=U(𝐳)−λ(∑ipizi−I)\mathcal{L}=U(\mathbf{z})-\lambda\!\left(\sum_i p_i z_i - I\right). This model is silent on framing: it treats wealth as fungible and prices as mere budget terms, ignoring that the same outcome described as a loss or a gain elicits different choices (A. Tversky and Kahneman 1981). Thaler’s theory of mental accounting repairs the model with three modifications (R. Thaler 1985): it replaces the utility of final states with a value function v(⋅)v(\cdot) defined over changes from a reference point; it replaces price with a reference price; and it relaxes fungibility, allowing money to be tagged by mental account.

The value function inherits prospect theory’s three properties. It is defined over gains and losses relative to a reference point (“people respond more to perceived changes than to absolute levels”); it is concave for gains and convex for losses (v″(x)<0v''(x)<0 for x>0x>0, v″(x)>0v''(x)>0 for x<0x<0); and it is steeper for losses than for gains—loss aversion, v(x)<−v(−x)v(x) < -v(-x) for x>0x>0. Whether a pair of outcomes (x,y)(x,y) is integrated as v(x+y)v(x+y) or segregated as v(x)+v(y)v(x)+v(y) then has determinate welfare consequences. Table 59.2 collects the four cases that follow from the curvature of vv; they are the basis of practical “hedonic editing” prescriptions (segregate gains, integrate losses, cancel a small loss against a large gain, and find the silver lining in a small gain attached to a large loss).




Table 59.2: Hedonic editing of joint outcomes under a prospect-theoretic value function (R. Thaler 1985).











	Case
	Condition
	Inequality
	Preferred coding





	Multiple gains
	x>0,y>0x>0,\,y>0
	v(x)+v(y)>v(x+y)v(x)+v(y) > v(x+y)
	Segregate



	Multiple losses
	x>0,y>0x>0,\,y>0
	v(−x)+v(−y)<v(−(x+y))v(-x)+v(-y) < v(-(x+y))
	Integrate



	Mixed (net gain)
	x>y>0x>y>0
	v(x)+v(−y)<v(x−y)v(x)+v(-y) < v(x-y)
	Integrate (cancellation)



	Mixed (net loss)
	y>x>0y>x>0
	sign of v(x)+v(−y)−v(x−y)v(x)+v(-y)-v(x-y) ambiguous
	Segregate if v(x)>v(x−y)+v(−y)v(x) > v(x-y)+v(-y) (“silver lining”)










Mental accounting’s pricing contribution is to split the value of a purchase into two utilities. Let pp be the actual price, p‾\bar p the value-equivalent (the sum that would leave the consumer indifferent between receiving p‾\bar p or the good as a gift), and p*p^{*} the reference price (the expected or “fair” price). Acquisition utility is the value of the good relative to its cost, coded as the integrated outcome v(p‾,−p)v(\bar p, -p), so that paying for a good is not experienced as a pure loss. Transaction utility is the pleasure or pain of the deal itself, the reference outcome v(−p:−p*)v(-p:-p^{*})—paying below the reference price is a gain, paying above it a loss—independent of the good’s intrinsic value. Total utility weights them, w(z,p,p*)=v(p‾,−p)+βv(−p:−p*),(59.3)
w(z,p,p^{*}) = v(\bar p, -p) + \beta\, v(-p : -p^{*}),
 \qquad(59.3) where β\beta scales transaction utility; bargain hunters carry β>1\beta>1, buying goods they do not need because the deal is irresistible. Purchase occurs when value per dollar clears a threshold, w(zi,pi,pi*)/pi≥kitw(z_i,p_i,p_i^{*})/p_i \ge k_{it}, where the category- and period-specific cutoff kitk_{it} encodes local optimization: real consumers budget by mental account and time period rather than solving the single global program of Equation 59.2. The managerial implications are direct—raise the perceived reference price, obscure the reference price so transaction disutility is less salient, or bundle to shift the locus of comparison—and they prefigure the modern behavioral-pricing literature.

That literature has since sharpened the mechanisms. Reference prices themselves depend on the consistency and distinctiveness of the prices a consumer has encountered, which shape an internal standard against which new prices are judged (Lichtenstein and Bearden 1989). Context effects show that the choice set is part of the stimulus: an option’s attractiveness rises when the within-set tradeoffs favor it (tradeoff contrast) and when it occupies the intermediate position (extremeness aversion), so adding a dominated or extreme decoy predictably reshapes share (Simonson and Tversky 1992). And the left-digit bias—the gap between $4.00 and $2.99 feels larger than the gap between $4.01 and $3.00—turns out to be a cross-culturally robust artifact of how prices are encoded (Sokolova, Seenivasan, and Thomas 2020). The bias is stronger under stimulus-based evaluation, where focal and reference prices are seen together and the mind holds the perceptual string “2.99” without rounding, and weaker under memory-based evaluation, where at least one price is retrieved as a concept and rounded to the nearest accessible round number (2.99 stored as 3). The stimulus-versus-memory contrast of Table 59.1 thus reappears as a moderator of a specific pricing bias—an illustration of how the field’s paradigms operate as predictive theory rather than mere taxonomy. Comprehensive treatments of this mindful-judgment program appear in the review by E. U. Weber and Johnson (2009).



59.8 Affect, Emotion, and Mood

Early choice models treated affect as noise. The modern view treats it as information and computation. The foundational vocabulary distinguishes nested constructs (R. P. Bagozzi, Gopinath, and Nyer 1999): affect is the umbrella term for “a set of more specific mental processes including emotions, moods, and (possibly) attitudes,” while emotions are “mental states of readiness that arise from appraisals of events or one’s own thoughts.”


“Emotions are mental states of readiness that arise from appraisals of events or one’s own thoughts.” (R. P. Bagozzi, Gopinath, and Nyer 1999, 184)



Emotions are intense, short-lived, and intentional (about something); moods are longer-lasting, lower in intensity, and non-intentional; attitudes are evaluative judgments with both an affective and a cognitive component. The engine that generates emotion is appraisal theory: an event is evaluated on dimensions such as goal relevance (does this matter to me?) and goal congruence (does it help or hurt?), and the pattern of appraisals selects the specific emotion. Figure 59.1 sketches the appraisal-to-emotion pathway that organizes this literature.
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Figure 59.1: The appraisal pathway: an event is evaluated on goal relevance and congruence, generating a specific emotion that primes a behavioral readiness.








Affect does work in judgment through the affect-as-information framework: people knowingly read their momentary feelings as data about a target, asking in effect “how do I feel about it?” (Pham et al. 2001). Those feelings can be integral (produced by the mental representation of the target itself) or incidental (a pre-existing or contextually induced mood mistakenly attributed to the target). The theory’s sharp prediction is that, for moderately complex and consciously accessible stimuli, consulting one’s feelings yields evaluations that are faster, more stable and homogeneous across individuals, and more predictive of the valence and volume of one’s thoughts than effortful reason-based assessment—but only for affect that is relatively automatic (innate or conditioned responses), not for affect that is itself the product of a controlled appraisal. Positive affect is not merely pleasant; it expands the menu of cognition, increasing flexibility, creativity, and efficiency in problem solving and raising helping, generosity, and interpersonal understanding (Isen 2001). Mood also transfers across product contexts in a way that depends on category match: within the same domain, exposure to a pleasant, improving sequence lowers satisfaction with a target (a contrast effect), whereas across domains the same pleasant context raises it (an assimilation effect) (Raghunathan and Irwin 2001).



59.9 Motivation, Goals, and Self-Regulation

Affect supplies valence; goals supply direction. The cleanest entry point is motivated reasoning: the demonstration that motivation does not bypass cognition but operates through it, biasing the beliefs and inferential strategies a person recruits (Kunda 1990). Motivation here is “any wish, desire, or preference that concerns the outcome of a given reasoning task,” and it comes in two flavors with opposite epistemic consequences. An accuracy goal mobilizes more cognitive effort and the most appropriate strategies—people reason harder when they are evaluated, expect to justify or publicize their judgments, or expect their judgments to affect others—yet effort alone neither removes bias nor guarantees correct reasoning. A directional goal recruits whichever beliefs and strategies are most likely to yield the desired conclusion, under an “illusion of objectivity”: people search memory for, or construct, accessible knowledge that supports what they already want to believe. Crucially, the directional bias is constrained—people must be able to construct a justification for the preferred conclusion—which is why motivated reasoning is selective rather than unbounded.

The architecture of goal pursuit decomposes the process into stages (Richard P. Bagozzi and Dholakia 1999). Goal setting answers “what goals can I pursue, and why?” and may be triggered externally (an opportunity appears) or internally (the consumer constructs a goal schema or chooses among self-generated alternatives), consciously or unconsciously. Goal striving is bridged to setting by intention, and the literature distinguishes the behavioral intention to reach an end state from the implementation intention to perform a specific instrumental act when a future contingency arises. Delayed intentions add a memory burden—prospective memory (remembering to act) and retrospective memory (remembering what to do and under what conditions). Goals are organized hierarchically, with subordinate, focal, and superordinate levels, as in Figure 59.2.
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Figure 59.2: A goal hierarchy. Superordinate goals supply the ‘why’; subordinate goals supply the ‘how’; intention links the focal goal to action (Richard P. Bagozzi and Dholakia 1999).








Because consumers pursue multiple goals, the meaning a person assigns to a completed action governs what they do next (Fishbach and Dhar 2005). The same action—say, a gym session—can be read as evidence of goal progress (“I’ve made headway, I can relax”) or goal commitment (“this is who I am, I’ll keep going”). Read as progress, the action liberates and increases the likelihood of pursuing an incongruent goal (the post-workout dessert); read as commitment, it sustains the focal goal. This is why people who overestimate future progress switch prematurely to competing goals, and it formalizes the everyday phenomenon of goals serving as excuses as much as guides. Goal orientation also shapes the status quo: prevention-focused consumers prefer to preserve the status quo more strongly than promotion-focused consumers, an effect that is distinct from loss aversion (Chernev 2004). Counterintuitively, implemental planning for multiple goals can backfire—spelling out the steps makes the joint task feel harder, undermining commitment and success unless the execution is reframed (Dalton and Spiller 2012)—and perceived goal conflict inflates the feeling of time scarcity through stress and anxiety, which in turn raises consumers’ valuation of their time and their willingness to pay to save it (Etkin, Evangelidis, and Aaker 2015; Riediger and Freund 2004).



59.10 Persuasion and Attitude Change

Persuasion research asks how communications change what consumers think and do, and its organizing modern insight is that consumers are not passive recipients but naive theorists of persuasion itself. The Persuasion Knowledge Model (PKM) casts every episode as an interaction between a target (the audience) and an agent (the message’s perceived source), in which both parties carry knowledge— about psychological mediators, about marketers’ tactics, and about the effectiveness and appropriateness of those tactics—and people switch fluently between the two roles while their knowledge persists (Friestad and Wright 1994). The target’s accumulated theory licenses coping: once a tactic is recognized as a persuasion attempt with an ulterior motive, the target evaluates it on two dimensions, perceived effectiveness and perceived appropriateness, and adjusts response accordingly. Figure 59.3 renders the model.
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Figure 59.3: The Persuasion Knowledge Model: a persuasion episode as the meeting of an agent’s attempt with a target’s persuasion knowledge, topic knowledge, and agent knowledge (Friestad and Wright 1994).








The PKM’s central empirical refinement specifies when persuasion knowledge activates (Campbell and Kirmani 2000). Inferring an ulterior motive proceeds in two stages: a characterization stage that is perceptual and automatic, and a correction stage that requires higher-order attributional processing. Because targets typically labor under more cognitive load than observers, they have less capacity for the correction stage. The prediction is conditional: under a high ulterior-motive cue, both cognitively busy and unbusy targets apply persuasion knowledge and discount the agent; under a low or ambiguous cue, only targets with spare capacity perform the correction, so cognitively busy targets fail to discount and judge the salesperson more favorably. Accessibility of the ulterior-motive concept—driven by expectations, strength of association, and the frequency and recency of activation—moderates the whole sequence.

Several strands extend the framework. A skepticism–identification model resolves the puzzle of how knowing the ad’s creator cuts both ways: knowledge of the creator triggers skepticism about competence but also identification with the source, and which dominates depends on cognitive resources, source similarity, and brand loyalty (Thompson and Malaviya 2013). Commitment and consistency can be enlisted with strikingly light touches: a purely symbolic commitment device—a lapel pin signaling a guest’s pledge—raises subsequent environmentally friendly behavior, because consumers prefer internal consistency with a signaled identity to the dissonance of betraying it, a signaling-theory account in which the desire to be seen as green outweighs the pull toward laziness (Baca-Motes et al. 2013). The broader persuasion-knowledge program also encompasses work on how persuasion attempts are resisted or accommodated (Ahluwalia 2000; Campbell, Mohr, and Verlegh 2013; Isaac and Grayson 2016). Underlying all of it is the dual-route architecture inherited from social psychology—the Elaboration Likelihood Model (Petty and Cacioppo 1979) and the Heuristic-Systematic Model (Chaiken 1980)—in which a message is processed centrally/systematically (scrutinizing arguments) or peripherally/heuristically (relying on cues), with the route determined by motivation and ability.



59.11 Social Influence

Consumption is rarely solitary, and the mere presence or imagined judgment of others reshapes it. Social Impact Theory holds that the force others exert on an individual rises with three factors: their number (social size), their immediacy (proximity), and their strength (importance), with the impact of size growing sublinearly (Argo, Dahl, and Manchanda 2005; Latan? and Wolf 1981). The non-linearity is consequential: moving from zero to one co-present shopper raises positive emotions, but moving from one to three lowers them as crowding sets in, and physical proximity moderates how strongly social size affects emotion and brand selection.

Influence also runs through anchoring. In food consumption, people conform to a group’s average intake as an anchor, eating more when others are present—but the magnitude is moderated by the other’s body type (McFerran et al. 2010). Diners adjust down from the anchor set by an obese eater (an undesirable reference group) and up from a thin one; the effect operates regardless of whether the food is framed as healthy or unhealthy, and it is attenuated among consumers with low appearance self-esteem who have the processing resources to correct. Social comparison governs how consumers value their own creations: a self-designed product is judged against both comparable products and the skills of other designers, so the upward comparison to professional defaults depresses evaluations of one’s own design unless defensive processing, firm-provided guidance, public recognition, or a repair opportunity intervenes (Moreau and Herd 2010).

Strikingly, awareness of being influenced does not reliably immunize the consumer. When a choice set has been constructed to exploit context effects—an attraction decoy or a compromise option—people who believe a menu was built by a friend to sway them become more, not less, swayed, evaluating the target option more favorably, plausibly through homophily and trust (R. W. Hamilton 2003; Wilson and Sherrell 1993). Even sophisticated consumers struggle to disentangle the characteristics of a local choice set from the global market it is drawn from (Simonson, Nowlis, and Lemon 1993), so understanding that a context is manipulated is not the same as escaping it.



59.12 Interpersonal Perception and Consumer Lay Beliefs

Consumers are intuitive psychologists who carry lay theories—informal, often-unexamined beliefs about how the world works—and these theories steer inference. A first lesson is that the same valence of information is weighted differently across product types. For products, a negativity bias dominates: negative information about a product moves brand perceptions more than positive information of equal magnitude (Folkes and Patrick 2003; Herr, Kardes, and Kim 1991). For services, the sign flips to a positivity bias: a single positive encounter with a service provider licenses a favorable inference about the whole brand more than a negative encounter licenses an unfavorable one, an asymmetry plausibly rooted in the heterogeneity of service delivery and in consumers’ prior that a service encounter should be more positive than negative, so good experiences read as typical and bad ones as outliers (Fornell 2005). The bias is strongest for novices and is built from three belief sources—general perceptions of services, firm-specific beliefs, and occupation-specific beliefs—while alternative explanations such as subtyping (R. Weber and Crocker 1983) are ruled out.

Lay theories also encode cultural meaning onto products. Green consumption carries a femininity stereotype—held by men and women, users and observers alike—so men buy fewer environmentally friendly products to protect a masculine gender identity, an avoidance that exceeds what prosocial-trait differences (J. A. Lee and Holden 1999; Zelezny, Chua, and Aldrich 2000) can explain and that follows from self-concept being partly derived from group membership (Brough et al. 2016; Turner and Oakes 1986). Facial cues are read through similar theories: a broader smile signals more warmth but less competence, so promotion-focused consumers in low-risk contexts prefer a big smile while prevention-focused consumers in high-risk contexts prefer a restrained one, a pattern grounded in the stereotype content model of social judgment (Ze Wang et al. 2016; Fiske et al. 2002). And a pervasive “healthy = expensive” intuition, processed heuristically in low-involvement food decisions, leads consumers to hold intuition-inconsistent health claims to a higher evidentiary standard than intuition-consistent ones (Haws, Reczek, and Sample 2017).



59.13 Culture and Consumer Behavior

Cultural psychology supplies a powerful moderator of nearly every process above: self-construal. In interdependent (broadly East Asian) cultures the self is defined through relationships and social context; in independent (broadly Western) cultures it is defined through internal attributes and uniqueness (Markus and Kitayama 1991). This single contrast cascades into cognition. East Asians reason holistically, attending to the whole field, attributing causality to context, and tolerating contradiction through dialectical reasoning; Westerners reason analytically, attending to focal objects, sorting them into categories, and applying formal logic (Nisbett et al. 2001). The difference is not hard-wired but is sustained by social organization and practice.

Self-construal does not so much overturn established models as recalibrate their inputs. Dual-process persuasion models, for instance, replicate across cultures—their structure is robust—but the diagnosticity of cues differs, so consensus information functions as a stronger heuristic cue in collectivist settings (Jennifer L. Aaker and Maheswaran 1997). Cue diagnosticity, “the extent to which consumers perceive that inferences based on the information alone would be adequate to achieve their objective,” is the construct that ports the model across cultures while letting its predictions vary. Temporal preferences likewise diverge through a regulatory-focus lens: Westerners, framing delay as a promotion loss of early enjoyment, grow impatient and discount the future more, while Easterners, framing it as a prevention loss, are comparatively patient (H. (Allan). Chen, Ng, and Rao 2005). The individualism–collectivism dimension is itself measured through validated self-construal instruments (Cousins 1989; Singelis 1994; Triandis 1989), and its behavioral correlates run deep: U.S. individualism shows up as competitive self-reliance and distance from in-groups, with idiocentric individuals reporting more loneliness even as allocentric individuals report richer social support (Triandis et al. 1988). Bicultural consumers, finally, exhibit the greatest cognitive flexibility, which makes them unusually receptive to paradox brands that deliberately combine contradictory associations (Rodas, John, and Torelli 2021), with brand values themselves anchored in Schwartz’s value structure (Schwartz 1992).



59.14 Prosocial Behavior and Morality

Moral behavior in the marketplace is governed less by stable virtue than by a dynamic, self-regulating moral self-concept. The key mechanism is moral balancing (Sachdeva, Iliev, and Medin 2009): when a person’s moral identity is affirmed—they feel they have been good—they feel licensed to act less ethically afterward (moral licensing), whereas when it is threatened they compensate with subsequent moral behavior (moral cleansing). The self acts as a thermostat regulating around a set point. Visibility moderates which way the thermostat tips: after a public initial act of support, consumers later help less (the public act satisfied an impression-management goal), whereas after a private token of support they help more (consistent with a genuine values-based motive) (Kristofferson, White, and Peloza 2013).

The deep structure of moral judgment is itself contested. Moral Foundations Theory proposes that intuitions rest on five foundations—harm/care, fairness/reciprocity, ingroup/loyalty, authority/respect, and purity/sanctity—and that political liberals weight chiefly the first two while conservatives weight all five more evenly (Graham, Haidt, and Nosek 2009). The social intuitionist model goes further, arguing that moral judgment is driven primarily by fast intuition, with conscious moral reasoning a largely post-hoc construction that rationalizes a verdict already reached, and that reasoning is shaped by social and cultural context rather than solipsistic deduction (Haidt 2001). Moral emotions police the gap between standards and behavior: the negatively valenced self-conscious emotions—shame, guilt, and embarrassment—do much of the enforcement, with guilt and shame reviewed in detail by Tangney, Stuewig, and Mashek (2007).

For firms, doing good pays in ways that are partly perceptual. Corporate social responsibility lifts not only goodwill but product evaluations—consumers infer that a socially responsible firm makes better-performing products, even for experienced attributes and even when the CSR is unrelated to the core business—an effect attenuated when motives are read as self-interested rather than benevolent (Chernev and Blair 2015). The mechanics of giving are subtle: low-value pregiving incentives work differently depending on the organization’s goal, because monetary incentives activate exchange norms while non-monetary ones preserve communal norms, so monetary tokens can raise direct-mail response rates yet lower ROI and average donation size (B. (Miranda). Yin, Li, and Singh 2020).



59.15 Consumer Well-Being and Food Decisions

A large applied literature studies how consumers judge what to eat, where lay theories and processing modes produce predictable distortions with public-health consequence. A foundational belief is the “unhealthy = tasty” intuition: portraying a food as unhealthy raises its inferred and actual taste, especially when hedonic cues are salient, and the effect holds even among consumers who explicitly deny the healthiness–tastiness tradeoff, suggesting an implicit compensatory belief that wholesomeness and pleasure trade off (Raghunathan, Naylor, and Hoyer 2006). The complementary “healthy = expensive” belief was treated above (Haws, Reczek, and Sample 2017). The closely related IKEA effect—the inflated valuation of self-made objects—shows the same self-relevance logic operating on effort rather than ingestion: labor breeds love, but only when the task is completed successfully; destroyed or abandoned creations earn no premium (M. I. Norton, Mochon, and Ariely 2012).

Calorie and quantity judgments are systematically biased by a type-before-quantity processing order. Consumers treat food type (healthy vs. unhealthy) as the primary dimension and quantity as secondary (P. J. Liu et al. 2019), which produces a split between two estimation modes (Woolley and Liu 2020). Under magnitude estimates (“very few” to “many” calories), which are sensitive only to type, a small portion of an unhealthy food can be judged to have more calories than a large portion of a healthy food. Under numeric estimates (a specific calorie count), which are sensitive to both type and quantity, the large healthy portion correctly registers more calories. Because healthiness is processed first, the two modes converge only when quantity is made primary or processed intuitively. These biases blunt policy levers. A price surcharge or an unhealthy label alone does little to curb demand for unhealthy food; only the combination works, and even then the effect is gendered—among men an unhealthy label can raise demand relative to the label-plus-surcharge condition (Shah et al. 2014). Consumers also chase financial value over nutrition: the any-size-same-price beverage promotion drives demand for larger sizes that persists even under calorie posting and even for diet drinks, confirming the pull is the perceived monetary deal rather than the calories, though graphic health interventions still dent the appeal (Haws et al. 2019). Loosely regulated “natural” claims exploit an inferential gap, raising product evaluations through consumers’ attribute inferences in the absence of any agreed definition (C. Berry, Burton, and Howlett 2017), and the quality of nutrition-information use depends jointly on consumer characteristics (familiarity, motivation) and stimulus characteristics (information format and content) (Moorman 1990). Related work extends these questions to algorithmic and default-driven food environments (Robitaille et al. 2021; Longoni, Bonezzi, and Morewedge 2019; VanEpps et al. 2021).



59.16 Digital Word of Mouth and Virality

Why does some content spread? The dominant account is affective: arousal, the physiological activation that primes action, is the engine of sharing. High-arousal states—whether positive (awe, excitement, amusement) or negative (anger, anxiety)— promote transmission, whereas low-arousal states (contentment, sadness) suppress it (J. Berger and Milkman 2012; Feldman Barrett and Russell 1998; Heilman 1997). The original evidence pairs an observational study of nearly 7,000 New York Times articles—where emotionality and interest predict making the most-emailed list, net of usefulness, surprise, timing, author prominence, complexity, and length—with controlled experiments that independently manipulate arousal within valence, isolating activation as the causal channel. Field-scale advertising data corroborate and extend the picture (Gerard J. Tellis et al. 2019): information-focused content is shared less (except in risky categories), positive emotions and drama elements (surprise, plot, characters, babies, animals, celebrities) raise sharing, and the optimal video runs roughly 1.2–1.7 minutes. Platform fit matters—emotional ads travel on general social platforms while informational ads travel on professional ones—and brand prominence must be balanced against the risk of triggering persuasion knowledge.

The broader digital-WOM literature studies who talks, what they say, and how it moves: the drivers of brand chatter and its relation to advertising (Lovett, Peres, and Shachar 2013), the systematic differences between mobile and desktop expression (Melumad and Pham 2020), the faster and farther diffusion of false relative to true news (Vosoughi, Roy, and Aral 2018), and related work on online conversation, valence, and influence (Moore 2012; Naylor, Lamberton, and West 2012; P. Nguyen et al. 2020). The methodological through-line is that observational virality data are riddled with confounds—structural virality, tie strength, selection into who shares— so credible claims pair them with experiments that hold content fixed and move the hypothesized cause.



59.17 Experiential Consumption and Time

A robust regularity closes the chapter: experiences tend to make people happier than material goods of equal cost. A meta-analysis confirms the experiential advantage but refines its source—much of it may stem from relatedness rather than from happiness or willingness to pay per se, and it shrinks for negative, isolated, or low-socioeconomic-status experiences and when the experience delivers utilitarian benefits comparable to a material alternative (Weingarten and Goodman 2020). Several mechanisms have been proposed (Gilovich, Kumar, and Jampol 2015): experiences improve social relationships, are more central to identity, and are judged on their own terms rather than through the social comparisons that dog material possessions. A distinct construct, fun, is not the same as happiness; it arises from hedonic engagement plus a sense of liberation, facilitated by novelty, social connectedness, spontaneity, and spatial/temporal boundedness (Oh and Pham 2021).

The experiential frame reshapes downstream behavior. Gifts of experience strengthen the giver–recipient relationship more than material gifts—whether or not the two consume the experience together—because the bond is forged by the intensity of emotion during consumption rather than at the moment of receipt, marking experiential giving as an especially effective form of prosocial spending (Chan and Mogilner 2016). Consumers are also more willing to borrow for experiences than for material goods despite their shorter physical lifespan, because sensitivity to missing a scheduled consumption makes purchase timing feel urgent (Tully and Sharma 2017). Even information search splits by type: online, the internet blurs the classic search-versus-experience distinction by lowering information costs, and consumers search experiential goods with more depth (time per page) and less breadth (pages visited), free-ride less, and lean more on others’ reviews and interactive media (P. Huang, Lurie, and Mitra 2009). Yet trust in those reviews is itself type-dependent: consumers discount reviews of experiences relative to reviews of material goods, reasoning that an experience rating reflects idiosyncratic taste more than objective quality (Dai, Chan, and Mogilner 2019). A short simulation (Figure 59.4) makes the experiential advantage and its moderators concrete.


set.seed(38)

n <- 400
# Latent relatedness benefit is larger, on average, for experiences.
relatedness_exp <- rnorm(n, mean = 1.0, sd = 0.6)
relatedness_mat <- rnorm(n, mean = 0.2, sd = 0.6)

# Happiness = baseline utility + weight * relatedness + noise.
w <- 1.2
happiness_exp <- 5 + w * relatedness_exp + rnorm(n, 0, 1)
happiness_mat <- 5 + w * relatedness_mat + rnorm(n, 0, 1)

# Counterfactual: isolate the purchase (set relatedness to zero) to show the
# advantage shrinking when the social channel is removed.
happiness_exp_iso <- 5 + rnorm(n, 0, 1)
happiness_mat_iso <- 5 + rnorm(n, 0, 1)

means <- c(
  `Experiential (social)` = mean(happiness_exp),
  `Material (social)`     = mean(happiness_mat),
  `Experiential (isolated)` = mean(happiness_exp_iso),
  `Material (isolated)`     = mean(happiness_mat_iso)
)

bp <- barplot(means, ylim = c(0, 7), las = 1, col = c("grey30", "grey70"),
              ylab = "Mean reported happiness",
              main = "Experiential advantage and its social moderator")
text(bp, means + 0.25, labels = round(means, 2))






[image: ]



Figure 59.4: Simulated happiness from matched-cost experiential vs. material purchases. The experiential advantage is the vertical gap; it narrows when social context (relatedness) is stripped away, illustrating the moderator emphasized by meta-analysis (Weingarten and Goodman 2020).








The simulation is deliberately stylized, but it encodes the literature’s central claim and its boundary condition: the experiential advantage is real on average and attenuates once the relational channel that produces it is removed.



59.18 Key Takeaways


	Most behavioral consumer phenomena reduce to a few primitives: heuristic substitution of an easy question for a hard one (A. Tversky and Kahneman 1974), reference dependence and loss aversion (R. Thaler 1985), affect as information (Pham et al. 2001), and motivated, goal-directed cognition (Kunda 1990; Richard P. Bagozzi and Dholakia 1999).

	Consumers are intuitive theorists—of persuasion (Friestad and Wright 1994), of services versus products (Folkes and Patrick 2003), and of food (Raghunathan, Naylor, and Hoyer 2006)—and those lay theories, not just the stimulus, drive response.

	Self-construal is the field’s master moderator: it recalibrates persuasion, time preference, and judgment across cultures without overturning the underlying process models (Markus and Kitayama 1991; Nisbett et al. 2001).

	The stimulus-based versus memory-based distinction (Table 59.1) is not merely taxonomic; it predicts when biases such as the left-digit effect strengthen or weaken (Sokolova, Seenivasan, and Thomas 2020).

	Credible causal claims in this literature pair observational data with experiments that hold content fixed and manipulate the hypothesized mechanism—nowhere more necessary than in virality, where confounds abound (J. Berger and Milkman 2012; Vosoughi, Roy, and Aral 2018).





59.19 Further Reading

The judgment-and-decision-making foundations are surveyed in E. U. Weber and Johnson (2009); the emotion-and-affect vocabulary is laid out in R. P. Bagozzi, Gopinath, and Nyer (1999); the persuasion-knowledge program begins with Friestad and Wright (1994); and the experiential-consumption literature is synthesized in Gilovich, Kumar, and Jampol (2015) and Weingarten and Goodman (2020). Readers should connect these behavioral primitives to the aggregate brand and demand models developed in Chapter 11.





60 Marketing Strategy Seminar

Marketing strategy is the central construct of the broader field of strategic marketing. Where strategic marketing names the field of study, marketing strategy names its object: the integrated pattern of choices through which a firm creates, communicates, and delivers value to customers and, by doing so, attains its objectives. This chapter is a graduate seminar in that construct. It is organized not as a march through tactics but as a tour of the questions a doctoral student must be able to pose and answer: what is a marketing strategy, how do scholars build theory about it, how is marketing organized inside the firm to execute it, and how do the markets the firm serves—customers, channels, and capital markets—price the results.

The chapter is built around a full-semester doctoral reading map. Two commitments run through it. The first is integration: a marketing strategy is a coherent pattern of decisions, not a list of independent marketing-mix moves, and most of the field’s empirical work has paradoxically studied the parts rather than the pattern (Neil A. Morgan et al. 2018). The second is accountability: strategy is judged by customer, financial, stock-market, and societal outcomes, so the seminar repeatedly forces the soft-sounding constructs of strategy—orientation, capability, culture, relationships—into contact with hard outcome data. Each weekly module below pairs a substantive debate with the empirical strategy used to adjudicate it, because nearly every claim in this field is contested on identification grounds.


60.1 Semester arc

A doctoral seminar in marketing strategy is the field’s bridge between marketing and the firm: it asks not “how do consumers decide?” but “how does marketing create, capture, and sustain value for the firm and its owners?” The arc begins at the boundary of the field—what marketing strategy is as a scholarly domain, and what theories of competitive advantage govern it (the resource-based view, resource-advantage theory, dynamic capabilities). From this footing the seminar moves through the field’s two great empirical engines of the 1990s–2000s: market orientation (the cultural/behavioral antecedent of performance) and marketing capabilities (the routines that convert resources into market position). These early modules establish the dependent variable that animates the whole field—firm performance—and the measurement and endogeneity problems that recur every week.

The middle of the semester turns to assets and accountability: how marketing builds intangible, off-balance-sheet stocks of value—brand equity and customer equity—and how those assets are priced. This opens onto the marketing–finance interface, the most active frontier for two decades. The market-based-assets framework (Srivastava, Shervani, and Fahey 1998b) reframed marketing outcomes as drivers of shareholder value, launching a large event-study and stock-return literature linking satisfaction, brands, innovation, and advertising to firm value and risk. Innovation strategy and the organization of the marketing function (the CMO, marketing’s contested influence) sit alongside it, because the recurring policy question is whether marketing is an investment markets reward or a cost boards cut.

The seminar closes with synthesis and method: B2B and channel governance (the transaction-cost/relational tradition), meta-analyses and empirical generalizations (the field’s accumulated, replicable findings), and a capstone returning to the opening question—what do we now know, and what should the next generation of dissertations attack? Throughout, the pedagogy is method-forward: each module names the identification challenge—cross-sectional correlation vs. causal effect, reverse causality from performance to marketing, omitted firm-quality variables, event-study and factor-model confounds—that stands between a construct and a finding.

The reading map uses two tags: [F] = Foundational (canon a strategy scholar is expected to know cold) and [R] = Frontier/Recent (an active research front, refreshed as the literature moves). Each week pairs at least one foundational anchor with one frontier paper. DOIs are reproduced as verified in the editorial source; works without a DOI-verified record are named without a link and flagged.



60.2 Week 1 — The domain of marketing strategy

Topic. What marketing strategy is as a field; levels of strategy (corporate, business, functional); the central dependent variable (firm performance) and its conceptual layers.

Subtopics. Domain definition and foundational premises; the marketing concept vs. marketing strategy; outcome chains from marketing actions to financial performance; demonstrating marketing’s value to the firm.

Methods. Conceptual/framework papers; reading the field as nested literatures.

Key readings.


	Varadarajan (2009), “Strategic marketing and marketing strategy: domain, definition, fundamental issues and foundational premises,” JAMS. doi:10.1007/s11747-009-0176-7 — the field-defining statement of scope; anchors the whole semester. [F]

	Rust, Ambler, Carpenter, Kumar & Srivastava (2004), “Measuring Marketing Productivity: Current Knowledge and Future Directions,” Journal of Marketing. doi:10.1509/jmkg.68.4.76.42721 — lays out the chain from marketing actions to financial outcomes. [F]

	Hanssens & Pauwels (2016), “Demonstrating the Value of Marketing,” Journal of Marketing (Hanssens and Pauwels 2016). doi:10.1509/jm.15.0417 — modern framing of marketing accountability and value demonstration. [R]



Debate. Is “marketing strategy” a coherent domain or a borrowing from strategic management? Where does marketing’s distinct contribution lie?



60.3 Week 2 — Theories of competitive advantage: RBV and R-A theory

Topic. The theoretical bedrock: why some firms outperform others, and where marketing-based resources fit.

Subtopics. Resource-based view; VRIN resources; resource-advantage theory of competition; market-based assets as a source of advantage.

Methods. Theory-building; conceptual frameworks; the logic of sustainability tests.

Key readings.


	Wernerfelt (1984), “A Resource-Based View of the Firm,” Strategic Management Journal. doi:10.1002/smj.4250050207 — the originating RBV statement; a cross-disciplinary anchor. [F]

	Hunt & Morgan (1995), “The Comparative Advantage Theory of Competition,” Journal of Marketing. doi:10.1177/002224299505900201 — marketing’s own evolutionary, disequilibrium theory of competition. [F]

	Srivastava, Shervani & Fahey (1998), “Market-Based Assets and Shareholder Value: A Framework for Analysis,” Journal of Marketing (Srivastava, Shervani, and Fahey 1998b). doi:10.1177/002224299806200102 — reframes marketing outputs as shareholder-value drivers; the hinge between RBV and the marketing–finance interface. [F]

	Day & Wensley (1988), “Assessing Advantage: A Framework for Diagnosing Competitive Superiority,” Journal of Marketing. doi:10.1177/002224298805200201 — sources vs. positions vs. performance outcomes of advantage. [F]



Debate. Are marketing resources truly inimitable, or transient? Equilibrium (IO) vs. disequilibrium (R-A) views of competition.



60.4 Week 3 — Market orientation

Topic. The behavioral/cultural antecedent of performance: being market-driven.

Subtopics. Construct definition (MARKOR vs. MKTOR scales); intelligence generation/dissemination/responsiveness; culture vs. behavior; antecedents and moderators of the MO–performance link.

Methods. Scale development and validation; survey research; meta-analysis.

Key readings.


	Kohli & Jaworski (1990), “Market Orientation: The Construct, Research Propositions, and Managerial Implications,” Journal of Marketing (Kohli and Jaworski 1990). doi:10.1177/002224299005400201 — the behavioral conceptualization. [F]

	Narver & Slater (1990), “The Effect of a Market Orientation on Business Profitability,” Journal of Marketing. doi:10.1177/002224299005400403 — the cultural conceptualization plus first profitability test. [F]

	Kirca, Jayachandran & Bearden (2005), “Market Orientation: A Meta-Analytic Review and Assessment of Its Antecedents and Impact on Performance,” Journal of Marketing. doi:10.1509/jmkg.69.2.24.60761 — the meta-analytic verdict; sets up the “how big and when” question. [F]



Debate. Culture vs. behavior measurement; does MO cause performance or do profitable firms afford MO (endogeneity)? Is MO necessary but not sufficient?

The seminar develops this module’s substantive core in Section 60.17.1 below, where Kohli & Jaworski’s decomposition of orientation into three observable behaviors is treated as a worked example of making an abstract construct measurable.



60.5 Week 4 — Marketing capabilities

Topic. The organizational routines that translate resources and orientation into market outcomes.

Subtopics. Architecture of marketing capabilities (specialized vs. architectural/cross-functional); benchmarking; capabilities vs. R&D/operations; the capabilities “gap.”

Methods. Survey-based capability measurement; meta-analysis; structural models.

Key readings.


	Day (1994), “The Capabilities of Market-Driven Organizations,” Journal of Marketing. doi:10.1177/002224299405800404 — inside-out/outside-in/spanning capabilities typology. [F]

	Vorhies & Morgan (2005), “Benchmarking Marketing Capabilities for Sustainable Competitive Advantage,” Journal of Marketing. doi:10.1509/jmkg.69.1.80.55505 — measures the distinct marketing capabilities and links them to performance. [F]

	Krasnikov & Jayachandran (2008), “The Relative Impact of Marketing, Research-and-Development, and Operations Capabilities on Firm Performance,” Journal of Marketing. doi:10.1509/jmkg.72.4.001 — meta-analytic horse-race showing marketing capabilities’ relative weight. [F]

	Morgan, Vorhies & Mason (2009), “Market Orientation, Marketing Capabilities, and Firm Performance,” Strategic Management Journal. doi:10.1002/smj.764 — integrates MO and capabilities as complementary. [R]

	Day (2011), “Closing the Marketing Capabilities Gap,” Journal of Marketing. doi:10.1509/jmkg.75.4.183 — adaptive/dynamic-capabilities frontier. [R]



Debate. Are capabilities measurable or tautological? Static vs. dynamic/adaptive capabilities; complementarity vs. substitution among functional capabilities.



60.6 Week 5 — Dynamic and competitive strategy

Topic. Strategy under change: reconfiguring resources; value creation vs. value appropriation.

Subtopics. Dynamic capabilities; sensing/seizing/transforming; strategic emphasis (value creation vs. appropriation); product-market strategy and cash flow.

Methods. Conceptual + secondary financial data; strategic-emphasis indices; cash-flow models.

Key readings.


	Teece, Pisano & Shuen (1997), “Dynamic Capabilities and Strategic Management,” Strategic Management Journal. doi:10.1002/(sici)1097-0266(199708)18:7<509::aid-smj882>3.0.co;2-z — the dynamic-capabilities anchor; cross-disciplinary. [F]

	Mizik & Jacobson (2003), “Trading Off Between Value Creation and Value Appropriation: The Financial Implications of Shifts in Strategic Emphasis,” Journal of Marketing (Mizik and Jacobson 2003). doi:10.1509/jmkg.67.1.63.18595 — the creation/appropriation tradeoff with financial-market evidence. [F]

	Vorhies, Morgan & Autry (2009), “Product-Market Strategy and the Marketing Capabilities of the Firm: Impact on Market Effectiveness and Cash Flow Performance,” Strategic Management Journal. doi:10.1002/smj.798 — fit between strategy type and capability mix. [R]



Debate. Can dynamic capabilities be observed or only inferred from outcomes? Is value appropriation a zero-sum tradeoff with creation?



60.7 Week 6 — Brand equity as a market-based asset

Topic. Brands as durable, off-balance-sheet assets that drive cash flows and shareholder value.

Subtopics. Customer-based brand equity (CBBE); brand knowledge and associations; brand value and stock returns/risk; financial vs. customer-mindset metrics.

Methods. Conceptual frameworks; calendar-time portfolio returns; Fama-French factor models; linking survey brand metrics to financials.

Key readings.


	Keller (1993), “Conceptualizing, Measuring, and Managing Customer-Based Brand Equity,” Journal of Marketing (Keller 1993). doi:10.1177/002224299305700101 — the CBBE framework. [F]

	Madden, Fehle & Fournier (2006), “Brands Matter: An Empirical Demonstration of the Creation of Shareholder Value Through Branding,” JAMS (T. J. Madden 2006). doi:10.1177/0092070305283356 — strong-brand portfolios earn higher returns at lower risk. [F]

	Mizik & Jacobson (2008), “The Financial Value Impact of Perceptual Brand Attributes,” Journal of Marketing Research (Mizik and Jacobson 2008). doi:10.1509/jmkr.45.1.15 — which brand-perception dimensions move firm value. [R]

	Keller (2016), “Reflections on Customer-Based Brand Equity: Perspectives, Progress, and Priorities,” AMS Review. doi:10.1007/s13162-016-0078-z — agenda update. [R]



Debate. Customer-mindset vs. financial metrics—which is the “real” brand equity? Do brand effects survive controls for firm quality?

The valuation machinery here—event studies, response models, risk decomposition, and Tobin’s qq as the workhorse firm-value outcome—is developed in full in Section 60.17.3 and in Chapter 11.



60.8 Week 7 — Customer equity and customer assets

Topic. The customer base as the firm’s central asset; valuing customers and customer equity.

Subtopics. Customer lifetime value (CLV); customer-equity drivers (value/brand/relationship equity); return on marketing; customer profitability and loyalty; from customer equity to market capitalization.

Methods. CLV/retention models; cohort and migration models; linking aggregate CLV to market cap.

Key readings.


	Rust, Lemon & Zeithaml (2004), “Return on Marketing: Using Customer Equity to Focus Marketing Strategy,” Journal of Marketing. doi:10.1509/jmkg.68.1.109.24030 — customer-equity drivers and ROI framework. [F]

	Gupta, Lehmann & Stuart (2004), “Valuing Customers,” Journal of Marketing Research. doi:10.1509/jmkr.41.1.7.25084 — CLV used to value the firm; links customer metrics to firm value. [F]

	Bolton, Lemon & Verhoef (2004), “The Theoretical Underpinnings of Customer Asset Management: A Framework and Propositions for Future Research,” JAMS. doi:10.1177/0092070304263341 — customer-asset-management theory. [F]

	Kumar & Shah (2009), “Expanding the Role of Marketing: From Customer Equity to Market Capitalization,” Journal of Marketing. doi:10.1509/jmkg.73.6.119 — links customer equity to stock-market value. [R]



Debate. Are acquisition and retention substitutes or complements? Does the sum of CLV reconcile with market capitalization? Loyalty–profitability myths.



60.9 Week 8 — Innovation and new-product strategy

Topic. Innovation as a strategic driver of growth, firm value, and risk.

Subtopics. Radical vs. incremental innovation; the incumbent’s curse; innovation’s effect on firm value and idiosyncratic/systematic risk; the marketing–R&D interface.

Methods. Content-analyzed innovation databases; event studies; long-run abnormal returns; risk decomposition.

Key readings.


	Chandy & Tellis (2000), “The Incumbent’s Curse? Incumbency, Size, and Radical Product Innovation,” Journal of Marketing (R. K. Chandy and Tellis 2000). doi:10.1509/jmkg.64.3.1.18033 — challenges the assumption that incumbents cannot innovate radically. [F]

	Sorescu & Spanjol (2008), “Innovation’s Effect on Firm Value and Risk: Insights from Consumer Packaged Goods,” Journal of Marketing. doi:10.1509/jmkg.72.2.114 — distinguishes value and risk effects of radical vs. incremental innovation. [R]



Debate. Does radical innovation pay (and for whom)? Is the stock-market reaction to innovation efficient or biased?



60.10 Week 9 — The marketing–finance interface and firm value

Topic. The field’s flagship frontier: connecting marketing to shareholder value, cash flow, and risk.

Subtopics. Marketing’s impact on firm value (level, growth, volatility, vulnerability of cash flows); metrics and methods of the interface; meta-analytic generalizations of marketing→value elasticities.

Methods. Event studies; stock-return models; abnormal-returns and risk metrics; meta-analysis of elasticities; the identification/endogeneity toolkit.

Key readings.


	Srinivasan & Hanssens (2009), “Marketing and Firm Value: Metrics, Methods, Findings, and Future Directions,” Journal of Marketing Research (S. Srinivasan and Hanssens 2009). doi:10.1509/jmkr.46.3.293 — the canonical review/roadmap of the interface. [F]

	Edeling & Fischer (2016), “Marketing’s Impact on Firm Value: Generalizations from a Meta-Analysis,” Journal of Marketing Research (Edeling and Fischer 2016). doi:10.1509/jmr.14.0046 — meta-analytic elasticities of marketing on firm value. [R]

	Edeling, Srinivasan & Hanssens (2021), “The Marketing–Finance Interface: A New Integrative Review of Metrics, Methods, and Findings and an Agenda for Future Research,” IJRM (Edeling, Srinivasan, and Hanssens 2021). doi:10.1016/j.ijresmar.2020.09.005 — the current state-of-the-art review. [R]



Debate. Does marketing create firm value or merely signal it? Market efficiency vs. mispricing of marketing assets; reverse causality and omitted firm-quality controls.



60.11 Week 10 — Marketing and stock returns: satisfaction, brands, advertising

Topic. The empirical core of the interface—whether customer- and brand-based metrics predict abnormal returns and reduce risk.

Subtopics. Customer satisfaction and shareholder value/risk; satisfaction and cash flow; advertising/R&D and systematic risk; calendar-time portfolios vs. event studies.

Methods. Calendar-time portfolio analysis; Fama-French / Carhart factor models; CAPM-beta decomposition; panel regressions with risk controls.

Key readings.


	Anderson, Fornell & Mazvancheryl (2004), “Customer Satisfaction and Shareholder Value,” Journal of Marketing. doi:10.1509/jmkg.68.4.172.42723 — satisfaction (ACSI) linked to shareholder value. [F]

	Fornell, Mithas, Morgeson & Krishnan (2006), “Customer Satisfaction and Stock Prices: High Returns, Low Risk,” Journal of Marketing (Fornell et al. 2006). doi:10.1509/jmkg.70.1.003.qxd — satisfaction portfolios earn excess returns. [R]

	Gruca & Rego (2005), “Customer Satisfaction, Cash Flow, and Shareholder Value,” Journal of Marketing (Gruca and Rego 2005). doi:10.1509/jmkg.69.3.115.66364 — satisfaction raises cash-flow growth and lowers variability. [F]

	McAlister, Srinivasan & Kim (2007), “Advertising, Research and Development, and Systematic Risk of the Firm,” Journal of Marketing. doi:10.1509/jmkg.71.1.035 — marketing/R&D intensity lowers systematic (market) risk. [F]



Debate. Are the abnormal returns real or an artifact of risk-model misspecification (the Fornell debate)? Mispricing vs. efficient incorporation of customer metrics.



60.12 Week 11 — Marketing metrics, dashboards, and accountability

Topic. How firms measure marketing, and whether measurement ability itself drives performance.

Subtopics. Marketing performance-measurement systems; metric selection and dashboards; marketing accountability and the boardroom; assessing performance outcomes.

Methods. Survey of measurement practices; metric taxonomies; linking measurement systems to outcomes.

Key readings.


	O’Sullivan & Abela (2007), “Marketing Performance Measurement Ability and Firm Performance,” Journal of Marketing. doi:10.1509/jmkg.71.2.079 — measurement ability is itself associated with performance and CEO satisfaction with marketing. [F]

	Katsikeas, Morgan, Leonidou & Hult (2016), “Assessing Performance Outcomes in Marketing,” Journal of Marketing (Katsikeas et al. 2016). doi:10.1509/jm.15.0287 — typology and conceptual map of marketing performance outcomes. [R]

	Hanssens & Pauwels (2016), “Demonstrating the Value of Marketing,” Journal of Marketing (Hanssens and Pauwels 2016). doi:10.1509/jm.15.0417 — frames accountability as the demonstration of marketing’s value (revisited from Week 1 through the metrics lens). [R]



Debate. Does measuring marketing improve it, or do better firms simply measure more (endogeneity again)? Which metrics matter—financial, customer-mindset, or market-position?



60.13 Week 12 — Marketing organization and the CMO

Topic. How marketing is organized inside the firm, and the contested rise and decline of marketing’s influence.

Subtopics. Marketing-organization dimensions and determinants; customer-focused structures; marketing’s influence within the firm and the boardroom; organizing for marketing excellence; the CMO role.

Methods. Cross-functional surveys; dyadic/informant data; configuration analysis.

Key readings.


	Workman, Homburg & Gruner (1998), “Marketing Organization: An Integrative Framework of Dimensions and Determinants,” Journal of Marketing. doi:10.1177/002224299806200302 — foundational map of how marketing is organized. [F]

	Homburg, Workman & Jensen (2000), “Fundamental Changes in Marketing Organization: The Movement Toward a Customer-Focused Organizational Structure,” JAMS. doi:10.1177/0092070300284001 — shift from product/function to customer-centric structures. [F]

	Verhoef & Leeflang (2009), “Understanding the Marketing Department’s Influence Within the Firm,” Journal of Marketing. doi:10.1509/jmkg.73.2.14 — what drives marketing’s clout (accountability, innovativeness, customer connection). [R]

	Moorman & Day (2016), “Organizing for Marketing Excellence,” Journal of Marketing (Moorman and Day 2016). doi:10.1509/jm.15.0423 — modern integrative framework (capabilities, configuration, culture, human capital). [R]



Debate. Is marketing’s influence genuinely declining, or migrating to other functions? Centralization vs. dispersion of the function; does a powerful CMO improve performance?

The Moorman & Day “marketing excellence” framework is developed as a worked capability theory in Section 60.17.2, and the CMO-performance question becomes a worked identification example in Section 60.17.5.



60.14 Week 13 — B2B, channels, and governance

Topic. Inter-organizational marketing strategy: governing exchange in channels and B2B relationships.

Subtopics. Transaction-cost economics in marketing; relationship marketing and commitment; safeguarding specific assets; relationship-marketing effectiveness.

Methods. TCE/agency theory; dyadic survey data; meta-analysis; relational-governance models.

Key readings.


	Heide & John (1988), “The Role of Dependence Balancing in Safeguarding Transaction-Specific Assets in Conventional Channels,” Journal of Marketing. doi:10.1177/002224298805200103 — TCE applied to channel governance. [F]

	Anderson & Weitz (1992), “The Use of Pledges to Build and Sustain Commitment in Distribution Channels,” Journal of Marketing Research. doi:10.1177/002224379202900103 — commitment, pledges, and relational governance. [F]

	Palmatier, Dant, Grewal & Evans (2006), “Factors Influencing the Effectiveness of Relationship Marketing: A Meta-Analysis,” Journal of Marketing. doi:10.1509/jmkg.70.4.136 — meta-analytic synthesis of what makes relationship marketing pay. [F]



Debate. Markets vs. hierarchies vs. relational governance; do relationship-marketing investments earn their cost, and for whom?

The transaction-cost machinery and the relationship-dynamics extension (commitment velocity) are developed as worked governance and estimation examples in Section 60.17.4.



60.15 Week 14 — Meta-analysis, empirical generalizations, and synthesis

Topic. What the field knows with replication-grade confidence; the service-dominant reframing; the agenda for the next generation.

Subtopics. Empirical generalizations and meta-analysis as a knowledge mode; advertising and market-share elasticities; service-dominant logic as an integrating lens; open frontiers.

Methods. Meta-analysis and meta-regression; empirical-generalization methodology; conceptual integration.

Key readings.


	Sethuraman, Tellis & Briesch (2011), “How Well Does Advertising Work? Generalizations from Meta-Analysis of Brand Advertising Elasticities,” Journal of Marketing Research (Sethuraman, Tellis, and Briesch 2011). doi:10.1509/jmkr.48.3.457 — canonical empirical generalization on advertising elasticity. [F]

	Edeling & Himme (2018), “When Does Market Share Matter? New Empirical Generalizations from a Meta-Analysis of the Market Share–Performance Relationship,” Journal of Marketing. doi:10.1509/jm.16.0250 — revisits a foundational generalization with modern meta-analysis. [R]

	Vargo & Lusch (2004), “Evolving to a New Dominant Logic for Marketing,” Journal of Marketing. doi:10.1509/jmkg.68.1.1.24036 — integrative reframing of value creation; a capstone debate. [R]

	Morgan (2012), “Marketing and Business Performance,” JAMS. doi:10.1007/s11747-011-0279-9 — integrative review tying the semester’s threads (orientation, capabilities, assets, performance) together. [R]



Debate. Are empirical generalizations stable across eras and contexts? Does service-dominant logic add explanatory power or relabel existing constructs?



60.16 Foundational vs. frontier at a glance

Foundational core (every strategy student must know): Wernerfelt (1984); Day & Wensley (1988); Heide & John (1988); Kohli & Jaworski (1990); Narver & Slater (1990); Anderson & Weitz (1992); Keller (1993); Day (1994); Hunt & Morgan (1995); Teece, Pisano & Shuen (1997); Srivastava, Shervani & Fahey (1998); Workman, Homburg & Gruner (1998); Chandy & Tellis (2000); Mizik & Jacobson (2003); Gupta, Lehmann & Stuart (2004); Rust, Lemon & Zeithaml (2004); Vorhies & Morgan (2005); Kirca, Jayachandran & Bearden (2005); Krasnikov & Jayachandran (2008); Varadarajan (2009); Srinivasan & Hanssens (2009).

Frontier / actively updated (refresh each edition): Fornell et al. (2006); Palmatier et al. (2006); McAlister, Srinivasan & Kim (2007); O’Sullivan & Abela (2007); Sorescu & Spanjol (2008); Mizik & Jacobson (2008); Morgan, Vorhies & Mason (2009); Vorhies, Morgan & Autry (2009); Kumar & Shah (2009); Verhoef & Leeflang (2009); Day (2011); Morgan (2012); Edeling & Fischer (2016); Hanssens & Pauwels (2016); Katsikeas et al. (2016); Moorman & Day (2016); Keller (2016); Edeling & Himme (2018); Edeling, Srinivasan & Hanssens (2021).

The split is pedagogical, not chronological: a 1990 paper is foundational because the field still builds on its constructs; a 2009 review is “frontier” because its agenda and metrics are still being executed. Each module deliberately pairs at least one foundational anchor with one frontier paper so students see both the canon and its live edge.



60.17 How this chapter expands

The weekly map is a backbone, not a ceiling. The remaining sections develop five of its modules into worked treatments—turning a reading into an estimator with explicit identifying assumptions—and the chapter is designed to grow along four further axes.


	An empirical-methods spine as a parallel track. Each module already names its identification challenge (endogeneity, reverse causality, event-study confounds, factor-model misspecification). A future edition should add a short methods companion per week—instrumental variables, difference-in-differences, control-function approaches, Heckman/selection, calendar-time portfolios, Bayesian meta-analysis—so the chapter teaches how the field adjudicates its debates, not only what it concluded. The worked sections below model this.

	A refreshed frontier every two to three years. The marketing–finance interface, customer-asset valuation, and innovation modules turn over fastest. Replace or supplement frontier readings as new meta-analyses and review articles appear, keeping the foundational anchors fixed.

	Emerging modules as the field grows: digital/platform and data-driven strategy (algorithmic targeting, platform competition, privacy as strategy); marketing and ESG/sustainability and firm value; marketing strategy and AI (generative AI as capability and as competitive disruptor); and causal machine learning in strategy (heterogeneous treatment effects). Each should follow the template: foundational anchor + frontier paper + identification debate.

	An internationalized syllabus base. The current canon is US/JM-centric; comparative notes from European and Asian doctoral programs would broaden how programs weight the finance interface vs. capabilities vs. CCT-adjacent strategy.



The following sections supply the worked treatments the map points to.


60.17.1 Market orientation, operationalized

The most influential operationalization of “customer-facing capability” is market orientation, the implementation of the marketing concept. Kohli and Jaworski (1990) define it as “the organizationwide generation of market intelligence pertaining to current and future customer needs, dissemination of the intelligence across departments, and responsiveness to it.” The definition decomposes a culture into three observable behaviors—intelligence generation, dissemination, and responsiveness—and thereby makes an abstract orientation measurable (Figure 60.1).
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Figure 60.1: Market orientation as three observable behaviors. Exogenous market factors and current and future customer needs feed intelligence generation; intelligence is disseminated across departments; the firm responds. Coordinated, cross-departmental work sustains the cycle, and profitability is a consequence rather than a component (Kohli and Jaworski 1990).








Three pillars underpin the construct. Customer focus construes market intelligence broadly, spanning both the exogenous market factors that shape customer needs and customers’ current and future needs themselves. Coordinated marketing requires one or more departments to work jointly toward a shared understanding, so orientation is organization-wide rather than the property of a marketing department. Profitability is deliberately placed as a consequence of market orientation rather than a component of it—a modeling choice that keeps the construct conceptually clean and lets profitability serve as a dependent variable. A terminological note carries strategic weight: “market orientation” is preferred to “marketing orientation” because it is less politically charged inside the firm and keeps the focus on the market rather than on a single function (Kohli and Jaworski 1990).



60.17.2 Marketing excellence and the marketing organization

Moorman and Day (2016) define marketing excellence as “a superior ability to perform essential customer-facing activities that improve customer, financial, stock market, and societal outcomes.” The definition is deliberately outcome-anchored: excellence is not a posture but a measurable capacity whose payoff is observable across four outcome classes.

Excellence rests on four elements of the marketing organization (MARORG) and is expressed through seven activities. The four elements are capabilities—complex bundles of firm-level skills and knowledge that perform marketing tasks and adapt the firm to marketplace change; configuration—the structures, metrics, and incentive and control systems that shape marketing activity; human capital—the people who create, implement, and evaluate strategy; and culture—the shared values, beliefs, behaviors, and artifacts that guide thinking throughout the firm (Moorman and Day 2016). These four elements are mobilized through seven activities, conveniently the “7 A’s” (Table 60.1).




Table 60.1: The seven activities through which the marketing organization’s four elements are mobilized into marketing excellence (Moorman and Day 2016).









	Activity
	What the firm does





	Anticipating
	Reads marketplace changes before they arrive



	Adapting
	Reshapes the firm to fit those changes



	Aligning
	Coordinates processes, structures, and people



	Activating
	Triggers efficient, effective individual and organizational behavior



	Accountability
	Creates responsibility for marketing performance



	Attracting
	Draws in financial, human, and other resources



	Asset management
	Develops and deploys marketing assets










The MARORG framework is a capability theory of strategy, and it inherits the resource-based logic of Week 2: a capability confers sustained advantage when it is valuable, rare, costly to imitate, and embedded in an organization able to exploit it. Capabilities of this kind are precisely what event studies later price when they reward acquirers with strong marketing capability (Germann, Ebbes, and Grewal 2015).



60.17.3 Branding as strategic asset

Branding is where marketing strategy is most fully expressed as a financial asset, and a large literature connects brand-related actions to capital-market outcomes. Swaminathan et al. (2022) synthesize this brand–finance interface, building on earlier reviews of how marketing creates shareholder value (Srivastava, Shervani, and Fahey 1998b; Keller and Lehmann 2006b; Edeling and Fischer 2016; Edeling, Srinivasan, and Hanssens 2021) and assembling well over a hundred studies that link brand actions to stock-market outcomes. The chapter on Chapter 11 develops the behavioral and valuation machinery in full; the present treatment isolates the strategic logic—how brand actions are classified and how they reach firm value.

Four measurement families dominate. Event studies read the market’s valuation of a discrete brand action from short-window stock returns. Response models extend the logic to continuous, ongoing brand activity. A third family decomposes risk into idiosyncratic and systematic components, since strong brands can lower a firm’s risk as well as raise its returns. The fourth uses firm value, operationalized as Tobin’s qq—the ratio of a firm’s market value to the replacement cost of its assets, q=market value of the firmreplacement cost of assets.(60.1)
q = \frac{\text{market value of the firm}}{\text{replacement cost of assets}}.
 \qquad(60.1) Values of qq above one indicate that markets price the firm above the cost of rebuilding its tangible assets, the wedge being attributable to intangibles such as brand. The measure has drawn methodological criticism (Bendle and Butt 2018b), to which the literature has offered replies (R. H. Peters and Taylor 2017).

Swaminathan et al. (2022) classify brand actions on two axes—cause and scope—that together organize the empirical findings (Table 60.2). On cause, actions are proactive (firm-initiated) or reactive (responses to external events such as recalls or disputes). On scope, actions are strategic (broad, long-horizon) or tactical (short-horizon marketing-mix moves).




Table 60.2: Brand actions classified by cause (proactive/reactive) and scope (strategic/tactical), with representative examples from the brand–finance literature (Swaminathan et al. 2022).










	
	Strategic (broad, long-term)
	Tactical (short-term)





	Proactive
	Brand introduction and innovation; brand architecture (house of brands vs. branded house); brand leverage; reputational capital, CSR, sociopolitical activism
	Name changes; quality improvement; advertising; social-media and word-of-mouth communication; pricing and channels; celebrity endorsement



	Reactive
	(Strategic responses to crises and structural threats)
	Product recalls; trademark disputes; brand crises (e.g., boycotts)










Two theoretical perspectives explain why brand actions move financial outcomes. Under signaling theory, brands are credible signals of quality to consumers and investors alike, with credibility depending on the signaler, the signal’s quality, the receiver, the environment, and the feedback loop (Connelly et al. 2010). Under resource-based theory, a brand generates value when it is valuable, rare, costly to imitate, and exploited by an organized firm. Between brand action and firm value lie mediators—brand-quality perceptions, attitudes, engagement, marketplace outcomes such as CLV and market share—and moderators—advertising, prior brand strength, marketing capabilities, and competitive intensity.



60.17.4 Channels, governance, and relationship dynamics

When the firm must decide whether to make, buy, or ally, transaction cost analysis (TCA) supplies the governance logic. TCA sits within the New Institutional Economics and views the firm itself as a governance structure rather than a production function (Rindfleisch and Heide 1997). Its appeal in marketing is twofold: it centers on exchange, the discipline’s native unit, and its constructs are amenable to survey measurement. Table 60.3 sets out its behavioral assumptions alongside the transactional dimensions they generate.




Table 60.3: The behavioral assumptions and transactional dimensions of transaction cost analysis (Rindfleisch and Heide 1997).





	Behavioral assumptions
	Transactional dimensions





	Bounded rationality
	Environmental uncertainty



	Opportunism
	Asset specificity



	Risk neutrality
	Transaction frequency










The decisive driver is asset specificity: investments specialized to a particular exchange create quasi-rents that opportunistic partners can expropriate under bounded rationality, so high specificity, especially when compounded by environmental uncertainty, pushes governance toward hierarchy (Rindfleisch and Heide 1997). As an identification matter, governance form is chosen: firms select into integration on the basis of specificity and uncertainty the analyst observes only partially, so naive regressions of performance on governance form confound the treatment with its selection. Credible designs either model the selection explicitly or exploit exogenous shifts in the cost of an asset’s specificity.

Relationships between exchange partners are not static, and treating them as such discards the information in their trajectories. Palmatier et al. (2013) introduce commitment velocity—the rate and direction of change in commitment—and argue that the dynamic elements of relational constructs forecast future behavior better than their static levels. The estimator is a latent growth curve model (LGCM). For dyad ii observed at time tt, a relational construct yity_{it} is decomposed into an individual-specific intercept (level) and slope (velocity), yit=αi+βit+εit,(αiβi)=(μαμβ)+(ζαiζβi),(60.2)
y_{it} = \alpha_i + \beta_i\, t + \varepsilon_{it}, \qquad
\begin{pmatrix}\alpha_i \\ \beta_i\end{pmatrix}
= \begin{pmatrix}\mu_\alpha \\ \mu_\beta\end{pmatrix}
+ \begin{pmatrix}\zeta_{\alpha i} \\ \zeta_{\beta i}\end{pmatrix},
 \qquad(60.2) where αi\alpha_i is the dyad’s baseline commitment, βi\beta_i its commitment velocity, and the random effects (ζαi,ζβi)(\zeta_{\alpha i}, \zeta_{\beta i}) capture heterogeneity across dyads. Identification of the slope factor requires at least three waves of panel data and rests on the usual LGCM assumptions: a correctly specified growth form, errors uncorrelated with the latent factors, and—when velocity predicts performance—no time-varying confounder driving both commitment growth and the outcome (Palmatier et al. 2013). The substantive lesson—that change in a relational construct carries information beyond its level—generalizes to any longitudinally measured strategic construct.



60.17.5 Human capital: the CMO and firm performance

The marketing-organization framework names human capital as one of its four elements; the cleanest test of its strategic value asks whether the senior marketing role pays off in firm performance. The natural unit of analysis is the presence of a chief marketing officer (CMO) in the top management team (Nath and Mahajan 2008), and the sharpest estimate comes from a study finding that firms with a CMO exhibit roughly 15% higher Tobin’s qq than firms without one (Germann, Ebbes, and Grewal 2015).

That headline number is interesting only if it is causal, and the design is built to make it credible. CMO presence is not randomly assigned, so a cross-sectional comparison confounds the CMO effect with whatever drives the appointment. Germann, Ebbes, and Grewal (2015) use two complementary strategies. First, panel data with firm fixed effects absorb time-invariant heterogeneity, so identification comes from within-firm changes in CMO presence: yit=γCMOit+𝐱it⊤𝛃+μi+τt+εit,(60.3)
y_{it} = \gamma\, \text{CMO}_{it} + \mathbf{x}_{it}^{\top}\boldsymbol{\beta}
        + \mu_i + \tau_t + \varepsilon_{it},
 \qquad(60.3) where yity_{it} is Tobin’s qq, CMOit\text{CMO}_{it} indicates CMO presence, μi\mu_i is a firm fixed effect, τt\tau_t a year effect, and γ\gamma the parameter of interest. Fixed effects do not, however, defeat time-varying endogeneity—reverse causality (rising performance funds an appointment) or a contemporaneous shock driving both. The second strategy therefore adds instrumental variables: a valid instrument shifts the probability of CMO presence (relevance) without affecting firm performance except through the CMO (the exclusion restriction). The exclusion restriction is the assumption that cannot be tested from data and on which the causal claim ultimately rests (Germann, Ebbes, and Grewal 2015)—a worked illustration of the seminar’s recurring point that a strategic construct becomes a finding only when its estimator and its identifying assumptions are stated in full.




60.18 Key Takeaways


	Marketing strategy is an integrated pattern of decisions evaluated against objectives; the field’s empirical work is biased toward single tactics over integrated programs (Neil A. Morgan et al. 2018), and the 14-week map above is organized so each module pairs a foundational anchor with a live frontier.

	The semester’s spine runs from the domain and theories of advantage (RBV, R-A theory) through market orientation (Kohli and Jaworski 1990) and marketing capabilities, into brand and customer assets, the marketing–finance interface (S. Srinivasan and Hanssens 2009; Edeling and Fischer 2016; Edeling, Srinivasan, and Hanssens 2021), innovation (R. K. Chandy and Tellis 2000), organization/CMO (Moorman and Day 2016), channels/governance, and a meta-analytic synthesis (Sethuraman, Tellis, and Briesch 2011).

	Marketing excellence is an outcome-anchored capability resting on four organizational elements mobilized through seven activities (Moorman and Day 2016); market orientation operationalizes the customer-facing capability as intelligence generation, dissemination, and responsiveness (Kohli and Jaworski 1990).

	Brand actions reach firm value through signaling and resource-based paths and are priced by markets; the cause × scope taxonomy organizes the evidence, and Tobin’s qq (Equation 60.1) is the workhorse outcome (Swaminathan et al. 2022).

	Governance (transaction cost analysis), relationship dynamics (commitment velocity, Equation 60.2), and human capital (the CMO effect,

	each become testable only once their estimator and identifying assumptions—selection, exclusion, correct growth form—are made explicit.










61 Marketing Theory and Theory Construction Seminar

Most seminars in this book teach a substantive literature—how the field studies advertising, or branding, or the marketing–finance interface. This one teaches the prior question: how the field builds, frames, argues, and tests theory at all. Its object is not any particular construct but the activity of theorizing—what a marketing scholar means by a “theory,” what separates a theoretical contribution from a clever empirical result, how an abstract construct is turned into something measurable and falsifiable, and how a community decides that a claim has earned the status of knowledge. It is, in short, the philosophy-of-science seminar for marketing, taught not as abstract epistemology but as the working craft a doctoral student must master to write a dissertation that advances theory rather than merely reporting an effect.

The seminar matters now more than it has in decades. Two pressures converge on it. The first is internal: the field’s flagship journals publish a shrinking share of purely conceptual articles, and the discipline has grown anxious that its theoretical output is thinning even as its empirical output explodes (doi:10.1509/jmkg.74.1.1). The second is external: the credibility revolution—false-positive psychology, the replication crisis, the re-examination of what counts as a finding—has forced every empirical science to ask whether its accumulated “knowledge” is real (doi:10.1177/0956797611417632; doi:10.1126/science.aac4716). Theory construction sits at the intersection of both anxieties: a field that cannot say clearly what its theories are cannot say clearly what it would mean to confirm or refute them.

A student who works through this seminar should come away able to do four things: to read a paper and locate precisely where its theoretical contribution lies (or to diagnose that it has none); to take an abstract construct and specify its nomological network so that it becomes measurable and testable; to recognize which mode of theorizing—conceptual framework, analytical model, grounded induction, typology, empirical generalization—a research question demands; and to judge a literature’s credibility by the standards the credibility revolution has made non-negotiable. These skills connect directly to two earlier chapters: the distinction between a latent construct and an observable variable developed in 1 is the measurement-theoretic backbone of this seminar, and the disciplinary history in Chapter 2 supplies the schools-of-thought and philosophy-of-science context against which these debates play out.

This is the book’s conceptual and methodological seminar—the one that complements its empirical seminars. Where the modeling, consumer-behavior, and marketing-strategy seminars teach how to execute research within a tradition, this seminar teaches how to think about what research in any tradition is for, what a contribution to it looks like, and how the community polices the line between a result and a finding.


61.1 Semester arc

The arc moves from the most general question to the most concrete and back. It opens with what theory is—the metatheoretical canon (Sutton & Staw, Whetten, DiMaggio) that every social science now teaches—and immediately localizes it to marketing’s own anxiety about conceptual contribution (MacInnis, Yadav). From there the seminar descends to the measurement layer: constructs, construct validity, and the nomological net (Cronbach & Meehl, Churchill), the machinery that turns an abstract idea into something a study can be about. With that foundation it confronts the field’s philosophy of science directly—the realism-versus-relativism debates of the early 1980s (Anderson, Hunt, Peter & Olson) that still structure how marketing argues about truth.

The middle weeks survey the modes of theorizing the field actually uses, because “theory” in marketing is not one thing. Empirical generalizations and middle-range theory (Bass) coexist with grand substantive theories of competition (Hunt & Morgan), with analytical/game-theoretic modeling as a distinct theoretical practice (Moorthy), with typologies and frameworks as a legitimate theory form (Doty & Glick), and with grounded, case-based, and interpretive induction (Eisenhardt, Gioia). Each mode has its own standards of rigor, and a central pedagogical aim is to make students fluent in matching mode to question rather than defaulting to whatever their training favored.

The seminar closes by folding the credibility revolution back into theory construction. Replication and pre-registration (Simmons et al., the Open Science Collaboration) are reframed not as mere methodological hygiene but as theory testing—the mechanism by which the community decides a theoretical claim survives. Mechanism and process theory (Bullock et al., Pieters) sharpen what it means to explain rather than merely predict. The final weeks turn reflexive—theory about theory building (Corley & Gioia), problematization as a contribution engine (Alvesson & Sandberg)—and end on a live metatheoretical debate (service-dominant logic) and the question of where marketing’s grand theory, if any, now stands. The reading map uses two tags: [F] = Foundational (the metatheoretical canon a theorist is expected to know cold) and [R] = Frontier/Recent (an active debate or a still-executing agenda). Each week pairs at least one foundational anchor with a live edge. DOIs are reproduced as Crossref-verified; any work without a verified DOI is named without a link and flagged.



61.2 Week 1 — What theory is (and is not)

Topic. The metatheoretical baseline: what the word “theory” denotes, and what masquerades as theory but is not (data, lists of variables, diagrams, hypotheses, references).

Subtopics. The logic of explanation (the “why” behind relationships); the difference between description and theory; the components of a theoretical argument (constructs, relationships, boundary conditions, underlying logic).

Methods. Close reading of metatheory; argument reconstruction.

Key readings.


	Sutton & Staw (1995), “What Theory Is Not,” Administrative Science Quarterly. doi:10.2307/2393788 — the field’s sharpest negative definition: five things that are routinely mistaken for theory. [F]

	Whetten (1989), “What Constitutes a Theoretical Contribution?,” Academy of Management Review. doi:10.2307/258554 — the positive complement: what-how-why-who-where-when as the anatomy of a theoretical argument. [F]

	DiMaggio (1995), “Comments on ‘What Theory Is Not,’” Administrative Science Quarterly. doi:10.2307/2393790 — three rival views of good theory (covering law, enlightenment, narrative) that defuse the false unity of the term. [F]



Debate. Is there one kind of “good theory,” or are explanation-as-prediction and explanation-as-understanding irreducibly different goals?



61.3 Week 2 — Conceptual contribution in marketing

Topic. Marketing’s own statement of what a conceptual contribution is, and the empirical claim that the field is producing fewer of them.

Subtopics. Types of conceptual contribution (envisioning, explicating, relating, debating); the conceptual/empirical division of labor; the institutional incentives that depress conceptual work.

Methods. Framework-building; content analysis of publication trends.

Key readings.


	MacInnis (2011), “A Framework for Conceptual Contributions in Marketing,” Journal of Marketing. doi:10.1509/jmkg.75.4.136 — a 2×4 typology (identifying, relating, delineating, debating × kinds of thinking) that gives conceptual work a vocabulary and a quality bar. [F]

	Yadav (2010), “The Decline of Conceptual Articles and Implications for Knowledge Development,” Journal of Marketing. doi:10.1509/jmkg.74.1.1 — documents the shrinking share of conceptual articles and argues the field’s knowledge engine depends on them. [R]

	Summers (2001), “Guidelines for Conducting Research and Publishing in Marketing: From Conceptualization Through the Review Process,” JAMS. doi:10.1177/03079450094243 — the craft-level companion: how conceptualization is judged in the review process. [R]



Debate. Is the decline of conceptual articles a knowledge crisis or a healthy migration of theory into empirical papers’ front ends?



61.4 Week 3 — Constructs and the theory of measurement

Topic. How an abstract construct becomes measurable, and why measurement is itself a theoretical act.

Subtopics. Construct validity and the nomological net; the construct→measure mapping; convergent and discriminant validity; reliability; reflective vs. formative measurement.

Methods. Scale development; the multitrait–multimethod logic; confirmatory factor analysis as construct test.

Key readings.


	Cronbach & Meehl (1955), “Construct Validity in Psychological Tests,” Psychological Bulletin. doi:10.1037/h0040957 — the founding statement that a construct is defined by its place in a nomological network. [F]

	Churchill (1979), “A Paradigm for Developing Better Measures of Marketing Constructs,” Journal of Marketing Research. doi:10.2307/3150876 — the marketing paradigm: domain specification → item generation → purification → validity. [F]

	Peter (1981), “Construct Validity: A Review of Basic Issues and Marketing Practices,” Journal of Marketing Research. doi:10.2307/3150948 — sharpens the validity vocabulary and audits how loosely marketing had been using it. [F]

	Bagozzi & Phillips (1982), “Representing and Testing Organizational Theories: A Holistic Construal,” Administrative Science Quarterly. doi:10.2307/2392322 — theoretical, empirical, and derived concepts knit into a testable structural whole. [F]



Debate. Is construct validity a property of a measure or of a theory? Can a construct ever be validated outside the network of laws it figures in?

This module is developed as the chapter’s worked treatment in Section 61.17.1.



61.5 Week 4 — Philosophy of science in marketing

Topic. The realism–relativism debate that defined marketing’s self-conception as a science.

Subtopics. Logical empiricism and its critics; scientific realism; relativism/constructionism; falsificationism; what “scientific progress” means for an applied field.

Methods. Philosophical analysis; reconstruction of competing programs.

Key readings.


	Anderson (1983), “Marketing, Scientific Progress, and Scientific Method,” Journal of Marketing. doi:10.1177/002224298304700403 — the relativist/constructionist challenge to naive empiricism. [F]

	Peter & Olson (1983), “Is Science Marketing?,” Journal of Marketing. doi:10.1177/002224298304700412 — the provocative companion arguing science is itself a marketed product. [F]

	Hunt (1990), “Truth in Marketing Theory and Research,” Journal of Marketing. doi:10.1177/002224299005400301 — the scientific-realist rebuttal defending a correspondence notion of truth. [F]



Debate. Is marketing knowledge discovered (realism) or constructed (relativism)? Does the answer change how we should evaluate theories?



61.6 Week 5 — Middle-range theory and empirical generalizations

Topic. Theory between grand systems and raw data: lawlike regularities that replicate across contexts.

Subtopics. Mertonian middle-range theory; empirical generalizations as a knowledge mode; the relationship between regularity and explanation; meta-analysis as generalization machinery.

Methods. Empirical-generalization methodology; meta-analysis; the generalize-then-explain workflow.

Key readings.


	Bass (1995), “Empirical Generalizations and Marketing Science: A Personal View,” Marketing Science. doi:10.1287/mksc.14.3.g6 — the manifesto for empirical generalizations as the durable, replicable core of marketing knowledge. [F]

	Hunt & Morgan (1995), “The Comparative Advantage Theory of Competition,” Journal of Marketing. doi:10.1177/002224299505900201 — a worked example of building up from generalizations toward a substantive general theory (revisited in Week 14). [R]



Debate. Is an empirical generalization a theory, a fact to be explained, or both? Can a field accumulate knowledge through regularities without underlying mechanism?



61.7 Week 6 — Substantive grand theory: competition

Topic. What an ambitious, field-spanning substantive theory in marketing looks like, using the theory of competition as the case.

Subtopics. Resource-advantage (R-A) theory; disequilibrium vs. neoclassical equilibrium; theory as an evolutionary process; the criteria for a “general theory.”

Methods. Theory construction; comparative evaluation of research programs.

Key readings.


	Hunt & Morgan (1995), “The Comparative Advantage Theory of Competition,” Journal of Marketing. doi:10.1177/002224299505900201 — marketing’s most fully developed home-grown general theory; a model of how to assemble a theory from premises. [F]

	Hunt (1983), “General Theories and the Fundamental Explananda of Marketing,” Journal of Marketing. doi:10.1177/002224298304700402 — what marketing’s grand theory would have to explain; sets the explananda. [F]



Debate. Does marketing need a single general theory, or is the field constitutively a federation of middle-range theories? Are the explananda of Hunt (1983) still the right ones?



61.8 Week 7 — Theorizing in consumer behavior: validity and application

Topic. How a behavioral, experiment-heavy subfield builds theory, and the external-validity debate that shaped it.

Subtopics. Internal vs. external validity; effects-application vs. theory-application research; the role of the experiment in theory testing; generalizing from the lab.

Methods. Experimental design as theory test; the theory-vs-application distinction in research design.

Key readings.


	Calder, Phillips & Tybout (1981), “Designing Research for Application,” Journal of Consumer Research. doi:10.1086/208856 — the classic split between theory-testing and effects-application research and what each demands of design. [F]

	Lynch (1982), “On the External Validity of Experiments in Consumer Research,” Journal of Consumer Research. doi:10.1086/208919 — reframes external validity as a function of background-factor interactions, not surface realism. [F]



Debate. When is external validity a genuine threat to a theory test versus a category error? Does “generalizability” mean the same thing for theory and for application?



61.9 Week 8 — Models as theory: analytical theorizing

Topic. Formal/analytical modeling as a distinct theoretical practice with its own warrants.

Subtopics. Assumptions and tractability; the role of mathematical deduction; what a model “proves”; robustness vs. realism; game theory as marketing theory.

Methods. Analytical/game-theoretic modeling; comparative statics; the assumption–implication contract.

Key readings.


	Moorthy (1993), “Theoretical Modeling in Marketing,” Journal of Marketing. doi:10.2307/1252029 — the definitive statement of what analytical models contribute and how to read them as theory. [F]

	Sutton & Staw (1995), “What Theory Is Not,” Administrative Science Quarterly. doi:10.2307/2393788 — revisited from the modeling side: a model’s equations are not theory unless the why is articulated. [F]



Debate. Do unrealistic assumptions invalidate a model, or is realism the wrong test (the Friedman “as-if” position)? Is a formal result a theory or a tool?



61.10 Week 9 — Typologies, taxonomies, and frameworks

Topic. Classification as theory: when a typology or framework is a genuine theoretical contribution rather than a descriptive convenience.

Subtopics. Typologies vs. taxonomies vs. classifications; ideal types and configurations; grand theories vs. middle-range frameworks; the testability of typological theories.

Methods. Configurational analysis; the logic of ideal-type construction.

Key readings.


	Doty & Glick (1994), “Typologies as a Unique Form of Theory Building: Toward Improved Understanding and Modeling,” Academy of Management Review. doi:10.2307/258704 — the canonical defense of typologies as theories with falsifiable, configurational predictions. [F]

	MacInnis (2011), “A Framework for Conceptual Contributions in Marketing,” Journal of Marketing. doi:10.1509/jmkg.75.4.136 — situates delineating/relating frameworks within the broader space of conceptual contribution (revisited from Week 2). [R]



Debate. When does a 2×2 stop being a heuristic and become a theory? Can a typology be falsified, or only found more or less useful?



61.11 Week 10 — Grounded, case-based, and interpretive theorizing

Topic. Building theory up from qualitative data, and the rigor standards that make induction credible.

Subtopics. Grounded theory; theory-building from cases; the Gioia methodology (first-order/second-order coding, the data structure); analytic generalization; trustworthiness criteria.

Methods. Multiple-case design; constant comparison; systematic qualitative coding.

Key readings.


	Eisenhardt (1989), “Building Theories from Case Study Research,” Academy of Management Review. doi:10.2307/258557 — the roadmap for inducting testable theory from a small number of cases. [F]

	Gioia, Corley & Hamilton (2013), “Seeking Qualitative Rigor in Inductive Research: Notes on the Gioia Methodology,” Organizational Research Methods. doi:10.1177/1094428112452151 — the now-standard template for demonstrating rigor in interpretive theory-building. [R]



Debate. Does systematizing qualitative coding buy rigor at the cost of interpretive insight? Is “analytic generalization” a real warrant or a relabeling of small-sample induction?



61.12 Week 11 — Replication and credibility as theory testing

Topic. The credibility revolution recast as the community’s mechanism for deciding which theoretical claims survive.

Subtopics. Researcher degrees of freedom and false positives; direct vs. conceptual replication; pre-registration; the reproducibility of an evidence base; what a failed replication does (and does not) say about a theory.

Methods. Pre-registration; multi-lab replication; meta-analytic reproducibility assessment.

Key readings.


	Simmons, Nelson & Simonsohn (2011), “False-Positive Psychology,” Psychological Science. doi:10.1177/0956797611417632 — how undisclosed flexibility manufactures significant results, motivating pre-registration. [F]

	Open Science Collaboration (2015), “Estimating the Reproducibility of Psychological Science,” Science. doi:10.1126/science.aac4716 — the large-scale replication audit that reset the field’s priors. [R]

	Lynch, Bradlow, Huber & Lehmann (2015), “Reflections on the Replication Corner: In Praise of Conceptual Replications,” IJRM. doi:10.1016/j.ijresmar.2015.09.006 — marketing’s own argument that conceptual replication tests theory, not just results. [R]



Debate. Does a failed direct replication falsify a theory or only an operationalization? Are conceptual replications more theory-relevant but less diagnostic?



61.13 Week 12 — Mechanism and process theory

Topic. The shift from “does X affect Y” to “through what mechanism”—and the inferential cost of taking mediation seriously.

Subtopics. Mechanistic vs. variance explanation; mediation as a theory of process; the endogeneity of mediators; experimental causal-chain designs.

Methods. Mediation and moderated-mediation analysis; experimental manipulation of the mediator; causal-inference critiques.

Key readings.


	Bullock, Green & Ha (2010), “Yes, But What’s the Mechanism? (Don’t Expect an Easy Answer),” Journal of Personality and Social Psychology. doi:10.1037/a0018933 — why statistical mediation rarely identifies a mechanism without strong, often untestable, assumptions. [F]

	Pieters (2017), “Meaningful Mediation Analysis: Plausible Causal Inference and Informative Communication,” Journal of Consumer Research. doi:10.1093/jcr/ucx081 — marketing’s constructive response: how to do and report mediation so it bears on theory. [R]

	Pham (2013), “The Seven Sins of Consumer Psychology,” Journal of Consumer Psychology. doi:10.1016/j.jcps.2013.07.004 — a catalog of theorizing pathologies, including mechanism-by-assertion. [R]



Debate. Is process evidence necessary for a theoretical contribution, or has the field fetishized mediation at the expense of robust effects?



61.14 Week 13 — Theory about theory building

Topic. The reflexive turn: theorizing the act of contribution itself, and how novelty is generated.

Subtopics. What “advancing theory” means; revelatory vs. incremental contribution; problematization vs. gap-spotting as engines of research questions; the rhetoric of contribution.

Methods. Metatheoretical analysis; assumption-challenging research design.

Key readings.


	Corley & Gioia (2011), “Building Theory About Theory Building: What Constitutes a Theoretical Contribution?,” Academy of Management Review. doi:10.5465/amr.2009.0486 — maps contribution along originality × utility and argues for prescient theorizing. [F]

	Alvesson & Sandberg (2011), “Generating Research Questions Through Problematization,” Academy of Management Review. doi:10.5465/amr.2009.0188 — replaces gap-spotting with the disciplined challenging of a literature’s assumptions. [R]



Debate. Is “interesting” theory (assumption-violating) more valuable than careful, cumulative theory? Does the contribution imperative reward novelty over truth?



61.15 Week 14 — The future of marketing metatheory

Topic. A live metatheoretical debate and a synthesis: where marketing’s theorizing is, and where it should go.

Subtopics. Service-dominant logic as a candidate integrating metatheory; foundational premises vs. relabeling; the relationship between metatheory and empirical generalization; the agenda for the next generation of theorists.

Methods. Conceptual synthesis; evaluation of a metatheoretical program.

Key readings.


	Vargo & Lusch (2004), “Evolving to a New Dominant Logic for Marketing,” Journal of Marketing. doi:10.1509/jmkg.68.1.1.24036 — the most-debated recent attempt at a unifying metatheory; a capstone test case for the semester’s criteria. [R]

	Hunt (1983), “General Theories and the Fundamental Explananda of Marketing,” Journal of Marketing. doi:10.1177/002224298304700402 — the benchmark against which any candidate metatheory’s explanatory scope is judged (revisited from Week 6). [F]



Debate. Does service-dominant logic add explanatory power, or relabel existing constructs? Should the field invest in grand metatheory at all, or in better-tested middle-range theory?



61.16 Foundational vs. frontier at a glance

Foundational core (every theorist must know): Cronbach & Meehl (1955); Churchill (1979); Peter (1981); Bagozzi & Phillips (1982); Anderson (1983); Hunt (1983); Calder, Phillips & Tybout (1981); Lynch (1982); Peter & Olson (1983); Sutton & Staw (1995); Whetten (1989); DiMaggio (1995); Eisenhardt (1989); Doty & Glick (1994); Bass (1995); Hunt (1990); MacInnis (2011); Corley & Gioia (2011); Simmons, Nelson & Simonsohn (2011). These are the canon of how marketing argues about theory and measurement, and the field still builds on each.

Frontier / actively updated (refresh each edition): Yadav (2010); Bullock, Green & Ha (2010); Alvesson & Sandberg (2011); Gioia, Corley & Hamilton (2013); Pham (2013); Vargo & Lusch (2004); Open Science Collaboration (2015); Lynch et al. (2015); Pieters (2017). The split is pedagogical, not chronological: Vargo & Lusch (2004) is “frontier” because the debate it launched is still open, while Churchill (1979) is foundational because the paradigm it set is still executed. Each module pairs a foundational anchor with a live edge so students see both the settled craft and its contested frontier.



61.17 How this chapter expands

The weekly map is a backbone, not a ceiling. The chapter is designed to grow along several axes.


	A measurement-theory spine as a parallel track. Weeks 3 and 10 already touch construct validity and qualitative rigor; a future edition should run a measurement companion through every week—formative vs. reflective specification, common-method bias, measurement invariance, and the construct-proliferation problem—so the seminar teaches how marketing operationalizes its theories, not only how it states them. The worked section below models this.

	A credibility-revolution module per tradition. Replication (Week 11) is taught generally; the field now needs tradition-specific versions—what pre-registration means for analytical modeling, for structural estimation, and for interpretive work, each of which has a different relationship to falsification.

	Emerging modes of theorizing. Computational and simulation-based theory, theory generated with or about machine-learning systems, and abduction/retroduction as an explicit logic deserve their own modules as the field’s toolkit widens; each should follow the template of foundational anchor + frontier paper + a debate about what counts as a contribution.

	An internationalized and cross-disciplinary canon. The current map is US/JM-centric and leans on management metatheory; European philosophy-of-marketing work and adjacent debates in economics and psychology would broaden how the seminar weights realism, interpretivism, and formalism.



The following section supplies the worked treatment the map points to.


61.17.1 Construct validity as a theory of measurement

The deepest idea in the measurement week is that a construct is not validated against a single criterion but constituted by its position in a network of relationships. Cronbach & Meehl (doi:10.1037/h0040957) call this network the nomological net: the interlocking set of theoretical laws relating the construct to other constructs, and correspondence rules relating constructs to observables. A construct CC becomes scientifically meaningful only when the net specifies enough of these links that some are testable. Construct validation is therefore inseparable from theory testing—you cannot confirm that a measure taps CC without simultaneously assuming the theory in which CC is embedded.

Make the mapping explicit. Let an unobservable construct η\eta generate a set of observable indicators x1,…,xpx_1,\dots,x_p under a reflective measurement model, xj=λjη+δj,𝔼[δj]=0,Cov(η,δj)=0,(61.1)
x_j = \lambda_j\,\eta + \delta_j, \qquad
\mathbb{E}[\delta_j]=0,\quad \mathrm{Cov}(\eta,\delta_j)=0,
 \qquad(61.1) where λj\lambda_j is the loading of indicator jj on the construct and δj\delta_j is measurement error. The indicators are effects of the construct, not its definition—reverse the arrow (indicators causing the construct) and the model becomes formative, with entirely different validity logic. Equation Equation 61.1 is the formal content of “the construct → measure mapping”: the theory asserts a latent common cause, and the data either support that structure or do not.

Reliability asks how much of the indicators’ variance is the construct rather than noise. For a composite of pp indicators it is summarized by construct reliability, ρc=(∑jλj)2(∑jλj)2+∑jVar(δj),(61.2)
\rho_c=\frac{\bigl(\sum_{j}\lambda_j\bigr)^2}
{\bigl(\sum_{j}\lambda_j\bigr)^2+\sum_{j}\mathrm{Var}(\delta_j)},
 \qquad(61.2) which is high when loadings are large relative to error variances. Reliability is necessary but not sufficient: a perfectly reliable measure can still measure the wrong thing.

That is where validity enters, and Churchill’s paradigm (doi:10.2307/3150876) operationalizes it as a disciplined sequence—specify the construct’s domain, generate items from that domain, purify the measure, then assess validity—so that the eventual scale earns its claim to tap η\eta. Two validities do the heavy lifting and have a clean formal reading. Convergent validity requires that indicators of the same construct share substantial variance: the average variance extracted, AVE=∑jλj2∑jλj2+∑jVar(δj),(61.3)
\mathrm{AVE}=\frac{\sum_{j}\lambda_j^{2}}
{\sum_{j}\lambda_j^{2}+\sum_{j}\mathrm{Var}(\delta_j)},
 \qquad(61.3) should exceed 0.50.5, meaning the construct explains more of its indicators’ variance than error does. Discriminant validity requires that distinct constructs be empirically separable: a construct’s AVE should exceed its squared correlation with any other construct, AVEη>rηξ2\mathrm{AVE}_\eta > r_{\eta\xi}^{2}, so the two are not merely the same latent variable under two names. Together these formalize the multitrait–multimethod intuition—indicators of one construct cohere, indicators of different constructs diverge—and Peter (1981) (doi:10.2307/3150948) is the audit showing how loosely marketing once used these terms.

The payoff is the seminar’s central claim: a construct becomes testable only inside a nomological network. Suppose theory predicts CC relates positively to an antecedent AA and an outcome OO. The construct earns nomological validity when its measure reproduces those predicted relationships, Cor̂(η̂,A)>0andCor̂(η̂,O)>0,(61.4)
\widehat{\mathrm{Cor}}(\hat\eta, A) > 0
\quad\text{and}\quad
\widehat{\mathrm{Cor}}(\hat\eta, O) > 0,
 \qquad(61.4) as the embedding theory requires. The logic is unavoidably joint: a failure of Equation 61.4 is ambiguous between a bad measure and a bad theory, and only further links in the net can apportion the blame. Bagozzi & Phillips (1982) (doi:10.2307/2392322) push this furthest, representing theoretical, empirical, and derived concepts as one structural system so that measurement and theory are tested in a single holistic construal. This is why measurement is a theoretical act: to say what a construct is, one must commit to the lawful relationships it stands in—and those commitments are exactly what an empirical study puts at risk.




61.18 Key Takeaways


	Theory is not data, lists, diagrams, or hypotheses; it is the logic of why (doi:10.2307/2393788), and a theoretical contribution is judged by what-how-why and by originality × utility (doi:10.2307/258554; doi:10.5465/amr.2009.0486)—a standard marketing now worries it meets less often (doi:10.1509/jmkg.74.1.1).

	Measurement is itself theorizing: a construct is constituted by its nomological net (doi:10.1037/h0040957) and made testable through the Churchill paradigm (doi:10.2307/3150876), so construct validation and theory testing are inseparable (Equation 61.4).

	“Theory” in marketing is plural—empirical generalizations (doi:10.1287/mksc.14.3.g6), substantive general theories (doi:10.1177/002224299505900201), analytical models (doi:10.2307/1252029), typologies (doi:10.2307/258704), and grounded induction (doi:10.2307/258557)—each with its own rigor standard; fluency means matching mode to question.

	The realism–relativism debate (doi:10.1177/002224298304700403; doi:10.1177/002224299005400301) still frames how marketing argues about truth, and it conditions what one even means by confirming or refuting a theory.

	The credibility revolution is theory testing by other means: pre-registration and replication (doi:10.1177/0956797611417632; doi:10.1126/science.aac4716) decide which claims survive, while mechanism and mediation critiques (doi:10.1037/a0018933) sharpen the line between predicting and explaining.

	This is the book’s conceptual/methodological seminar: it sits beneath the empirical seminars, drawing on the construct–variable distinction

	and the field’s history (Chapter 2) to teach not a literature but the craft of theorizing across all of them.










62 Channels, B2B, and Go-to-Market Seminar

Interorganizational marketing is the study of how firms reach markets through other firms. Where the consumer-behavior seminar studies the individual buyer and the strategy seminar studies the firm as a whole, this seminar studies the system between firms: the distribution channels that move goods from producer to buyer, the long-lived buyer–seller relationships that govern industrial exchange, the contracts and norms that hold those relationships together, and the sales force that is the firm’s human interface with its market. Together these constitute the firm’s go-to-market architecture—the set of choices about whom to sell through, how to compensate and organize the people who sell, and how to divide the surplus a channel jointly creates.

The intellectual core of the seminar is a single, recurring tension: coordination and governance under opportunism and asset specificity. Two or more self-interested firms can jointly create more value than either can alone, yet each is tempted to appropriate the other’s share, and investments specialized to one relationship—a dedicated plant, a trained sales force, a co-developed product—create quasi-rents that an opportunistic partner can hold up. The field’s canonical results all turn on this problem: independent channel members price too high and sell too little (double marginalization); transaction-specific assets push exchange out of the spot market and into hierarchy or relational governance; sales-force compensation must reconcile the firm’s goals with an agent’s hidden effort. A student who finishes this seminar can read a go-to-market arrangement as an economist reads a contract—identifying the surplus, the holdup hazard, and the governance device that mitigates it—and can estimate the relevant effects with the field’s structural and reduced-form tools.

The seminar matters because most marketing value is delivered, not by firms acting alone, but through these interorganizational systems, and because the governance problems they pose recur wherever exchange is repeated, specialized, and incompletely contractible. The same logic that explains why a manufacturer integrates its sales force explains why a platform writes the contracts it does with its complementors, and why a retailer and a brand fight over a trade promotion.

This chapter develops a tradition the other seminars only sample. The marketing-strategy seminar’s channels-and-governance module (Section 60.14) introduces transaction-cost analysis and relationship marketing as one week among fourteen; the analytical-modeling seminar’s channels weeks (Section 58.6) treat the manufacturer–retailer game as one application of game theory. Here those threads become the spine. The seminar gives the channels/B2B/sales-force tradition the full semester the strategy and analytical seminars cannot, pairing the economic theory of vertical relationships with the empirical literature on relationships, power, franchising, sales organization, organizational buying, and the omnichannel and retailer–manufacturer frontiers.


62.1 Semester arc

The arc moves from economics to organization to dynamics. It opens with the channel as an economic system—why decentralized channels underperform integrated ones, and how coordination is restored—then turns to the institutional question of governance: when exchange should be organized through markets, hierarchies, or relational contracts. Transaction cost economics and its marketing application supply the analytical backbone for Weeks 2 and 3; the relationship-marketing tradition (trust, commitment, and their measured effects) occupies Weeks 4 and 5, adding the behavioral and relational layer that pure economics omits.

The middle of the semester studies the forces and forms of channel relationships—power, conflict, and dependence (Week 6), and the contractual hybrids of franchising and vertical restraints (Week 7)—before turning to the firm’s most expensive go-to-market instrument, the sales force. Three weeks develop sales-force management from agency-theoretic compensation theory (Week 8) through the modern structural and field-experimental evidence on compensation dynamics (Week 9) to the organization, sizing, and effectiveness of the sales function (Week 10). The seminar then steps to the demand side of B2B exchange with organizational-buying theory (Week 11).

The closing arc tracks the field’s live frontiers: multichannel and omnichannel customer management (Week 12); the retailer–manufacturer interface, trade promotions, and retail media (Week 13); and a synthesis week anchored on the make-or-buy meta-analytic evidence that closes the loop back to governance (Week 14). Throughout, the pedagogy is method-forward—each module names the identification problem (governance is chosen, not assigned; compensation responds to selection; pass-through confounds cost and strategic response) that stands between a channel fact and a causal claim.

The reading map uses two tags: [F] = Foundational (canon every channels/B2B scholar should know cold) and [R] = Frontier/Recent (an active research front, refreshed as the literature moves). Each week pairs at least one foundational anchor with one frontier paper. DOIs are reproduced as verified against Crossref; works without a DOI-verified record (older books and proceedings) are named without a link and flagged.



62.2 Week 1 — Channels as economic systems and the coordination problem

Topic. Why a channel of independent firms underperforms an integrated one, and how the members coordinate to recover the lost surplus.

Subtopics. Double marginalization; channel profit maximization; coordinating contracts (two-part tariffs, quantity discounts); the strategic value of decentralization under competition.

Methods. Game-theoretic channel models; demand-and-cost optimization; equilibrium analysis of vertical structure.

Key readings.


	Jeuland & Shugan (1983), “Managing Channel Profits,” Marketing Science. doi:10.1287/mksc.2.3.239 — the founding statement of channel coordination and the contracts that restore joint-profit maximization. [F]

	McGuire & Staelin (1983), “An Industry Equilibrium Analysis of Downstream Vertical Integration,” Marketing Science. doi:10.1287/mksc.2.2.161 — shows that under inter-channel competition, decentralization can be a strategic choice, not just a coordination failure. [F]

	Coughlan (1985), “Competition and Cooperation in Marketing Channel Choice: Theory and Application,” Marketing Science. doi:10.1287/mksc.4.2.110 — extends the equilibrium analysis of channel structure to competitive, international markets. [R]



Debate. Is decentralization always a coordination failure to be fixed, or a strategic commitment device that softens competition? When does vertical integration help and when does it backfire?

The economics of this module are developed as the chapter’s worked treatment in Section 62.17.1, where double marginalization and its coordinating contracts are derived from a linear-demand channel.



62.3 Week 2 — Transaction cost economics and the make-or-buy decision

Topic. When exchange should be governed by the market and when by the firm—the foundational theory of vertical boundaries.

Subtopics. Bounded rationality and opportunism; asset specificity, uncertainty, and frequency; the holdup problem; integration of the sales force as a make-or-buy choice.

Methods. Transaction-cost reasoning; discrete-choice models of governance form; survey operationalization of specificity and uncertainty.

Key readings.


	Williamson (1979), “Transaction-Cost Economics: The Governance of Contractual Relations,” Journal of Law and Economics. doi:10.1086/466942 — the canonical statement of governance choice as a function of transaction attributes. [F]

	Anderson & Schmittlein (1984), “Integration of the Sales Force: An Empirical Examination,” RAND Journal of Economics. doi:10.2307/2555446 — the first rigorous test of TCE in marketing, predicting employee vs. independent-rep sales forces from asset specificity and performance ambiguity. [F]

	Rindfleisch & Heide (1997), “Transaction Cost Analysis: Past, Present, and Future Applications,” Journal of Marketing. doi:10.1177/002224299706100403 — the field’s stocktaking review of what TCA has and has not explained. [F]



Debate. Does asset specificity drive integration, or does opportunism need to be assumed to be present for the theory to bite? Are markets and hierarchies the only forms, or is relational governance a distinct third?



62.4 Week 3 — Channel governance and safeguarding

Topic. How firms safeguard specialized investments without full integration—the relational and dependence-based alternatives to hierarchy.

Subtopics. Dependence and dependence balancing; unilateral vs. bilateral governance; relational norms; safeguarding transaction-specific assets in conventional channels.

Methods. Dyadic survey measurement; governance typologies; moderated regression linking specificity, governance, and performance.

Key readings.


	Heide & John (1988), “The Role of Dependence Balancing in Safeguarding Transaction-Specific Assets in Conventional Channels,” Journal of Marketing. doi:10.1177/002224298805200103 — shows that a vulnerable party builds offsetting dependence to safeguard specific assets short of integration. [F]

	Heide (1994), “Interorganizational Governance in Marketing Channels,” Journal of Marketing. doi:10.1177/002224299405800106 — the typology of market, unilateral/hierarchical, and bilateral governance that organizes the field. [F]

	Anderson & Narus (1990), “A Model of Distributor Firm and Manufacturer Firm Working Partnerships,” Journal of Marketing. doi:10.1177/002224299005400103 — the working-partnership model linking cooperation, trust, and functional conflict. [F]



Debate. Is relational governance a substitute for or a complement to formal contracts? Does safeguarding through dependence merely relocate the holdup hazard?



62.5 Week 4 — Relationship marketing: trust and commitment

Topic. The behavioral theory of why durable exchange relationships form and persist, beyond what cost minimization predicts.

Subtopics. Relationship development phases; trust and commitment as mediating constructs; pledges and idiosyncratic investments as commitment signals.

Methods. Process models of relationship development; structural equation modeling of trust–commitment chains; dyadic survey data.

Key readings.


	Dwyer, Schurr & Oh (1987), “Developing Buyer-Seller Relationships,” Journal of Marketing. doi:10.1177/002224298705100202 — the developmental framework (awareness, exploration, expansion, commitment, dissolution) that reframed exchange as relational. [F]

	Morgan & Hunt (1994), “The Commitment-Trust Theory of Relationship Marketing,” Journal of Marketing. doi:10.1177/002224299405800302 — the key-mediating-variable model that made trust and commitment the field’s central constructs. [F]

	Anderson & Weitz (1992), “The Use of Pledges to Build and Sustain Commitment in Distribution Channels,” Journal of Marketing Research. doi:10.1177/002224379202900103 — shows how idiosyncratic investments and pledges function as commitment-building devices. [F]



Debate. Are trust and commitment causal drivers of performance or proxies for an unobserved relationship quality? Does relationship marketing add to, or merely relabel, the governance logic of TCE?



62.6 Week 5 — Relationship-marketing effectiveness

Topic. Whether, how much, and when relationship marketing pays—the meta-analytic and comparative-theoretic verdict.

Subtopics. Relational mediators and their relative weight; moderators by exchange context; comparing competing theoretical accounts longitudinally.

Methods. Meta-analysis of correlations; longitudinal dyadic panels; competing structural models tested on common data.

Key readings.


	Palmatier, Dant, Grewal & Evans (2006), “Factors Influencing the Effectiveness of Relationship Marketing: A Meta-Analysis,” Journal of Marketing. doi:10.1509/jmkg.70.4.136 — the meta-analytic synthesis of relationship-marketing antecedents and outcomes, isolating commitment and trust as proximal drivers. [F]

	Palmatier, Dant & Grewal (2007), “A Comparative Longitudinal Analysis of Theoretical Perspectives of Interorganizational Relationship Performance,” Journal of Marketing. doi:10.1509/jmkg.71.4.172 — tests commitment-trust, dependence, and TCE accounts head-to-head on the same longitudinal data. [R]



Debate. Which theoretical lens—relational, dependence, or transaction-cost—best predicts relationship performance? Do relational investments earn their cost, and for whom do they pay most?



62.7 Week 6 — Power, conflict, and dependence

Topic. The political economy of channels: how dependence creates power, how power is used, and how conflict shapes outcomes.

Subtopics. Sources and uses of channel power; manifest vs. latent conflict; perceived interdependence, asymmetry, and vulnerability; coercive vs. non-coercive influence.

Methods. Power/dependence scales; dyadic measurement of interdependence asymmetry; experiments and surveys on conflict and influence strategies.

Key readings.


	Gaski (1984), “The Theory of Power and Conflict in Channels of Distribution,” Journal of Marketing. doi:10.1177/002224298404800303 — the integrative review that organized decades of power-and-conflict research. [F]

	Kumar, Scheer & Steenkamp (1995), “The Effects of Perceived Interdependence on Dealer Attitudes,” Journal of Marketing Research. doi:10.1177/002224379503200309 — shows that total interdependence and asymmetry have distinct effects on trust, commitment, and conflict. [F]



Debate. Is asymmetric dependence inherently corrosive, or can a powerful party use restraint to build relational capital? Does high total interdependence offset the costs of asymmetry?



62.8 Week 7 — Franchising and vertical restraints

Topic. Contractual hybrids between market and hierarchy—franchising as a governance form and the economics of vertical restraints.

Subtopics. Agency theory and the franchise contract (royalties vs. fees); ownership redirection; double-sided moral hazard; the choice of organizational form.

Methods. Agency-theoretic contract models; empirical tests on franchise-chain data; organizational-form choice models.

Key readings.


	Lafontaine (1992), “Agency Theory and Franchising: Some Empirical Results,” RAND Journal of Economics. doi:10.2307/2555988 — the benchmark empirical test of agency-theoretic predictions about franchise contract terms. [F]

	Brickley & Dark (1987), “The Choice of Organizational Form: The Case of Franchising,” Journal of Financial Economics. doi:10.1016/0304-405x(87)90046-8 — the agency/monitoring-cost account of when outlets are franchised vs. company-owned. [F]



Debate. Does franchising solve a one-sided (franchisee effort) or two-sided (also franchisor brand) incentive problem? Is the franchise mix an equilibrium or a transitional stage toward company ownership?



62.9 Week 8 — Sales-force management I: compensation theory

Topic. The agency theory of sales-force compensation—how to pay an agent whose effort the firm cannot observe.

Subtopics. Salary–commission mix; risk sharing under hidden action; information asymmetry; the structure of optimal incentive contracts.

Methods. Principal–agent models with moral hazard; comparative statics of the optimal compensation schedule.

Key readings.


	Basu, Lal, Srinivasan & Staelin (1985), “Salesforce Compensation Plans: An Agency Theoretic Perspective,” Marketing Science. doi:10.1287/mksc.4.4.267 — the founding agency model deriving when salary, commission, or a mix is optimal. [F]

	Coughlan & Sen (1989), “Salesforce Compensation: Theory and Managerial Implications,” Marketing Science. doi:10.1287/mksc.8.4.324 — synthesizes and extends the compensation theory, mapping plan features to environments. [F]



Debate. Does the agency model’s salary–commission prescription survive when agents differ in ability and risk preference? How much of observed compensation design is incentive-optimal vs. institutional inertia?



62.10 Week 9 — Sales-force management II: dynamics and field evidence

Topic. What modern structural estimation and field experiments reveal about how salespeople actually respond to dynamic incentives.

Subtopics. Quota and bonus dynamics; ratcheting; timing of effort; gaming and the costs of nonlinear plans; estimating dynamic compensation models in the field.

Methods. Dynamic structural models; randomized field experiments; estimation and counterfactual plan redesign.

Key readings.


	Misra & Nair (2011), “A Structural Model of Sales-Force Compensation Dynamics: Estimation and Field Implementation,” Quantitative Marketing and Economics. doi:10.1007/s11129-011-9096-1 — estimates a dynamic agent model and implements the optimized plan in the field, raising revenue. [R]

	Chung, Steenburgh & Sudhir (2014), “Do Bonuses Enhance Sales Productivity? A Dynamic Structural Analysis of Bonus-Based Compensation Plans,” Marketing Science. doi:10.1287/mksc.2013.0815 — shows how quarterly and annual bonuses shape the timing and level of effort. [R]



Debate. Do salespeople behave as forward-looking dynamic optimizers, and does modeling them as such change the optimal plan materially? When do nonlinear incentives induce productive effort vs. unproductive gaming?



62.11 Week 10 — Sales organization, sizing, and effectiveness

Topic. Beyond the individual contract: how the sales force is structured, sized, deployed, and managed for effectiveness.

Subtopics. Sales-force sizing and territory design; key-account management; frontline behavior and customer outcomes; organizing the selling function.

Methods. Optimization models for sizing/alignment; multilevel models of salesperson and account performance; configurational analysis of KAM.

Key readings.


	Zoltners & Sinha (2005), “Sales Territory Design: Thirty Years of Modeling and Implementation,” Marketing Science. doi:10.1287/mksc.1050.0133 — the modeling-and-implementation record of sales-force sizing and territory alignment. [F]

	Homburg, Workman & Jensen (2002), “A Configurational Perspective on Key Account Management,” Journal of Marketing. doi:10.1509/jmkg.66.2.38.18471 — identifies coherent KAM configurations rather than isolated best practices. [F]

	Workman, Homburg & Jensen (2003), “Intraorganizational Determinants of Key Account Management Effectiveness,” Journal of the Academy of Marketing Science. doi:10.1177/0092070302238599 — links KAM design choices to effectiveness. [R]



Debate. Is sales-force productivity driven more by structural design (sizing, alignment, KAM) or by individual selling behavior? Do optimization models survive contact with field implementation frictions?



62.12 Week 11 — B2B buying and organizational behavior

Topic. The demand side of B2B exchange: how organizations, not individuals, buy.

Subtopics. The buying center and its roles; buy-classes and buy-phases; individual, social, organizational, and environmental determinants of industrial buying.

Methods. Conceptual modeling of multi-actor decision processes; survey research on buying centers; process tracing.

Key readings.


	Webster & Wind (1972), “A General Model for Understanding Organizational Buying Behavior,” Journal of Marketing. doi:10.1177/002224297203600204 — the buying-center framework partitioning influences into four nested levels. [F]

	Sheth (1973), “A Model of Industrial Buyer Behavior,” Journal of Marketing. doi:10.1177/002224297303700408 — the complementary process model of joint decision making and conflict resolution among buying-center members. [F]



Debate. Are these decades-old buying-center models still descriptive of procurement in a world of e-procurement, committees, and algorithmic sourcing? What do they miss about the role of switching costs and incumbency?



62.13 Week 12 — Multichannel and omnichannel customer management

Topic. Managing customers who move across channels—the migration, integration, and orchestration of multiple go-to-market paths.

Subtopics. Channel choice and migration; cross-channel synergies and cannibalization; the shift from multichannel to omnichannel; channel attribution.

Methods. Hierarchical Bayesian choice models of channel migration; multichannel customer panels; conceptual frameworks for omnichannel.

Key readings.


	Ansari, Mela & Neslin (2008), “Customer Channel Migration,” Journal of Marketing Research. doi:10.1509/jmkr.45.1.60 — models how marketing and prior behavior move customers across channels and what that does to purchasing. [F]

	Verhoef, Kannan & Inman (2015), “From Multi-Channel Retailing to Omni-Channel Retailing,” Journal of Retailing. doi:10.1016/j.jretai.2015.02.005 — the framing statement of the omnichannel research agenda. [R]



Debate. Does steering customers to lower-cost channels raise or erode their long-run value? Is omnichannel a genuinely new construct or multichannel with better integration?



62.14 Week 13 — The retailer–manufacturer interface, trade promotions, and retail media

Topic. The contested vertical interface between brands and retailers—store brands, trade dollars, pass-through, and the rising power of retail media.

Subtopics. Private labels and retailer power; trade-promotion pass-through; own- and cross-brand effects; the migration of channel power toward retailers and their media networks.

Methods. Store-level scanner data; pass-through estimation; structural models of vertical pricing.

Key readings.


	Ailawadi, Neslin & Gedenk (2001), “Pursuing the Value-Conscious Consumer: Store Brands versus National Brand Promotions,” Journal of Marketing. doi:10.1509/jmkg.65.1.71.18132 — links store-brand and promotion usage to consumer segments and retailer power. [F]

	Besanko, Dubé & Gupta (2005), “Own-Brand and Cross-Brand Retail Pass-Through,” Marketing Science. doi:10.1287/mksc.1030.0043 — estimates how wholesale price changes pass through to retail prices within and across brands. [R]



Debate. Has channel power shifted decisively to retailers, and does retail media entrench that shift? Is incomplete pass-through evidence of retailer market power or of strategic category management?



62.15 Week 14 — Governance, value, and meta-analytic synthesis

Topic. Closing the loop: what the accumulated evidence says about make-or-buy and governance, and where the field should go.

Subtopics. Meta-analytic generalizations on transaction-cost predictions; make, buy, or ally; integrating the economic and relational traditions; open frontiers (platforms, B2B digital, AI-enabled selling).

Methods. Meta-analysis and meta-regression; conceptual integration across the semester’s traditions.

Key readings.


	Geyskens, Steenkamp & Kumar (2006), “Make, Buy, or Ally: A Transaction Cost Theory Meta-Analysis,” Academy of Management Journal. doi:10.5465/amj.2006.21794670 — the meta-analytic verdict on which transaction-cost predictions replicate, and the third option (alliance) the dichotomy omits. [R]

	Rindfleisch & Heide (1997), “Transaction Cost Analysis: Past, Present, and Future Applications,” Journal of Marketing. doi:10.1177/002224299706100403 — revisited as the synthesizing lens tying governance back to the seminar’s opening question. [F]



Debate. Do the canonical transaction-cost predictions hold up meta-analytically, or only under specific operationalizations? What do platform and digital B2B contexts add that the make-or-buy frame misses?



62.16 Foundational vs. frontier at a glance

Foundational core (every channels/B2B student must know): Webster & Wind (1972); Sheth (1973); Williamson (1979); Jeuland & Shugan (1983); McGuire & Staelin (1983); Anderson & Schmittlein (1984); Gaski (1984); Basu, Lal, Srinivasan & Staelin (1985); Brickley & Dark (1987); Dwyer, Schurr & Oh (1987); Heide & John (1988); Coughlan & Sen (1989); Anderson & Narus (1990); Anderson & Weitz (1992); Lafontaine (1992); Morgan & Hunt (1994); Heide (1994); Kumar, Scheer & Steenkamp (1995); Rindfleisch & Heide (1997); Ailawadi, Neslin & Gedenk (2001); Homburg, Workman & Jensen (2002); Zoltners & Sinha (2005); Ansari, Mela & Neslin (2008).

Frontier / actively updated (refresh each edition): Besanko, Dubé & Gupta (2005); Palmatier, Dant, Grewal & Evans (2006); Geyskens, Steenkamp & Kumar (2006); Palmatier, Dant & Grewal (2007); Workman, Homburg & Jensen (2003); Misra & Nair (2011); Chung, Steenburgh & Sudhir (2014); Verhoef, Kannan & Inman (2015). The split is pedagogical, not chronological: a 1979 paper is foundational because the field still reasons in its terms, while a 2006 meta-analysis is “frontier” because its generalizations are still being executed and contested.



62.17 How this chapter expands

The weekly map is a backbone, not a ceiling. The chapter is designed to grow along four axes.


	A structural-estimation companion per sales-force week. Weeks 8–9 already pair agency theory with structural field evidence; a future edition should add a short methods note—dynamic discrete choice, the estimation of agents’ beliefs and discount factors, and field-experiment design—so the chapter teaches how the modern compensation literature identifies its effects, not only what it found.

	A platforms and two-sided-markets module. The make-or-buy frame (Week 14) extends naturally to platform governance, where the “channel” is a marketplace and the holdup hazard runs between the platform and its complementors; this connects to the platforms seminar and deserves its own week as the literature matures.

	B2B digital, sales technology, and AI-enabled selling. Frontline-technology adoption, CRM and sales-force automation, and generative-AI selling assistants are reshaping Weeks 9–11; each should enter as foundational anchor plus frontier paper plus an identification debate about selection into adoption.

	An internationalized governance base. The TCE/relational canon is largely US-centric; comparative work on guanxi, keiretsu, and distributor relationships in emerging markets would broaden how programs weight formal vs. relational governance.




62.17.1 Channel coordination and double marginalization

The seminar’s opening economic result is best seen in a compact channel model. A single manufacturer sells through a single retailer to final consumers whose demand is linear, q=a−bp,a,b>0,(62.1)
q = a - b\,p, \qquad a,b>0,
 \qquad(62.1) where pp is the retail price and qq the quantity sold. Production costs the manufacturer a constant cc per unit; the retailer adds no marginal cost beyond the wholesale price ww it pays. The integrated benchmark is the price a single vertically integrated firm would set to maximize total channel profit π=(p−c)q\pi = (p-c)\,q. Substituting demand and taking the first-order condition, $$
\max_{p}\ (p-c)(a-b\,p)
\quad\Longrightarrow\quad
p^{\*} = \frac{a + b\,c}{2b},
\qquad(62.2)$$ with channel-optimal quantity $q^{\*} = (a - b c)/2$ and total profit $\pi^{\*} = (a-bc)^2/(4b)$. This is the surplus the channel can earn when a single decision maker internalizes the full margin.

Now decentralize. The two firms price independently, each maximizing its own profit. The retailer takes the wholesale price ww as given and chooses pp to maximize (p−w)(a−bp)(p-w)(a-b p), yielding the retail reaction p(w)=a+bw2b,(62.3)
p(w) = \frac{a + b\,w}{2b},
 \qquad(62.3) so the retailer marks up over its own cost ww exactly as the integrated firm marks up over cc. The manufacturer, anticipating this, chooses ww to maximize (w−c)q(p(w))=(w−c)⋅a−bw2(w-c)\,q\big(p(w)\big) = (w-c)\cdot\frac{a-b w}{2}, which gives the wholesale price w†=a+bc2b.(62.4)
w^{\dagger} = \frac{a + b\,c}{2b}.
 \qquad(62.4) Propagating w†w^{\dagger} through the retailer’s reaction Equation 62.3 yields the decentralized retail price $$
p^{\dagger} = \frac{3a + b\,c}{4b} \;>\; p^{\*},
\qquad
q^{\dagger} = \frac{a - b c}{4} \;<\; q^{\*}.
\qquad(62.5)$$ The retail price is too high and the quantity too low: each firm marks up over its own marginal cost, so the margin is taken twice. This is double marginalization. The combined channel profit under decentralization is $$
\pi^{\dagger}_{M} + \pi^{\dagger}_{R}
= \frac{(a-bc)^2}{8b} + \frac{(a-bc)^2}{16b}
= \frac{3(a-bc)^2}{16b}
\;<\; \pi^{\*} = \frac{(a-bc)^2}{4b},
\qquad(62.6)$$ a strict loss of (a−bc)2/16b(a-bc)^2/16b—one quarter of the integrated profit—relative to coordination doi:10.1287/mksc.2.3.239.

The loss is not a deadweight inevitability of separate ownership; it is a contracting failure that the right instrument repairs. A two-part tariff sets the wholesale price at marginal cost, w=cw = c, so the retailer faces the integrated firm’s problem and sets $p = p^{\*}$, and the manufacturer extracts its share through a fixed franchise fee FF: $$
w = c, \qquad F \le \pi^{\*} = \frac{(a-bc)^2}{4b}.
\qquad(62.7)$$ With w=cw=c the retailer’s marginal incentive is aligned with the channel’s, the double markup vanishes, and the lump-sum fee FF divides the restored surplus without distorting the price. A quantity discount achieves the same end through a nonlinear wholesale schedule w(q)w(q) whose marginal price equals cc at the coordinated volume, rewarding the retailer for expanding output to $q^{\*}$ rather than restricting it. Both devices coordinate the channel by making the downstream firm’s marginal cost equal the true marginal cost of production, which is precisely the condition the integrated firm satisfies. The general lesson generalizes well beyond linear demand: whenever successive margins stack, a coordinating contract that restores marginal-cost pricing downstream and reallocates surplus through a fixed transfer recovers the joint optimum—though, as Week 1’s debate notes, a manufacturer facing a competing channel may rationally decline to coordinate, using decentralization as a strategic commitment to soften price competition doi:10.1287/mksc.2.2.161.




62.18 Key Takeaways


	Interorganizational marketing studies the firm’s go-to-market system—channels, buyer–seller relationships, governance, and the sales force—and its central tension is coordination and governance under opportunism and asset specificity; this seminar develops the tradition the strategy (Section 60.14) and analytical (Section 58.6) seminars only sample.

	A decentralized channel underperforms an integrated one through double marginalization (Equation 62.5); coordinating contracts—two-part tariffs

	and quantity discounts—restore the joint optimum by making the retailer’s marginal cost equal the true marginal cost, while McGuire & Staelin show decentralization can also be a strategic commitment under competition.




	Transaction cost economics (Williamson; Anderson & Schmittlein; Rindfleisch & Heide) explains vertical boundaries from asset specificity, uncertainty, and frequency, and the relational tradition (Heide; Dwyer, Schurr & Oh; Morgan & Hunt; Palmatier et al.) adds the trust-and-commitment layer that pure cost minimization omits—the two are tested head-to-head by Week 5’s comparative work.

	Sales-force management runs from agency-theoretic compensation (Basu et al.; Coughlan & Sen) to modern dynamic structural and field-experimental evidence (Misra & Nair; Chung, Steenburgh & Sudhir) and to the organization, sizing, and effectiveness of the selling function (Zoltners & Sinha; key-account management).

	Across every module the identification problem is that governance, compensation, and channel structure are chosen, not assigned, so credible designs model selection, exploit shocks, or run experiments; the make-or-buy meta-analysis (Geyskens, Steenkamp & Kumar) closes the semester by asking which transaction-cost predictions actually replicate.







63 Innovation, New Products, and Diffusion Seminar

Innovation is the engine of growth, and new products are where marketing, engineering, and finance collide. This chapter is a graduate seminar in how new products are conceived, developed, launched, adopted, and—if they survive—diffuse through a market until they remake or destroy the firms that compete to supply them. It organizes the field not as a checklist of stage-gate steps but as a tour of the questions a doctoral student must be able to pose and answer: how does a new product spread through a population, and can its sales be predicted before its peak? how is the development process itself managed, from the voice of the customer to a finished design? when does pioneering pay, and when does it merely advertise the opportunity to a fast follower? does radical innovation reward the firms that bet on it—and do capital markets price that bet correctly?

The chapter matters because innovation is simultaneously the most celebrated and the least controllable strategic lever. A single diffusion curve can be fit with two behavioral parameters, yet those parameters are notoriously unstable before the sales peak; a development process can be mapped into clean decision modules, yet the hardest choices—how radical to be, when to cannibalize, when to enter—resist optimization. The seminar’s central tension runs through every week: there are three distinct intellectual projects here, and they pull in different directions. Predicting and modeling diffusion (the Bass tradition and its descendants) treats the new product as an aggregate sales trajectory to be forecast; managing the development process (the design and voice-of-the-customer tradition) treats it as a sequence of engineering and marketing decisions to be optimized; and valuing innovation (the marketing–finance tradition) treats it as a risky asset to be priced by capital markets. A student who finishes the course should be able to estimate a diffusion model and state what breaks its identification, design a concept test, and read an event study of an innovation announcement with equal fluency.

This seminar is the doctoral reading-map that organizes the substantive material of the innovation chapter (Chapter 25) into a full field course, and it shares a border with the market-entry chapter (Chapter 26): timing of entry, pioneer advantage, and order effects are studied here as facets of the innovation problem rather than as a separate competitive-strategy question. The course is also a strong fit for the book’s advisor corpus. Gerard J. Tellis has shaped the modern empirical study of new-product growth—international takeoff, the saddle, radical versus incremental innovation, the incumbent’s curse, technological evolution, and the stock-market returns to innovation—and his work anchors several weeks below. These are woven where genuinely canonical, not gratuitously: the seminar’s spine would look much the same in any top program, and it happens to run through a great deal of one advisor’s research.


63.1 Semester arc

The arc begins with diffusion as an aggregate phenomenon. The first four weeks build the modeling backbone—the Bass model and its generalizations, cross-country and international diffusion, and the empirical regularities of takeoff and the “saddle”—because a doctoral student must be able to write down, estimate, and critique a diffusion model before doing anything else with new products. This block establishes the field’s first dependent variable, the sales trajectory, and its recurring identification problem: the curve’s parameters are weakly identified from pre-peak data, so forecasts made when they are most useful are least reliable.

The middle of the semester turns from the market’s behavior to the firm’s behavior: the new-product development process itself. Weeks on the development- decisions framework, the voice of the customer and concept testing, and preference measurement and product-design optimization treat the new product as something to be engineered and tested, not merely forecast. Here the seminar connects to the preference-measurement and conjoint machinery used throughout the book, and it foregrounds a different methodological tradition—survey design, perceptual mapping, and choice modeling rather than time-series estimation. The block on really-new products and entry timing then bridges process and strategy: when the product is genuinely new, both customer learning and competitive order-of-entry effects change the rules.

The seminar closes with innovation as strategy and as a priced asset. Weeks on radical versus incremental innovation and the incumbent, technology generations and network effects, user and open innovation, innovation and firm value, technological evolution and disruption, and a diffusion frontier (social contagion and machine learning) move the course from forecasting and process toward the questions that animate current dissertations: does radical innovation pay, and for whom? do incumbents really suffer a curse? do markets price innovation efficiently? Throughout, the pedagogy is method-forward—each module names the identification challenge (parameter instability, selection into entry, endogenous innovation choice, event-study and factor-model confounds, contagion-versus-homophily) that stands between a pattern and a finding.

The reading map uses two tags: [F] = Foundational (canon an innovation scholar is expected to know cold) and [R] = Frontier/Recent (an active research front, refreshed as the literature moves). Each week pairs at least one foundational anchor with one frontier paper. DOIs are reproduced as verified against Crossref; works without a DOI-verified record (chiefly books and a pre-DOI economics classic) are named without a link and flagged.



63.2 Week 1 — Diffusion and the Bass model

Topic. How a new product spreads through a population of potential adopters; the canonical aggregate model of first-purchase diffusion.

Subtopics. Innovators vs. imitators; the adopter categories; the SS-curve; coefficients of innovation and imitation; the qualitative theory of diffusion behind the algebra.

Methods. Aggregate (macro) diffusion modeling; nonlinear least squares and maximum likelihood on cumulative-adoption data; the sociological theory of adoption.

Key readings.


	Bass (1969), “A New Product Growth for Model Consumer Durables,” Management Science. doi:10.1287/mnsc.15.5.215 — the founding two-parameter diffusion model; the anchor for the entire course. [F]

	Rogers, Diffusion of Innovations (Free Press; 1st ed. 1962, 5th ed. 2003) — the qualitative theory of adopter categories and innovation attributes behind the algebra; a book, cited without DOI. [F]

	Mahajan, Muller & Bass (1990), “New Product Diffusion Models in Marketing: A Review and Directions for Research,” Journal of Marketing. doi:10.1177/002224299005400101 — the field-defining review that frames the whole modeling tradition (read here as orientation, developed in Week 2). [F]



Debate. Is the pp/qq split a behavioral truth (external vs. internal influence) or a convenient functional form? Do innovators and imitators name real people or just curvature?



63.3 Week 2 — Bass extensions and generalized diffusion

Topic. Relaxing the basic model: marketing-mix effects, repeat purchase, flexible curves, and the conditions under which extensions actually improve fit and forecasts.

Subtopics. The generalized Bass model with price and advertising; why decision variables often add little to fit; flexible and multi-stage diffusion; refinement vs. parsimony.

Methods. Estimation under added covariates; nested-model comparison; forecasting evaluation and the bias of pre-peak estimates.

Key readings.


	Mahajan, Muller & Bass (1990), “New Product Diffusion Models in Marketing: A Review and Directions for Research,” Journal of Marketing. doi:10.1177/002224299005400101 — the canonical taxonomy of extensions and open problems. [F]

	Bass, Krishnan & Jain (1994), “Why the Bass Model Fits Without Decision Variables,” Marketing Science. doi:10.1287/mksc.13.3.203 — the generalized Bass model, and the subtle argument that mix effects enter multiplicatively without disturbing the basic shape. [F]

	Norton & Bass (1987), “A Diffusion Theory Model of Adoption and Substitution for Successive Generations of High-Technology Products,” Management Science. doi:10.1287/mnsc.33.9.1069 — extends diffusion to technology generations (revisited in Week 10). [F]



Debate. When does adding price/advertising to a diffusion model buy real forecasting power, and when is it overfitting? Is the generalized Bass model an explanation or a rationalization of the basic model’s robustness?



63.4 Week 3 — Cross-country and international diffusion

Topic. How diffusion parameters and takeoff timing vary across countries, and what economic, cultural, and institutional factors drive the variation.

Subtopics. Cross-national differences in pp and qq; lead–lag effects between countries; developing-country diffusion; culture and country innovativeness as moderators.

Methods. Hierarchical/Bayesian estimation across countries and products; meta-analytic synthesis of parameters; hazard models of takeoff timing.

Key readings.


	Tellis, Stremersch & Yin (2003), “The International Takeoff of New Products: The Role of Economics, Culture, and Country Innovativeness,” Marketing Science. doi:10.1287/mksc.22.2.188.16041 — what makes new products take off faster in some countries than others. [F]

	Talukdar, Sudhir & Ainslie (2002), “Investigating New Product Diffusion Across Products and Countries,” Marketing Science. doi:10.1287/mksc.21.1.97.161 — a Bayesian decomposition of diffusion parameters across products and developed/ developing markets. [F]



Debate. Are cross-country differences in diffusion driven by economics (income, infrastructure) or culture (uncertainty avoidance, cosmopolitanism)? Do later-adopting countries diffuse faster because they “learn” from earlier ones?



63.5 Week 4 — Takeoff, slowdown, and saddles

Topic. The non-monotone features of real sales curves: the long flat introductory stage, the sudden takeoff, and the post-takeoff sales dip (“saddle”) that the smooth Bass curve cannot produce.

Subtopics. Modeling takeoff as a hazard; really-new vs. incrementally-new takeoff; the saddle and the chasm; informational cascades and heterogeneity as mechanisms.

Methods. Hazard/duration models of takeoff; threshold and two-segment diffusion models; identifying structural breaks in sales.

Key readings.


	Golder & Tellis (1997), “Will It Ever Fly? Modeling the Takeoff of Really New Consumer Durables,” Marketing Science. doi:10.1287/mksc.16.3.256 — defines and predicts the takeoff point, the transition from introduction to rapid growth. [F]

	Goldenberg, Libai & Muller (2002), “Riding the Saddle: How Cross-Market Communications Can Create a Major Slump in Sales,” Journal of Marketing. doi:10.1509/jmkg.66.2.1.18472 — the saddle as a consequence of weak communication between early and main markets. [F]

	Chandrasekaran & Tellis (2011), “Getting a Grip on the Saddle: Chasms or Cycles?,” Journal of Marketing. doi:10.1509/jmkg.75.4.21 — large-sample evidence on how prevalent and how deep saddles are. [R]



Debate. Is the saddle a structural feature of two-segment markets or an artifact of macroeconomic cycles? Can takeoff be forecast in time to act on it?



63.6 Week 5 — The new-product development process

Topic. Turning the lens from the market to the firm: how new products are actually developed, and the decisions that structure the process.

Subtopics. The development-decisions framework (concept, design, testing, production ramp); stage-gate and its critics; platform and portfolio decisions; the marketing–engineering interface.

Methods. Decision-analytic and process frameworks; design-process modeling; case-based and survey evidence on development practice.

Key readings.


	Krishnan & Ulrich (2001), “Product Development Decisions: A Review of the Literature,” Management Science. doi:10.1287/mnsc.47.1.1.10668 — organizes the sprawling NPD literature as a set of decisions across disciplines. [F]

	Urban & Hauser, Design and Marketing of New Products (2nd ed., Prentice Hall,

	— the canonical text mapping the development funnel from opportunity identification to launch; a book, cited without DOI. [F]






Debate. Is NPD best modeled as a sequence of decisions (Krishnan–Ulrich) or as an organizational/cultural capability? Does formal stage-gate help or ossify radical projects?



63.7 Week 6 — Voice of the customer and concept testing

Topic. Eliciting and structuring customer needs as the front end of development; turning fuzzy wants into engineering targets.

Subtopics. The voice of the customer (VOC); need hierarchies and relative importance; quality function deployment (QFD); concept generation and screening.

Methods. Qualitative-interview elicitation; affinity structuring; reliability of needs measurement; concept-test design.

Key readings.


	Griffin & Hauser (1993), “The Voice of the Customer,” Marketing Science. doi:10.1287/mksc.12.1.1 — how many customers and analysts are needed to capture the structured set of needs; the measurement foundation of the front end. [F]

	Urban & Hauser, Design and Marketing of New Products (2nd ed., 1993) — the QFD “house of quality” and concept-testing pipeline (revisited from Week 5 through the needs-measurement lens); a book, cited without DOI. [F]



Debate. Does VOC reliably surface latent needs, or only articulated ones? Are really-new products knowable from customer interviews at all (a hand-off to Week 8)?



63.8 Week 7 — Preference measurement and product-design optimization

Topic. Quantifying how customers value product attributes, and using those valuations to design and position the product.

Subtopics. Conjoint analysis (ratings-based and choice-based); attribute part-worths; product-line and design optimization; commercial practice and its evolution.

Methods. Conjoint/choice experiments; hierarchical Bayes estimation of part-worths; optimization over the attribute space; perceptual mapping.

Key readings.


	Green & Srinivasan (1990), “Conjoint Analysis in Marketing: New Developments with Implications for Research and Practice,” Journal of Marketing. doi:10.1177/002224299005400402 — the authoritative synthesis of conjoint method and design. [F]

	Wittink & Cattin (1989), “Commercial Use of Conjoint Analysis: An Update,” Journal of Marketing. doi:10.1177/002224298905300310 — documents how widely and how conjoint is used in practice. [F]



Debate. Do stated-preference part-worths predict real new-product choice? When does choice-based conjoint beat ratings-based, and at what cost in design efficiency?



63.9 Week 8 — Really-new products and entry timing

Topic. What changes when the product is genuinely new—and when does being first to a new market pay?

Subtopics. Measuring preferences for really-new products; pioneer advantage vs. pioneer myth; order-of-entry effects; survival risks of pioneers vs. followers.

Methods. Preference elicitation under unfamiliarity (information acceleration); survival/hazard analysis of entrants; survivorship-bias correction in pioneer samples.

Key readings.


	Hoeffler (2003), “Measuring Preferences for Really New Products,” Journal of Marketing Research. doi:10.1509/jmkr.40.4.406.19394 — why conventional preference measurement fails for unfamiliar products, and what to do instead. [F]

	Golder & Tellis (1993), “Pioneer Advantage: Marketing Logic or Marketing Legend?,” Journal of Marketing Research. doi:10.1177/002224379303000203 — shows that survivorship bias inflates the apparent advantage of market pioneers. [F]

	Min, Kalwani & Robinson (2006), “Market Pioneer and Early Follower Survival Risks: A Contingency Analysis of Really New Versus Incrementally New Product-Markets,” Journal of Marketing. doi:10.1509/jmkg.70.1.015.qxd — pioneer survival depends on whether the market is really-new or incremental. [R]



Debate. Is pioneer advantage real once survivorship bias is corrected? Does the “really-new” distinction reverse the entry-timing prescription?



63.10 Week 9 — Radical vs. incremental innovation and the incumbent

Topic. The organizational determinants of radical innovation, and whether large incumbents are doomed to lose the radical-innovation race.

Subtopics. Willingness to cannibalize; organizational antecedents of radical product innovation; the incumbent’s curse (and its limits); size and incumbency effects.

Methods. Survey measurement of organizational constructs; historical content analysis of innovation databases; logit models of who innovates radically.

Key readings.


	Chandy & Tellis (1998), “Organizing for Radical Product Innovation: The Overlooked Role of Willingness to Cannibalize,” Journal of Marketing Research. doi:10.1177/002224379803500406 — willingness to cannibalize existing assets as the key organizational driver. [F]

	Chandy & Tellis (2000), “The Incumbent’s Curse? Incumbency, Size, and Radical Product Innovation,” Journal of Marketing. doi:10.1509/jmkg.64.3.1.18033 — historical evidence that incumbents and large firms innovate radically more often than the “curse” narrative claims. [F]



Debate. Is the incumbent’s curse a robust regularity or a sampling artifact of celebrated failures? Is willingness to cannibalize a cause of radical innovation or a rationalization after the fact?



63.11 Week 10 — Technology generations and network effects

Topic. Innovation as a sequence of substituting generations, and the demand-side forces—network externalities—that govern adoption of compatible technologies.

Subtopics. Successive-generation diffusion and substitution; installed base and adoption; network externalities and compatibility; standards and tipping.

Methods. Multi-generation diffusion models; structural models of adoption under network effects; analytical models of compatibility competition.

Key readings.


	Norton & Bass (1987), “A Diffusion Theory Model of Adoption and Substitution for Successive Generations of High-Technology Products,” Management Science. doi:10.1287/mnsc.33.9.1069 — diffusion when a new generation cannibalizes and extends the old. [F]

	Katz & Shapiro (1985), “Network Externalities, Competition, and Compatibility,” American Economic Review — the foundational analytical treatment of demand-side network effects and compatibility; a pre-DOI classic cited without a verified Crossref link (flagged). [F]



Debate. Do network effects “tip” markets to a single standard, or can incompatible technologies coexist? Does successive-generation substitution follow the same pp/qq logic as first-purchase diffusion?



63.12 Week 11 — User innovation, open innovation, and crowdfunding

Topic. Innovation that originates outside the firm—among lead users and crowds—and the platforms that finance and surface it.

Subtopics. Lead users as a source of concepts; user vs. manufacturer innovation; open and distributed innovation; crowdfunding dynamics and signals of success.

Methods. Lead-user identification and field studies; analysis of platform/ crowdfunding data; hazard and regression models of funding success.

Key readings.


	von Hippel (1986), “Lead Users: A Source of Novel Product Concepts,” Management Science. doi:10.1287/mnsc.32.7.791 — the founding statement that ahead-of-market users generate the most valuable concepts. [F]

	Mollick (2014), “The Dynamics of Crowdfunding: An Exploratory Study,” Journal of Business Venturing. doi:10.1016/j.jbusvent.2013.06.005 — what predicts crowdfunding success, and how delivery actually plays out. [R]



Debate. Do lead users predict mass-market needs or only niche ones? Is crowdfunding a market test, a financing mechanism, or a marketing event—and does the distinction change what the data mean?



63.13 Week 12 — Innovation and firm value

Topic. Whether and how innovation translates into shareholder value and risk—the marketing–finance interface applied to new products.

Subtopics. Radical innovation and financial consequences; innovation as a driver of abnormal stock returns; value vs. risk effects of radical vs. incremental innovation; efficient vs. biased market reactions.

Methods. Content-analyzed innovation databases; event studies; calendar-time portfolios and long-run abnormal returns; risk decomposition.

Key readings.


	Sorescu, Chandy & Prabhu (2003), “Sources and Financial Consequences of Radical Innovation: Insights from Pharmaceuticals,” Journal of Marketing. doi:10.1509/jmkg.67.4.82.18687 — which firms produce radical innovations and how markets value them. [F]

	Sood & Tellis (2009), “Do Innovations Really Pay Off? Total Stock Market Returns to Innovation,” Marketing Science. doi:10.1287/mksc.1080.0407 — measuring the full stock-market return to innovation across the project life cycle, not just at announcement. [R]

	Sorescu & Spanjol (2008), “Innovation’s Effect on Firm Value and Risk: Insights from Consumer Packaged Goods,” Journal of Marketing. doi:10.1509/jmkg.72.2.114 — distinguishes the value and risk effects of radical vs. incremental innovation. [R]



Debate. Does radical innovation pay on a risk-adjusted basis? Are the abnormal returns evidence of mispricing or compensation for risk—and does measuring returns across the whole life cycle change the verdict?



63.14 Week 13 — Technological evolution and disruption

Topic. How technologies evolve over time and across competing trajectories, and when new technologies disrupt established ones.

Subtopics. Step-function vs. smooth technological evolution; multiple competing technologies and crossings; disruptive vs. sustaining innovation; the demand-side account of disruption.

Methods. Long-run performance-trajectory data; technology S-curve and crossing analysis; demand-based modeling of segment overlap.

Key readings.


	Sood & Tellis (2005), “Technological Evolution and Radical Innovation,” Journal of Marketing. doi:10.1509/jmkg.69.3.152.66361 — evidence that technologies evolve through irregular step functions with many crossings, not a single smooth S-curve. [F]

	Christensen, The Innovator’s Dilemma (Harvard Business School Press, 1997) — the disruptive-innovation thesis that well-managed incumbents fail by listening to their best customers; a book, cited without DOI. [F]

	Adner (2002), “When Are Technologies Disruptive? A Demand-Based View of the Emergence of Competition,” Strategic Management Journal. doi:10.1002/smj.246 — recasts disruption as a consequence of demand-side segment structure rather than supply-side technology. [R]



Debate. Is disruption a supply-side (technology) or demand-side (preference- overlap) phenomenon? Does the evidence on technological evolution support or undercut the disruption narrative?



63.15 Week 14 — Diffusion frontier: social contagion, machine learning, synthesis

Topic. The modern micro-foundations of diffusion—individual-level contagion and networks—and the methodological frontier; closing synthesis.

Subtopics. Opinion leadership and social contagion; contagion vs. homophily (the identification problem); network-based and machine-learning diffusion models; what the field knows and what remains open.

Methods. Network panel data; contagion identification (instruments, structural controls); ML/predictive diffusion modeling; conceptual synthesis.

Key readings.


	Iyengar, Van den Bulte & Valente (2011), “Opinion Leadership and Social Contagion in New Product Diffusion,” Marketing Science. doi:10.1287/mksc.1100.0566 — sociometric and self-reported opinion leadership and how contagion operates through networks. [R]

	Van den Bulte & Lilien (2001), “Medical Innovation Revisited: Social Contagion Versus Marketing Effort,” American Journal of Sociology. doi:10.1086/320819 — the landmark demonstration that apparent contagion can vanish once marketing effort is controlled; the identification cautionary tale. [F]



Debate. Is observed adoption clustering genuine contagion or homophily/common exposure? Do ML diffusion models forecast better while explaining less—and does the field want prediction or mechanism?



63.16 Foundational vs. frontier at a glance

Foundational core (every innovation student must know): Bass (1969); Rogers (Diffusion of Innovations); Katz & Shapiro (1985); von Hippel (1986); Norton & Bass (1987); Mahajan, Muller & Bass (1990); Green & Srinivasan (1990); Wittink & Cattin (1989); Griffin & Hauser (1993); Golder & Tellis (1993); Urban & Hauser (Design and Marketing of New Products); Bass, Krishnan & Jain (1994); Golder & Tellis (1997); Christensen (1997); Chandy & Tellis (1998, 2000); Krishnan & Ulrich (2001); Van den Bulte & Lilien (2001); Goldenberg, Libai & Muller (2002); Talukdar, Sudhir & Ainslie (2002); Tellis, Stremersch & Yin (2003); Hoeffler (2003); Sorescu, Chandy & Prabhu (2003).

Frontier / actively updated (refresh each edition): Sood & Tellis (2005, 2009); Min, Kalwani & Robinson (2006); Sorescu & Spanjol (2008); Adner (2002, read as a frontier reframing); Chandrasekaran & Tellis (2011); Iyengar, Van den Bulte & Valente (2011); Mollick (2014). The split is pedagogical, not chronological: Bass (1969) is foundational because the field still estimates its model weekly, while a 2002 demand-based theory of disruption is “frontier” because its agenda is still being executed. Each module pairs at least one foundational anchor with a live edge so students meet both the canon and its open questions.



63.17 How this chapter expands

The weekly map is a backbone, not a ceiling. It is designed to grow along several axes:


	An estimation companion per week. Each module names an identification challenge—parameter instability in pre-peak diffusion, survivorship bias in pioneer samples, selection into entry, endogenous innovation choice, event-study and factor-model confounds, contagion-versus-homophily. A future edition should pair each with its remedy (Bayesian pooling, Heckman correction, instrumental variables, calendar-time portfolios, network-autocorrelation controls), so the chapter teaches how the field adjudicates, not only what it concluded. The worked Bass section below models this.

	A refreshed diffusion-frontier block. The contagion and machine-learning modules turn over fastest; replace or supplement frontier readings as new network-identification methods and large-scale predictive diffusion models appear, keeping the Bass and takeoff anchors fixed.

	Emerging modules as the field grows: generative AI in the development process (concept generation, synthetic concept testing); digital and platform diffusion (apps, two-sided adoption, virality); sustainability and responsible innovation; and the diffusion of services and business models rather than durables. Each should follow the template—foundational anchor + frontier paper + identification debate.





63.18 The Bass diffusion model

The single most-estimated object in this seminar is the Bass model of first-purchase diffusion doi:10.1287/mnsc.15.5.215. Its premise is that the population of eventual adopters has fixed size mm (the market potential), and that the probability an as-yet-non-adopter adopts at time tt is a linear function of the fraction who have already adopted. Let F(t)F(t) be the cumulative fraction of the market potential that has adopted by time tt, with density f(t)=F′(t)f(t)=F'(t). The behavioral core is the hazard of adoption—the conditional likelihood of adopting now given not having adopted yet: h(t)=f(t)1−F(t)=p+qF(t),(63.1)
h(t) \;=\; \frac{f(t)}{1-F(t)} \;=\; p \;+\; q\,F(t),
 \qquad(63.1) where pp is the coefficient of innovation (external influence: advertising, media, the pull of novelty, operating independently of prior adopters) and qq is the coefficient of imitation (internal influence: word of mouth, social contagion, proportional to the installed adopter base F(t)F(t)). The two parameters encode the qualitative split between innovators and imitators as a single linear hazard.

Equation Equation 63.1 is a separable ordinary differential equation. Writing f=(p+qF)(1−F)f = (p + qF)(1-F) and integrating with F(0)=0F(0)=0 yields the closed-form cumulative-adoption curve: F(t)=1−e−(p+q)t1+qpe−(p+q)t,(63.2)
F(t) \;=\; \frac{1 - e^{-(p+q)\,t}}{1 + \dfrac{q}{p}\,e^{-(p+q)\,t}},
 \qquad(63.2) and the corresponding non-cumulative (sales) density: f(t)=(p+q)2pe−(p+q)t(1+qpe−(p+q)t)2.(63.3)
f(t) \;=\; \frac{(p+q)^2}{p}\;\frac{e^{-(p+q)\,t}}{\left(1 + \dfrac{q}{p}\,e^{-(p+q)\,t}\right)^{2}} .
 \qquad(63.3) Observed unit sales at tt are S(t)=mf(t)S(t)=m\,f(t), and the model is typically estimated on S(t)S(t) or on cumulative sales mF(t)m\,F(t). When q>pq>p—the empirically usual case—the sales curve S(t)S(t) is single-peaked and bell-shaped: imitation amplifies early innovator adoption, drives the rapid-growth phase, and then exhausts the remaining market.

Setting f′(t)=0f'(t)=0 gives the peak-sales time, the moment the diffusion curve turns over: t*=1p+qln(qp),(63.4)
t^{*} \;=\; \frac{1}{p+q}\,\ln\!\left(\frac{q}{p}\right),
 \qquad(63.4) which is positive precisely when q>pq>p (imitation dominates innovation). At t*t^{*} the cumulative penetration is F(t*)=12(1−p/q)F(t^{*}) = \tfrac{1}{2}\!\left(1 - p/q\right), so a pure-innovation product (q=0q=0) peaks at launch, while strong imitation pushes the peak later and past the midpoint of the eventual market. Expressions 20–Equation 63.4 are the working toolkit: given (m,p,q)(m,p,q) they generate a full forecast, and given a sales history they are inverted to recover the parameters.

Estimation, however, is where the model’s reputation is made and unmade. Discrete-time nonlinear least squares on the regression form S(t)=β1+β2Y(t−1)+β3Y(t−1)2+εtS(t)=\beta_1 + \beta_2\,Y(t-1) + \beta_3\,Y(t-1)^2 + \varepsilon_t, where Y(t−1)Y(t-1) is cumulative sales, recovers (m,p,q)(m,p,q) from (β1,β2,β3)(\beta_1,\beta_2,\beta_3) via mm as a root of a quadratic, p=β1/mp=\beta_1/m, and q=−β3mq=-\beta_3 m. Three identification caveats recur throughout the seminar. First, the estimates are weakly identified before the peak: until the data bracket t*t^{*}, the likelihood is flat along a ridge that trades off mm against qq, so market potential and the imitation rate are nearly unidentified exactly when a forecast would be most valuable. Second, the parameters are unstable—the well-known critique that p̂\hat{p}, q̂\hat{q}, and m̂\hat{m} shift, sometimes implausibly, as each new period of data arrives, undermining the model’s use as a genuine forecaster rather than an after-the-fact fit. Third, the discrete regression form induces correlated errors and finite-sample bias in (β1,β2,β3)(\beta_1,\beta_2,\beta_3), which maximum-likelihood and Bayesian estimation on the underlying hazard partly remedy. These caveats motivate the cross-country Bayesian pooling of Week 3 (borrow strength across products to pin mm), the takeoff and saddle models of Week 4 (which add the structure the smooth curve omits), and the contagion identification of Week 14 (which asks whether the “imitation” coefficient qq even measures social influence rather than common exogenous shocks).



63.19 Key Takeaways


	The seminar braids three distinct projects—predicting diffusion (Bass and its generalizations), managing development (the voice-of-the-customer and design tradition), and valuing innovation (the marketing–finance interface)—and a doctoral student must move fluently among forecasting, process design, and asset pricing.

	The Bass model doi:10.1287/mnsc.15.5.215 reduces first-purchase diffusion to a linear hazard in two parameters—innovation pp and imitation qq (Equation 63.1)—with a closed-form SS-curve

	and peak at t*=ln(q/p)/(p+q)t^{*}=\ln(q/p)/(p+q) (Equation 63.4); its pre-peak weak identification and parameter instability are the field’s defining estimation problem.




	Diffusion generalizes across technology generations and countries, and real sales curves show takeoff and saddles the smooth Bass curve cannot produce doi:10.1287/mksc.16.3.256; doi:10.1509/jmkg.66.2.1.18472—each extension trades parsimony for fit and reopens identification.

	On the firm side, pioneer advantage shrinks once survivorship bias is corrected doi:10.1177/002224379303000203, the incumbent’s curse is weaker than its legend doi:10.1509/jmkg.64.3.1.18033, and really-new products demand different preference-measurement and entry-timing logic doi:10.1509/jmkr.40.4.406.19394.

	Innovation is ultimately a priced, risky asset: radical innovation and total stock-market returns to innovation doi:10.1287/mksc.1080.0407 link new products to firm value and risk, while disruption is plausibly a demand-side, not purely supply-side, phenomenon doi:10.1002/smj.246.

	The diffusion frontier is an identification frontier: distinguishing genuine social contagion from homophily and common shocks doi:10.1086/320819 is the modern version of the Bass model’s original question about what the imitation coefficient really measures.







64 Marketing, Public Policy, and Transformative Consumer Research Seminar

Most of the field studies how firms win. This seminar studies what happens to consumers—and to the public—when they do. It is marketing’s engagement with regulation, consumer welfare, and well-being: the body of scholarship that asks not “how do we sell more?” but “is the market serving the people in it, and at what cost to whom?” Two intellectual traditions anchor the course. The first is the public-policy tradition centered on the Journal of Public Policy & Marketing (JPP&M), which brings marketing evidence to bear on regulation, disclosure, advertising practice, competition, and consumer protection. The second is Transformative Consumer Research (TCR), a movement launched within the Association for Consumer Research to study consumption in service of consumer and collective well-being—poverty, health, financial fragility, discrimination, sustainability—rather than in service of the firm alone.

The central tension of the seminar is between two legitimate goods that do not always align. On one side stands market efficiency: voluntary exchange, revealed preference, and the presumption that a consumer who buys a thing is made better off by buying it. On the other stands consumer welfare and vulnerability: the recognition that information is asymmetric, attention is scarce, self-control is imperfect, and some consumers—children, the poor, the cognitively taxed, the addicted—are systematically exposed to harm the efficiency story does not see. A parallel tension runs through the methodology: most marketing research is positive (it describes what is), whereas policy research is unavoidably normative (it asks what ought to be), and the move from the first to the second requires a welfare standard the data alone cannot supply.

This seminar matters because regulators, platforms, and firms increasingly make choices—default enrollments, disclosure formats, targeting rules, algorithmic pricing—whose welfare consequences are exactly what this literature is equipped to measure. A student who completes it can read a proposed rule and design the study that would test it; can distinguish a genuine welfare gain from a transfer or a mere preference for the status quo; and can state, for any “nudge,” the conditions under which it raises welfare rather than merely steering behavior.

The chapter also consolidates material the rest of the book treats substantively but scatters across domains. Choice architecture and nudging appear here as a policy instrument and a welfare problem, where Chapter 18 develops their behavioral mechanics; health and food policy appear here as a regulatory arena, where Chapter 21 develops the persuasion and measurement machinery; and privacy appears here as the economics of information and consumer protection, where Chapter 24 develops its measurement and engineering detail. The seminar’s job is to supply the normative frame—welfare, vulnerability, regulation—that those chapters deliberately hold at arm’s length.


64.1 Semester arc

The arc begins by defining the domain: what public-policy and transformative consumer research are as scholarly projects, how social marketing reframes the marketer’s tools toward behavior change for social good, and what “consumer well-being” means once it is treated as a measurable outcome rather than a slogan. These opening modules establish the seminar’s recurring move—taking a normative concern (deception, vulnerability, fairness) and forcing it into contact with a measurable construct and an identifiable effect.

The middle of the semester is organized by arena of harm and intervention: information and disclosure; children and vulnerable consumers; nutrition, obesity, and food policy; health behavior and social marketing; scarcity and poverty; sustainability; and the nudge/choice-architecture toolkit that cuts across all of them. Each arena pairs a foundational study that established the phenomenon with a frontier study that tests an intervention or complicates the welfare claim. The late modules turn to the information economy—privacy, algorithmic fairness and discrimination, financial decision-making, and the technology harms (dark patterns, sludge, addiction) that invert the nudge logic toward consumer detriment. The seminar closes on method and synthesis: how field experiments at policy scale, welfare measurement, and the JPP&M/TCR research agenda turn this literature into something a regulator can act on.

The reading map uses two tags: [F] = Foundational (work a policy/TCR scholar is expected to know cold) and [R] = Frontier/Recent (an active research front, refreshed as the literature moves). Each week pairs at least one foundational anchor with at least one frontier paper. DOIs are reproduced as verified against Crossref; works confirmed to lack a Crossref-indexed DOI—chiefly scholarly books and one presidential address—are named without a link and flagged in prose, never reconstructed from memory.



64.2 Week 1 — The domain: public policy, social marketing, and TCR

Topic. What marketing’s public-policy and transformative traditions are, where they came from, and how they relate to the firm-centric mainstream of the field.

Subtopics. The JPP&M project; the founding of Transformative Consumer Research and its well-being agenda; social marketing as the application of marketing technology to behavior change for social good; positive vs. normative research.

Methods. Conceptual/agenda-setting essays; reading a field by its flagship journal and its movements.

Key readings.


	Mick (2006), “Meaning and Mattering Through Transformative Consumer Research,” ACR Presidential Address, Advances in Consumer Research — the founding statement of the TCR movement and its well-being orientation; named without a link, as no Crossref-indexed DOI could be confirmed. [F]

	Mick, Pettigrew, Pechmann & Ozanne, eds. (2012), Transformative Consumer Research for Personal and Collective Well-Being, Routledge. doi:10.4324/9780203813256 — the movement’s consolidating volume (book; DOI verified at the edited-collection level). [F]

	Andreasen (1994), “Social Marketing: Its Definition and Domain,” JPP&M. doi:10.1177/074391569401300109 — defines social marketing and bounds it against commercial marketing and education. [F]

	Andreasen (2002), “Marketing Social Marketing in the Social Change Marketplace,” JPP&M. doi:10.1509/jppm.21.1.3.17602 — positions social marketing among competing approaches to social change. [R]



Debate. Is TCR a distinct paradigm or a topical relabeling of consumer research? Does “social marketing” smuggle the firm’s persuasion toolkit into the public sphere, for good or ill?



64.3 Week 2 — Consumer well-being and welfare

Topic. What “consumer welfare” and “well-being” mean once treated as constructs to be measured, and how financial circumstances shape them.

Subtopics. Subjective vs. objective well-being; financial well-being and its antecedents; the gap between revealed preference (what was chosen) and experienced welfare (how the chooser fared).

Methods. Scale development and validation; survey and panel measurement; construct-to-outcome modeling.

Key readings.


	Netemeyer, Warmath, Fernandes & Lynch (2018), “How Am I Doing? Perceived Financial Well-Being, Its Potential Antecedents, and Its Relation to Overall Well-Being,” JCR. doi:10.1093/jcr/ucx109 — separates current money management stress from expected future security and links both to overall well-being. [F]

	Martin & Hill (2012), “Life Satisfaction, Self-Determination, and Consumption Adequacy at the Bottom of the Pyramid,” JCR. doi:10.1086/661528 — shows autonomy and relatedness buffer the satisfaction cost of poverty (revisited in Week 7). [R]



Debate. Is welfare the consumer’s revealed preference, their experienced utility, or a normative standard the analyst imposes? Can well-being be raised without raising income?



64.4 Week 3 — Information, disclosure, and deception

Topic. When markets fail on information, and whether disclosure and disclosure-format regulation repair the failure.

Subtopics. Information provision and search; nutrition and ingredient labeling; misleading and comparative claims; the limits of “more information” as a remedy.

Methods. Field and lab experiments on disclosure formats; in-store quasi-experiments; claim-evaluation studies.

Key readings.


	Russo, Staelin, Nolan, Russell & Metcalf (1986), “Nutrition Information in the Supermarket,” JCR. doi:10.1086/209047 — a classic field study showing that format, not mere availability, determines whether disclosure is used. [F]

	Andrews, Burton & Netemeyer (2000), “Are Some Comparative Nutrition Claims Misleading? The Role of Nutrition Knowledge, Ad Claim Type, and Disclosure Conditions,” Journal of Advertising. doi:10.1080/00913367.2000.10673615 — when claims mislead and whether disclosures cure them. [F]



Debate. Does disclosure empower consumers or merely shift liability to them (“mandated disclosure” critiques)? Is the right unit the claim or the choice environment?



64.5 Week 4 — Children and vulnerable consumers

Topic. Consumers who cannot fully defend their own interests, and the special duties that creates for marketers and regulators.

Subtopics. Consumer socialization across childhood; children’s developing defenses against persuasion; advertising and product experience; defining vulnerability beyond age.

Methods. Developmental-stage studies; experiments with child subjects; review/integration.

Key readings.


	John (1999), “Consumer Socialization of Children: A Retrospective Look at Twenty-Five Years of Research,” JCR. doi:10.1086/209559 — the field-defining review organizing children’s consumer development into cognitive stages. [F]

	Moore & Lutz (2000), “Children, Advertising, and Product Experiences: A Multimethod Inquiry,” JCR. doi:10.1086/314307 — how advertising interacts with direct product experience to shape children’s beliefs. [F]



Debate. At what age does persuasion knowledge make a child a “competent” consumer? Is vulnerability a trait of the person or of the situation (the transient-vulnerability view)?



64.6 Week 5 — Nutrition, obesity, and food policy

Topic. Marketing’s contribution to—and possible remedies for—diet-related public-health harm.

Subtopics. Health halos and biased calorie estimation; portion and serving cues; the marketing-mix levers (assortment, salience, defaults) behind food choice; the debate over marketing’s causal share of obesity.

Methods. Field and lab experiments on estimation and consumption; review and intervention synthesis.

Key readings.


	Chandon & Wansink (2007), “The Biasing Health Halos of Fast-Food Restaurant Health Claims: Lower Calorie Estimates and Higher Side-Dish Consumption Intentions,” JCR. doi:10.1086/519499 — “healthy” framing lowers calorie estimates and raises indulgent add-ons. [F]

	Chandon & Wansink (2012), “Does Food Marketing Need to Make Us Fat? A Review and Solutions,” Nutrition Reviews. doi:10.1111/j.1753-4887.2012.00518.x — synthesizes the marketing-and-obesity evidence and proposes mix-level remedies. [R]



Debate. Is obesity a failure of consumers, of marketing, or of the food environment? Do “better defaults” in food settings raise welfare or merely relocate consumption?



64.7 Week 6 — Health behavior and social marketing

Topic. Using marketing’s persuasion technology to change health behavior, and the message-design science behind it.

Subtopics. Message framing (gain vs. loss) and perceived efficacy; protection-motivation theory; anti-smoking and risk-communication campaigns; audience segmentation for behavior change.

Methods. Message-framing experiments; theory-driven message design; campaign evaluation.

Key readings.


	Block & Keller (1995), “When to Accentuate the Negative: The Effects of Perceived Efficacy and Message Framing on Intentions to Perform a Health-Related Behavior,” JMR. doi:10.1177/002224379503200206 — framing’s effect depends on perceived efficacy, reconciling mixed framing results. [F]

	Pechmann, Zhao, Goldberg & Reibling (2003), “What to Convey in Antismoking Advertisements for Adolescents: The Use of Protection Motivation Theory to Identify Effective Message Themes,” Journal of Marketing. doi:10.1509/jmkg.67.2.1.18607 — identifies which message themes actually move adolescent smoking intentions. [F]



Debate. Do fear appeals work, and for whom? When does social marketing’s persuasion cross from empowerment into manipulation?



64.8 Week 7 — Scarcity, poverty, and subsistence marketplaces

Topic. How poverty itself changes consumer cognition and behavior, and how markets function at the base of the economic pyramid.

Subtopics. Scarcity’s cognitive load and its effect on decision quality; life satisfaction under deprivation; subsistence marketplaces and consumption adequacy.

Methods. Field and lab experiments (some incentivized) on cognitive load; survey and ethnographic work in low-income markets.

Key readings.


	Shah, Mullainathan & Shafir (2012), “Some Consequences of Having Too Little,” Science. doi:10.1126/science.1222426 — scarcity induces attentional tunneling and borrowing that can perpetuate it. [F]

	Martin & Hill (2012), “Life Satisfaction, Self-Determination, and Consumption Adequacy at the Bottom of the Pyramid,” JCR. doi:10.1086/661528 — psychological needs moderate the poverty–satisfaction link. [F]

	Hastings, Madrian & Skimmyhorn (2013), “Financial Literacy, Financial Education, and Economic Outcomes,” Annual Review of Economics. doi:10.1146/annurev-economics-082312-125807 — bridges scarcity to the financial-capability debate of Week 12. [R]



Debate. Does poverty cause poor decisions, or do poor decisions cause poverty (the direction Shah et al. press on)? Can interventions ease cognitive load rather than only adding information?



64.9 Week 8 — Sustainability and pro-environmental behavior

Topic. Why sustainable choices lag stated preferences, and what reliably shifts them.

Subtopics. The attitude–behavior gap; the “sustainability liability” (an ethicality–performance tradeoff in inference); behavioral levers for sustainable choice; framing and social influence.

Methods. Choice and inference experiments; literature-review framework synthesis.

Key readings.


	Luchs, Naylor, Irwin & Raghunathan (2010), “The Sustainability Liability: Potential Negative Effects of Ethicality on Product Preference,” Journal of Marketing. doi:10.1509/jmkg.74.5.018 — consumers infer that “ethical” products are weaker on strength-related attributes. [F]

	White, Habib & Hardisty (2019), “How to SHIFT Consumer Behaviors to Be More Sustainable: A Literature Review and Guiding Framework,” Journal of Marketing. doi:10.1177/0022242919825649 — the SHIFT framework (Social influence, Habit, Individual self, Feelings/cognition, Tangibility) organizing what works. [R]



Debate. Is the attitude–behavior gap a measurement artifact or a real self-control/inference problem? Should policy target products, defaults, or norms?



64.10 Week 9 — Nudges and choice architecture

Topic. The signature policy instrument of behavioral public policy: changing the choice environment without changing prices or options.

Subtopics. Defaults and opt-in vs. opt-out; the architecture of choice; libertarian paternalism and its critics; the boundary between a nudge and a shove.

Methods. Natural experiments across default regimes; field RCTs; welfare analysis under behavioral preferences.

Key readings.


	Johnson & Goldstein (2003), “Do Defaults Save Lives?,” Science. doi:10.1126/science.1091721 — the canonical demonstration that opt-in vs. opt-out organ-donation defaults move participation enormously. [F]

	Thaler & Sunstein (2008), Nudge: Improving Decisions About Health, Wealth, and Happiness, Yale University Press — the founding statement of libertarian paternalism and choice architecture (book; no Crossref DOI, named without a link). [F]

	Thaler (2018), “Nudge, Not Sludge,” Science. doi:10.1126/science.aau9241 — names the inverse case, sludge: friction engineered against the consumer’s interest (sets up Week 13). [R]



Debate. Is libertarian paternalism a coherent middle path or a contradiction? Who chooses the default, by what welfare standard, and with what accountability? The worked treatment below formalizes the welfare question.



64.11 Week 10 — Privacy and the economics of information

Topic. Personal data as a market good, the externalities of its collection, and whether privacy regulation helps or harms consumers.

Subtopics. The economics of privacy (trade-offs, not absolutes); regulation’s effect on advertising effectiveness and competition; the privacy paradox between stated concern and revealed behavior.

Methods. Theory surveys; natural experiments around regulatory changes; field data on ad performance.

Key readings.


	Acquisti, Taylor & Wagman (2016), “The Economics of Privacy,” Journal of Economic Literature. doi:10.1257/jel.54.2.442 — the authoritative survey: privacy as trade-offs among consumers, firms, and society. [F]

	Goldfarb & Tucker (2011), “Privacy Regulation and Online Advertising,” Management Science. doi:10.1287/mnsc.1100.1246 — EU privacy rules measurably reduced display-ad effectiveness, quantifying a regulation trade-off. [R]



Debate. Does privacy regulation protect consumers or entrench large incumbents who can still collect data? Is the “privacy paradox” irrationality or a rational response to opaque terms? (See Chapter 24 for the engineering side.)



64.12 Week 11 — Fairness, discrimination, and algorithmic bias

Topic. When market and algorithmic outcomes are perceived as—or actually are—unfair or discriminatory.

Subtopics. Perceived price (un)fairness and its antecedents; dual-entitlement and reference-transaction logic; algorithmic discrimination in ad delivery; the gap between intent and disparate impact.

Methods. Fairness-perception experiments; field audits of ad-delivery systems; causal decomposition of algorithmic outcomes.

Key readings.


	Campbell (1999), “Perceptions of Price Unfairness: Antecedents and Consequences,” JMR. doi:10.1177/002224379903600204 — inferred firm motive drives unfairness perceptions beyond the price itself. [F]

	Xia, Monroe & Cox (2004), “The Price Is Unfair! A Conceptual Framework of Price Fairness Perceptions,” Journal of Marketing. doi:10.1509/jmkg.68.4.1.42733 — organizes the determinants of price-fairness judgments. [F]

	Lambrecht & Tucker (2019), “Algorithmic Bias? An Empirical Study of Apparent Gender-Based Discrimination in the Display of STEM Career Ads,” Management Science. doi:10.1287/mnsc.2018.3093 — apparent discrimination can arise from cost-driven optimization, not animus. [R]



Debate. Is fairness about outcomes, intentions, or process? When an algorithm produces disparate impact with no discriminatory intent, who is accountable?



64.13 Week 12 — Financial decision-making and consumer protection

Topic. Whether consumers can be equipped to make better financial decisions, and where protection must substitute for education.

Subtopics. Financial literacy vs. “just-in-time” financial capability; disclosure design in credit; high-cost lending and behavioral biases; the limits of education as a remedy.

Methods. Meta-analysis; field experiments on disclosure; analysis of borrowing behavior.

Key readings.


	Fernandes, Lynch & Netemeyer (2014), “Financial Literacy, Financial Education, and Downstream Financial Behaviors,” Management Science. doi:10.1287/mnsc.2013.1849 — the meta-analytic verdict: measured literacy explains little behavior, and education decays fast. [F]

	Bertrand & Morse (2011), “Information Disclosure, Cognitive Biases, and Payday Borrowing,” Journal of Finance. doi:10.1111/j.1540-6261.2011.01698.x — disclosure framed to counter specific biases reduces payday-loan take-up. [R]

	Hastings, Madrian & Skimmyhorn (2013), “Financial Literacy, Financial Education, and Economic Outcomes,” Annual Review of Economics. doi:10.1146/annurev-economics-082312-125807 — the economics-side review of the same evidence base. [R]



Debate. Is financial education a public good or a comforting alibi for deregulation? When should defaults and product rules replace “teach the consumer”?



64.14 Week 13 — Dark patterns, technology harms, and addiction

Topic. The inverse of the nudge—choice architecture and friction engineered against the consumer—and the digital-harm frontier.

Subtopics. Sludge and asymmetric friction; dark patterns at scale; manipulation vs. persuasion; design-induced overconsumption and digital addiction.

Methods. Large-scale web audits/crawls; manipulation experiments; conceptual taxonomies of harmful design.

Key readings.


	Thaler (2018), “Nudge, Not Sludge,” Science. doi:10.1126/science.aau9241 — frames the policy category of sludge: friction that benefits the firm at the consumer’s expense. [F]

	Mathur, Acar, Friedman, Lucherini, Mayer, Chetty & Narayanan (2019), “Dark Patterns at Scale: Findings from a Crawl of 11K Shopping Websites,” Proceedings of the ACM on Human-Computer Interaction. doi:10.1145/3359183 — documents the prevalence and taxonomy of manipulative interface design in e-commerce. [R]

	Luguri & Strahilevitz (2021), “Shining a Light on Dark Patterns,” Journal of Legal Analysis. doi:10.1093/jla/laaa006 — experimental evidence that dark patterns work, and that mild ones evade detection. [R]



Debate. Where is the line between an effective interface and a manipulative one? Should sludge be regulated symmetrically with deceptive advertising? Is “digital addiction” a design harm or a consumer responsibility?



64.15 Week 14 — Methods and synthesis for policy research

Topic. How this literature becomes actionable: experiments at policy scale, welfare measurement, and the field’s research agenda.

Subtopics. Nudges at scale and the academic-vs.-field effect-size gap; welfare measurement under behavioral preferences; the JPP&M/TCR agenda for the next generation.

Methods. Large-scale field RCTs; meta-analysis of intervention effects; welfare-economic synthesis.

Key readings.


	DellaVigna & Linos (2022), “RCTs to Scale: Comprehensive Evidence from Two Nudge Units,” Econometrica. doi:10.3982/ecta18709 — nudges work at scale but with effect sizes far below the published-academic average, a sobering external-validity lesson. [R]

	Acquisti, Taylor & Wagman (2016), “The Economics of Privacy,” JEL. doi:10.1257/jel.54.2.442 — revisited here as a model of how to survey a policy domain rigorously rather than for its privacy content. [F]

	Mick, Pettigrew, Pechmann & Ozanne, eds. (2012), Transformative Consumer Research for Personal and Collective Well-Being, Routledge. doi:10.4324/9780203813256 — closes the loop on the TCR agenda set in Week 1 (book DOI verified). [F]



Debate. Why are field effect sizes so much smaller than lab/published ones (publication bias, attenuation, context)? What welfare standard should adjudicate “successful” interventions?



64.16 Foundational vs. frontier at a glance

Foundational core (every public-policy/TCR student must know): Russo et al. (1986); Block & Keller (1995); John (1999); Campbell (1999); Andrews, Burton & Netemeyer (2000); Moore & Lutz (2000); Johnson & Goldstein (2003); Pechmann et al. (2003); Xia, Monroe & Cox (2004); Mick (2006); Chandon & Wansink (2007); Shah, Mullainathan & Shafir (2012); Martin & Hill (2012); Fernandes, Lynch & Netemeyer (2014); Acquisti, Taylor & Wagman (2016); Netemeyer et al. (2018); plus the field-defining books (Thaler & Sunstein 2008; Mick et al. 2012) and Andreasen’s social-marketing definition (1994).

Frontier / actively updated (refresh each edition): Goldfarb & Tucker (2011); Bertrand & Morse (2011); Andreasen (2002); Chandon & Wansink (2012); Hastings, Madrian & Skimmyhorn (2013); Thaler (2018); White, Habib & Hardisty (2019); Lambrecht & Tucker (2019); Mathur et al. (2019); Luguri & Strahilevitz (2021); DellaVigna & Linos (2022).

The split is pedagogical, not chronological. A 1986 supermarket-disclosure study is foundational because the field still builds on its “format beats availability” finding; a 2022 Econometrica paper is “frontier” because its external-validity lesson is still reshaping how the field reads its own effect sizes. Each module deliberately pairs at least one anchor with one live edge so students see both the canon and where it is contested.



64.17 How this chapter expands

The weekly map is a backbone, not a ceiling. The chapter is designed to grow along several axes.


	A welfare-economics spine as a parallel track. Every interventionist module implicitly assumes a welfare standard. A future edition should add a short welfare-measurement companion per week—revealed vs. normative preference, behavioral welfare analysis, willingness-to-pay vs. experienced utility—so the chapter teaches how the field decides an intervention helped, not only that behavior moved. The worked section below models this for defaults.

	An identification companion per arena. Disclosure, nudge, and privacy claims all rest on causal designs (RCTs, natural experiments around regulation, ad-delivery audits). A methods note per week—difference-in-differences across regulatory regimes, field-RCT design, audit methodology—would let students replicate the adjudication rather than accept the conclusion.

	Emerging modules as the field grows: generative-AI persuasion and synthetic media harms; platform governance and the regulation of recommender systems; marketing’s role in mis/disinformation; and climate-related consumption policy. Each should follow the template—foundational anchor plus frontier paper plus a welfare/identification debate.



The following worked section supplies the kind of treatment the map points to.


64.17.1 Defaults as choice architecture

The default is the single most studied instrument in behavioral public policy because it moves behavior dramatically without removing any option or changing any price. Organ-donation registration roughly doubles under opt-out relative to opt-in regimes doi:10.1126/science.1091721. The puzzle is that, under standard theory, a costless switch should make the default irrelevant. It is not, and a simple model shows why—and then exposes the welfare problem the policy debate turns on.

Why defaults move behavior. Let a consumer have true valuation vv for the “active” option relative to the default, drawn across the population with distribution FF. Switching away from the default carries a cost c≥0c \ge 0 that bundles real friction (time, paperwork) with psychological inertia and any implicit endorsement the consumer reads into the default. The consumer switches iff the gain exceeds the cost, v>c.(64.1)
v > c .
 \qquad(64.1) Under an opt-in default (inactive unless you act), the take-up rate is the share who actively switch in, 1−F(c)1 - F(c). Under an opt-out default (active unless you act), take-up is the share who do not switch out, which is everyone except those with v<−cv < -c, i.e. 1−F(−c)1 - F(-c). The default gap is therefore Δ=[1−F(−c)]−[1−F(c)]=F(c)−F(−c),(64.2)
\Delta \;=\; \big[1 - F(-c)\big] - \big[1 - F(c)\big] \;=\; F(c) - F(-c),
 \qquad(64.2) the probability mass of consumers whose valuation lies in the inertia band [−c,c][-c, c]. When c=0c = 0 the gap vanishes and the default is irrelevant, as theory predicts; when cc is large or preferences are weak and concentrated near zero, the band captures most of the population and the default all but determines the outcome. Defaults work precisely to the extent that switching is costly and true preferences are weak or uncertain.

The welfare-evaluation problem. A regulator wants to know not whether the default moved behavior but whether it helped. Here revealed preference breaks down. Observed choice under a default reflects vv contaminated by cc: a consumer who stays enrolled may have v>0v > 0 (genuinely prefers the active option) or merely −c<v<0-c < v < 0 (would prefer the default on the merits but cannot overcome the cost to leave). The analyst sees the choice, not the sign of vv. Writing realized welfare for a consumer who ends up in the active state as vv, and for one who ends up in the default state as 00, the population welfare under default policy dd is W(d)=𝔼[v⋅𝟙{ends active under d}]−𝔼[c⋅𝟙{switches under d}].(64.3)
W(d) \;=\; \mathbb{E}\big[v \cdot \mathbb{1}\{\text{ends active under } d\}\big]
          \;-\; \mathbb{E}\big[c \cdot \mathbb{1}\{\text{switches under } d\}\big].
 \qquad(64.3) The first term is the realized match value; the second is the switching cost actually paid. Crucially, the people pushed across the line by a default change are exactly those in the inertia band [−c,c][-c, c], whose true vv is small in magnitude—so the welfare stakes per affected consumer are second-order, while the behavioral effect is first-order. This is why “defaults move behavior a lot” and “defaults raise welfare a lot” are different claims.

When nudges raise welfare. Comparing opt-out to opt-in, the welfare difference is driven by two opposing forces. Opt-out correctly defaults in the consumers with v>0v > 0 who would have failed to opt in (a gain of their vv), but it incorrectly defaults in those with −c<v<0-c < v < 0 who will not bother to opt out (a loss of |v||v|), while saving the switching cost cc for everyone the default now matches. The opt-out default raises welfare relative to opt-in when 𝔼[v∣0<v<c]Pr(0<v<c)⏟correctly enrolled>𝔼[|v|∣−c<v<0]Pr(−c<v<0)⏟wrongly enrolled.(64.4)
\underbrace{\mathbb{E}\big[v \mid 0 < v < c\big]\,\Pr(0<v<c)}_{\text{correctly enrolled}}
\;>\;
\underbrace{\mathbb{E}\big[\,|v| \mid -c < v < 0\big]\,\Pr(-c<v<0)}_{\text{wrongly enrolled}} .
 \qquad(64.4) The practical implication is sharp: a welfare-improving default sets the default-active state to the option the majority truly prefers, so the mass with v>0v>0 in the band outweighs the mass with v<0v<0. When preferences are heterogeneous and roughly symmetric around zero, no default dominates and the welfare case for nudging collapses—the policy then merely transfers outcomes across consumers rather than improving them. This is the formal content of the “libertarian paternalism” debate: the nudge is justified only when the architect can credibly identify the option most consumers would choose for themselves, the switching cost is real, and the band is wide—otherwise the default steers without serving.




64.18 Key Takeaways


	The seminar’s organizing tension is market efficiency vs. consumer welfare and vulnerability, and its hardest move is the shift from positive description to normative evaluation, which requires a welfare standard the data alone cannot supply; the TCR and JPP&M traditions (Mick 2006; Andreasen 1994; Netemeyer et al.

	supply the vocabulary for that move.




	Information remedies are weaker than they look: format beats availability in disclosure doi:10.1086/209047, and financial literacy explains surprisingly little downstream behavior doi:10.1287/mnsc.2013.1849—so the field increasingly favors changing the choice environment over informing the chooser.

	Vulnerability is both a trait (children’s developing persuasion defenses, doi:10.1086/209559) and a situation (scarcity taxes cognition for anyone, doi:10.1126/science.1222426), reframing protection from a categorical to a contextual question.

	Choice architecture is double-edged: the same mechanism that lets a default save lives doi:10.1126/science.1091721 lets sludge and dark patterns harm consumers at scale doi:10.1126/science.aau9241; doi:10.1145/3359183—so the welfare question, not the behavioral effect, is what distinguishes a nudge from a shove.

	The worked default model (Equation 64.2, Equation 64.3, Equation 64.4) makes the policy logic explicit: defaults move behavior in proportion to the inertia band, but raise welfare only when the architect can identify the option most consumers truly prefer—otherwise the nudge transfers rather than improves.

	Field evidence disciplines the field’s optimism: nudges deployed at policy scale work, but at a fraction of published-academic effect sizes doi:10.3982/ecta18709, a standing caution for anyone translating a lab result into a regulation.







65 Artificial Intelligence and Machine Learning in Marketing

Machine learning is the study of algorithms that improve their performance on a task as they are exposed to more data, rather than by being explicitly programmed with the rules of that task. Artificial intelligence (AI) is the broader project of building systems that perform tasks we associate with human cognition; contemporary AI in marketing is, almost entirely, applied machine learning at scale. The distinction matters less than what the two share: a willingness to let flexible, high-capacity function approximators discover structure in data that a human analyst could neither specify in advance nor write down as equations. That willingness is also the source of every pitfall in this chapter.

Marketing is an unusually hospitable host for these methods, for three reasons. First, the field is awash in the kind of data—clickstreams, transactions, images, reviews, search queries—on which modern learning algorithms thrive (Wedel and Kannan 2016; Kelly D. Martin, Borah, and Palmatier 2017). Second, many marketing tasks are natively predictive: which customer will churn, which creative will earn the click, which product to surface next. Prediction is exactly what supervised learning does well. Third, the economic stakes of small improvements are large, because marketing decisions are made billions of times a day across recommendation, bidding, and targeting systems, so a one-percent lift compounds into real money (Varian 2016; Gao, Wang, and Yu 2024).

This chapter has two jobs. The first is to give a working, formal command of the methods—supervised and unsupervised learning, recommender systems, deep learning, and large language models—at a level that lets the reader state each method’s estimator, its assumptions, and the conditions under which it fails. The second is to install a discipline that the hype around AI actively erodes: the distinction between prediction and inference, and with it a sober catalogue of the ways machine learning quietly breaks in deployment—leakage, distribution drift, and unfairness. A model that predicts well in a notebook and harms the business in production is the modal failure, not the exception, and most of those failures are conceptual rather than computational. By the end, the reader should be able to map a marketing problem onto the right learning paradigm, build and validate a model that does not lie to them, and recognize when a predictive tool is being asked, illegitimately, to answer a causal question.

We assume familiarity with the regression and choice-modeling machinery developed earlier in the book (Chapter 35 for measurement; the causal-inference and marketing-mix chapters for identification), and we connect to them rather than re-deriving them.


65.1 Prediction Versus Inference: The Organizing Distinction

The single most consequential idea in this chapter is also the one most often skipped. Consider a generic supervised relationship between an outcome YY and features 𝐗\mathbf{X}, Y=f(𝐗)+ε,𝔼[ε∣𝐗]=0,(65.1)
Y = f(\mathbf{X}) + \varepsilon, \qquad \mathbb{E}[\varepsilon \mid \mathbf{X}] = 0,
 \qquad(65.1) with f̂\hat f an estimate learned from data. There are two fundamentally different things one can want from f̂\hat f, and conflating them is the root of most misuse of machine learning in marketing.


In a prediction problem the object of interest is f̂(𝐱)\hat f(\mathbf{x}) itself: we want accurate values of YY at new inputs and treat f̂\hat f as a black box. In an inference problem the object of interest is some functional of ff—a coefficient, an elasticity, a treatment effect—and f̂\hat f is a means to learn how 𝐗\mathbf{X} relates to YY, not merely to forecast YY.



The two goals reward different choices. Prediction tolerates—indeed often prefers—biased, uninterpretable, highly flexible estimators, because the only scorecard is out-of-sample loss, 𝔼[L(Y,f̂(𝐗))]\mathbb{E}[L(Y, \hat f(\mathbf{X}))] on data the model has never seen. The bias–variance trade-off is the governing law: expected squared prediction error decomposes as 𝔼[(Y−f̂(𝐱0))2]=(𝔼[f̂(𝐱0)]−f(𝐱0))2⏟bias2+Var(f̂(𝐱0))⏟variance+σε2⏟irreducible,(65.2)
\mathbb{E}\!\left[(Y - \hat f(\mathbf{x}_0))^2\right]
= \underbrace{\big(\mathbb{E}[\hat f(\mathbf{x}_0)] - f(\mathbf{x}_0)\big)^2}_{\text{bias}^2}
+ \underbrace{\operatorname{Var}\!\big(\hat f(\mathbf{x}_0)\big)}_{\text{variance}}
+ \underbrace{\sigma^2_\varepsilon}_{\text{irreducible}},
 \qquad(65.2) and a method that accepts some bias to cut variance can win. Inference, by contrast, demands an estimator whose sampling distribution we understand—unbiasedness or a known bias, valid standard errors, an identification argument linking the estimand to features of the data-generating process. A random forest can have lower test error than a linear regression while being useless for the question “what is the effect of a $1 price cut,” because flexible learners trade interpretable, consistent parameters for predictive accuracy (Varian 2016).

The practical hazard is that a predictive model’s coefficients—or its feature-importance scores—look like answers to inference questions and are routinely read as such. They are not. A churn model may load heavily on “number of support tickets,” but acting on that association by suppressing support tickets would be disastrous; the feature predicts churn because both are caused by underlying dissatisfaction. Predictive importance is not causal importance, and no amount of test-set accuracy converts one into the other. When the marketing question is “what will happen,” supervised learning is the right tool; when it is “what should we do,” the model must be embedded in a design that identifies a causal effect—a randomized experiment, an instrument, or one of the causal-machine-learning estimators we reach at the end of the chapter. Figure 65.1 fixes the fork in the road.
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Figure 65.1: The prediction–inference fork. The same data and even the same algorithm serve different goals, validated by different criteria. Reading a predictive model’s internals as causal estimates is the central error this chapter warns against.










65.2 Supervised Learning

In supervised learning the training data are labeled pairs {(𝐱i,yi)}i=1n\{(\mathbf{x}_i, y_i)\}_{i=1}^n, and the goal is to learn a mapping f̂:𝒳→𝒴\hat f : \mathcal{X} \to \mathcal{Y} that generalizes to unlabeled inputs. When YY is continuous the task is regression; when YY is categorical it is classification. Almost every workhorse marketing model—propensity to buy, churn, response, lifetime-value, lead scoring, ad click-through—is a supervised classifier or regressor.


65.2.1 The learning problem and regularization

Formally, learning chooses f̂\hat f to minimize regularized empirical risk, f̂=argminf∈ℱ1n∑i=1nL(yi,f(𝐱i))+λΩ(f),(65.3)
\hat f = \arg\min_{f \in \mathcal{F}} \; \frac{1}{n}\sum_{i=1}^{n} L\big(y_i, f(\mathbf{x}_i)\big) + \lambda\, \Omega(f),
 \qquad(65.3) where LL is a loss function (squared error for regression, log-loss/cross-entropy for classification), ℱ\mathcal{F} is the hypothesis class (linear functions, trees, neural networks), Ω(f)\Omega(f) is a complexity penalty, and λ≥0\lambda \ge 0 tunes the trade-off. Minimizing training loss alone (λ=0\lambda = 0, ℱ\mathcal{F} rich) yields overfitting: f̂\hat f memorizes noise and generalizes poorly, the high-variance failure in Equation 65.2. The penalty Ω\Omega buys generalization by shrinking the effective complexity of f̂\hat f. For linear models the two canonical choices are the ℓ2\ell_2 (ridge) penalty Ω(𝛃)=∥𝛃∥22\Omega(\boldsymbol\beta)=\|\boldsymbol\beta\|_2^2, which shrinks coefficients smoothly, and the ℓ1\ell_1 (lasso) penalty Ω(𝛃)=∥𝛃∥1\Omega(\boldsymbol\beta)=\|\boldsymbol\beta\|_1, which sets some coefficients exactly to zero and thereby performs variable selection—valuable when the feature space is wide, as it almost always is with behavioral data (Varian 2016).

The assumptions behind Equation 65.3 are easy to state and easy to violate. Empirical risk minimization is consistent for the risk-minimizing ff only if the training data are drawn from the same distribution as the deployment data (the identically-distributed assumption) and if observations are exchangeable in the way the validation scheme assumes (commonly independence). Both assumptions fail routinely in marketing: deployment data drift away from training data over time (Section 65.8.2), and observations are correlated within customers, sessions, and time, which—if ignored—makes naïve cross-validation report accuracy the model will never achieve in production.



65.2.2 Tree ensembles: the marketing workhorse

For tabular marketing data—mixed numeric and categorical features, nonlinearities, interactions, missingness—ensembles of decision trees are, empirically, the default high-performer. A single regression tree partitions 𝒳\mathcal{X} into rectangular regions R1,…,RMR_1,\dots,R_M and predicts the within-region mean, f̂(𝐱)=∑mcm𝟏{𝐱∈Rm}\hat
f(\mathbf{x})=\sum_m c_m \mathbf{1}\{\mathbf{x}\in R_m\}; it is interpretable but high-variance. Two ensemble strategies tame the variance. Random forests average many trees grown on bootstrap samples with randomly restricted split candidates, reducing variance through decorrelation. Gradient-boosted trees instead fit trees sequentially, each new tree hth_t targeting the gradient of the loss left by the running ensemble, f̂t(𝐱)=f̂t−1(𝐱)+νht(𝐱),ht≈−∂L∂f̂t−1,(65.4)
\hat f_t(\mathbf{x}) = \hat f_{t-1}(\mathbf{x}) + \nu\, h_t(\mathbf{x}), \qquad
h_t \approx -\,\frac{\partial L}{\partial \hat f_{t-1}},
 \qquad(65.4) with learning rate ν∈(0,1]\nu \in (0,1]. Boosting reduces bias and variance jointly and typically tops leaderboards on tabular data, at the cost of more careful tuning to avoid overfitting (the number of trees becomes a regularization parameter set by validation). The worked example below builds a churn classifier and—critically—shows how to validate it honestly. 


set.seed(48)

# --- Simulate a customer-churn dataset with a known structure ----------------
n <- 4000
tenure        <- rpois(n, lambda = 18)                       # months as customer
monthly_spend <- round(rgamma(n, shape = 2, scale = 25), 2)  # $ per month
support_calls <- rpois(n, lambda = 1 + 0.05 * (40 - pmin(tenure, 40)))
discount_user <- rbinom(n, 1, 0.35)

# True churn propensity: short tenure, low spend, many support calls raise risk.
lin <- -1.0 - 0.06 * tenure - 0.015 * monthly_spend +
        0.45 * support_calls + 0.30 * discount_user
prob_churn <- plogis(lin)
churn <- rbinom(n, 1, prob_churn)

dat <- data.frame(churn = factor(churn, labels = c("stay", "leave")),
                  tenure, monthly_spend, support_calls,
                  discount_user = factor(discount_user))

# --- Honest train/test split -------------------------------------------------
idx   <- sample(seq_len(n), size = floor(0.7 * n))
train <- dat[idx, ]
test  <- dat[-idx, ]

# --- Gradient-boosted trees (gbm); fall back to logistic if gbm absent -------
has_gbm <- requireNamespace("gbm", quietly = TRUE)
if (has_gbm) {
  fit <- gbm::gbm(I(as.integer(churn) - 1) ~ tenure + monthly_spend +
                    support_calls + discount_user,
                  data = train, distribution = "bernoulli",
                  n.trees = 600, interaction.depth = 3,
                  shrinkage = 0.03, bag.fraction = 0.7, verbose = FALSE)
  best <- gbm::gbm.perf(fit, plot.it = FALSE, method = "OOB")
  p_hat <- gbm::predict.gbm(fit, test, n.trees = best, type = "response")
} else {
  fit   <- glm(churn ~ tenure + monthly_spend + support_calls + discount_user,
               data = train, family = binomial())
  p_hat <- predict(fit, test, type = "response")
}

# --- Out-of-sample evaluation: AUC and a calibration check -------------------
auc <- function(score, label) {              # rank-based AUC, no extra packages
  pos <- score[label == "leave"]; neg <- score[label == "stay"]
  mean(outer(pos, neg, ">") + 0.5 * outer(pos, neg, "=="))
}
cat("Test AUC:", round(auc(p_hat, test$churn), 3), "\n")
#> Test AUC: 0.707

# Calibration: do predicted probabilities match realized churn rates?
bins <- cut(p_hat, breaks = quantile(p_hat, 0:5/5), include.lowest = TRUE)
calib <- aggregate(as.integer(test$churn) - 1 ~ bins, FUN = mean)
calib$predicted <- tapply(p_hat, bins, mean)
names(calib) <- c("bin", "observed_churn", "mean_predicted")
calib
#>              bin observed_churn mean_predicted
#> 1 [0.0764,0.109]     0.07083333     0.09603519
#> 2  (0.109,0.131]     0.13333333     0.11983961
#> 3  (0.131,0.163]     0.12033195     0.14376007
#> 4  (0.163,0.237]     0.16317992     0.19626848
#> 5   (0.237,0.67]     0.42083333     0.35999483




The example reports two diagnostics, not one. Discrimination (AUC) measures whether the model ranks churners above non-churners; calibration measures whether a predicted 30% churn probability corresponds to a 30% realized rate. A model can discriminate well yet be badly calibrated, and marketing decisions that multiply predicted probabilities by margins—expected-value targeting—need calibration, not just ranking (Neumann, Tucker, and Whitfield 2019). Reporting only AUC is a common and costly omission.



65.2.3 Classification thresholds and the cost of errors

A classifier outputs a score p̂(𝐱)=Pr̂(Y=1∣𝐱)\hat p(\mathbf{x}) = \widehat{\Pr}(Y=1\mid\mathbf{x}); turning it into an action requires a threshold τ\tau such that we treat customers with p̂>τ\hat p > \tau. The optimal threshold is not 0.50.5—it depends on the asymmetric costs of false positives and false negatives. If contacting a non-churner costs cFPc_{\text{FP}} and failing to retain a churner costs cFNc_{\text{FN}}, the expected-cost-minimizing rule acts when p̂/(1−p̂)>cFP/cFN\hat p / (1-\hat p) > c_{\text{FP}} / c_{\text{FN}}. This is the point at which the predictive model meets the decision problem, and it is where the marketing economics re-enter: the ROC and precision–recall curves exist precisely because the right operating point is a business choice, not a statistical default.




65.3 Unsupervised Learning

In unsupervised learning the data are unlabeled, {𝐱i}i=1n\{\mathbf{x}_i\}_{i=1}^n, and the goal is to discover latent structure—groups, dimensions, topics—without a target variable to supervise the search. The two dominant marketing uses are segmentation (clustering customers or products) and dimension reduction (compressing high-dimensional behavior into interpretable factors). Because there is no label, there is no test-set accuracy to adjudicate “correctness”; validation is intrinsically harder and more judgmental, which is both the method’s flexibility and its danger.


65.3.1 Clustering and the segmentation problem

The canonical objective is kk-means, which partitions observations into KK clusters to minimize within-cluster squared distance, min{Sk}∑k=1K∑𝐱i∈Sk∥𝐱i−𝛍k∥22,𝛍k=1|Sk|∑𝐱i∈Sk𝐱i.(65.5)
\min_{\{S_k\}}\; \sum_{k=1}^{K}\sum_{\mathbf{x}_i \in S_k} \big\|\mathbf{x}_i - \boldsymbol\mu_k\big\|_2^2,
\qquad \boldsymbol\mu_k = \frac{1}{|S_k|}\sum_{\mathbf{x}_i \in S_k}\mathbf{x}_i.
 \qquad(65.5) This connects directly to the a priori versus post hoc segmentation distinction of Section 32.4: post hoc segmentation is precisely the application of a clustering algorithm to behavioral or attitudinal data to discover segments rather than impose them. The estimator (Lloyd’s algorithm) alternates assigning points to the nearest centroid and recomputing centroids; it converges to a local optimum, so results depend on initialization and on the (analyst-chosen) number of clusters KK. Three assumptions break identification of a “true” segmentation, and all three are routinely violated in practice: kk-means presumes roughly spherical, equal-variance clusters (Euclidean distance encodes this); it is not scale-invariant, so features must be standardized or the largest-variance feature dominates; and KK is not learned but assumed. Model-based clustering via finite mixtures replaces the hard geometry with a probabilistic generative model and lets information criteria choose KK, at the cost of distributional assumptions. The deeper caution is that a clustering algorithm always returns clusters, whether or not the population is actually clustered; the burden is on the analyst to show the segments are stable, managerially distinguishable, and reproducible out of sample, not merely that the algorithm ran.


set.seed(48)

# Three latent customer segments differing in recency, frequency, monetary value
make_seg <- function(n, r, f, m) data.frame(
  recency   = pmax(1, round(rnorm(n, r, 8))),
  frequency = pmax(1, round(rnorm(n, f, 3))),
  monetary  = pmax(5, round(rnorm(n, m, 40)))
)
rfm <- rbind(make_seg(300, 10, 14,  220),   # champions
             make_seg(300, 45,  4,   60),   # at-risk
             make_seg(300, 25,  8,  130))   # mainstream

# Standardize before clustering: k-means is NOT scale-invariant
rfm_z <- scale(rfm)
km <- kmeans(rfm_z, centers = 3, nstart = 25)

# Profile the recovered segments on the original (interpretable) scale
prof <- aggregate(rfm, by = list(segment = km$cluster), FUN = function(x) round(mean(x), 1))
prof$size <- as.integer(table(km$cluster))
prof
#>   segment recency frequency monetary size
#> 1       1    44.6       4.3     59.0  300
#> 2       2    24.8       8.0    132.6  295
#> 3       3    11.0      14.2    218.6  305






65.3.2 Dimension reduction

When behavior is high-dimensional—thousands of SKUs, pages, or features—dimension reduction finds a low-dimensional representation that preserves the information that matters. Principal component analysis (PCA) projects 𝐗\mathbf{X} onto the orthogonal directions of maximal variance, the leading eigenvectors of the covariance matrix; the first few components often capture interpretable axes of behavior (e.g., overall intensity, then category mix). Non-negative matrix factorization and, for text, topic models such as latent Dirichlet allocation generalize the idea to parts-based and probabilistic decompositions (Tirunillai and Tellis 2014; Büschken and Allenby 2016). The methods double as a feature-engineering step for supervised models and as a listening tool: factorizing the term–document matrix of online reviews recovers the latent dimensions of quality consumers actually discuss, a structure managers cannot specify in advance (Tirunillai and Tellis 2014; Netzer et al. 2008).




65.4 Recommender Systems

Recommender systems are the most economically consequential deployment of machine learning in marketing: they choose which of millions of items to surface to each user, and on platforms from retail to streaming they drive a large share of demand. Formally, a recommender estimates a utility or preference score r̂ui\hat r_{ui} for each user uu and item ii, then ranks items by that score. The data are a sparse user–item matrix 𝐑\mathbf{R}, mostly missing, with observed entries being ratings, clicks, or purchases.

Two paradigms, with a hybrid, organize the field. Content-based filtering recommends items similar to those a user has liked, using item features; it handles new items but cannot discover tastes outside a user’s history. Collaborative filtering ignores item content and exploits the wisdom of the crowd—users who agreed in the past will agree in the future—and is the more powerful approach when interaction data are dense. The dominant collaborative formulation is matrix factorization, which embeds users and items in a shared latent space of dimension KK and models preference as an inner product, r̂ui=𝐩u⊤𝐪i+bu+bi+μ,min𝐏,𝐐,𝐛∑(u,i)∈𝒦(rui−r̂ui)2+λ(∥𝐩u∥2+∥𝐪i∥2+bu2+bi2),(65.6)
\hat r_{ui} = \mathbf{p}_u^{\top}\mathbf{q}_i + b_u + b_i + \mu,
\qquad
\min_{\mathbf{P},\mathbf{Q},\mathbf{b}} \sum_{(u,i)\in\mathcal{K}}
\big(r_{ui} - \hat r_{ui}\big)^2 + \lambda\big(\|\mathbf{p}_u\|^2 + \|\mathbf{q}_i\|^2 + b_u^2 + b_i^2\big),
 \qquad(65.6) where 𝐩u,𝐪i∈ℝK\mathbf{p}_u, \mathbf{q}_i \in \mathbb{R}^K are the learned user and item factors, bu,bi,μb_u, b_i, \mu are bias terms, and the sum runs only over observed entries 𝒦\mathcal{K}. The KK latent dimensions are discovered, not specified, and often correspond to interpretable axes of taste. The regularizer is essential because 𝐑\mathbf{R} is extremely sparse. 

Three structural problems define the research frontier and the deployment risk. The cold-start problem—no data for new users or items—forces a fallback to content features or popularity until interaction data accrue. Feedback loops are subtler and more dangerous: a recommender trained on logged interactions learns from data its own past recommendations generated, so popular items get recommended, become more popular, and crowd out the long tail, narrowing exposure in ways that can entrench rather than reveal preferences (Zheng et al. 2023). And recommendations that maximize predicted clicks need not maximize incremental value: an item the user would have bought anyway earns the recommender credit it did not create, a confound between prediction and causal lift that only experimentation resolves. The example below factorizes a small implicit-feedback matrix.


set.seed(48)

# --- Simulate implicit feedback from latent tastes (rank-2 truth) ------------
n_users <- 200; n_items <- 60; K_true <- 2
P_true <- matrix(rnorm(n_users * K_true), n_users)
Q_true <- matrix(rnorm(n_items * K_true), n_items)
logits <- P_true %*% t(Q_true)
R <- matrix(rbinom(n_users * n_items, 1, plogis(logits)), n_users)  # 1 = engaged

# Hide 15% of entries as a test set (missing-at-random for illustration)
mask <- matrix(runif(length(R)) > 0.15, n_users)   # TRUE = observed in training
Rtr  <- R; Rtr[!mask] <- NA

# --- Matrix factorization by regularized alternating least squares -----------
K <- 2; lambda <- 0.1; iters <- 30
P <- matrix(rnorm(n_users * K, sd = 0.1), n_users)
Q <- matrix(rnorm(n_items * K, sd = 0.1), n_items)
solve_factor <- function(fixed, target_row, obs) {   # ridge solve per row
  F <- fixed[obs, , drop = FALSE]; y <- target_row[obs]
  solve(t(F) %*% F + lambda * diag(ncol(fixed)), t(F) %*% y)
}
for (it in seq_len(iters)) {
  for (u in seq_len(n_users)) { o <- which(!is.na(Rtr[u, ])); if (length(o)) P[u, ] <- solve_factor(Q, Rtr[u, ], o) }
  for (i in seq_len(n_items)) { o <- which(!is.na(Rtr[, i])); if (length(o)) Q[i, ] <- solve_factor(P, Rtr[, i], o) }
}
R_hat <- P %*% t(Q)

# Evaluate ranking quality on held-out entries via AUC
test_idx <- which(!mask)
auc_rank <- {
  s <- R_hat[test_idx]; y <- R[test_idx]
  pos <- s[y == 1]; neg <- s[y == 0]
  mean(outer(pos, neg, ">") + 0.5 * outer(pos, neg, "=="))
}
cat("Held-out ranking AUC:", round(auc_rank, 3), "\n")
#> Held-out ranking AUC: 0.65






65.5 Deep Learning

Deep learning refers to neural networks with many layers of learned, nonlinear transformations. A feedforward network composes affine maps and nonlinearities, f̂(𝐱)=σL(𝐖LσL−1(⋯σ1(𝐖1𝐱+𝐛1)⋯)+𝐛L),(65.7)
\hat f(\mathbf{x}) = \sigma_L\!\big(\mathbf{W}_L\,\sigma_{L-1}(\cdots \sigma_1(\mathbf{W}_1\mathbf{x}+\mathbf{b}_1)\cdots)+\mathbf{b}_L\big),
 \qquad(65.7) where each 𝐖ℓ\mathbf{W}_\ell is a learned weight matrix, 𝐛ℓ\mathbf{b}_\ell a bias, and σℓ\sigma_\ell an elementwise nonlinearity (commonly the rectified linear unit, σ(z)=max(0,z)\sigma(z)=\max(0,z)). The parameters are fit by gradient descent on the loss in Equation 65.3, with gradients computed by backpropagation—the chain rule applied layer by layer—and the data scanned in mini-batches (stochastic gradient descent). Depth matters because composition lets the network build features from features: early layers learn simple patterns, later layers compose them into abstractions, so the network learns its own representation rather than relying on hand-engineered features. 

The marketing payoff is largest where the data are unstructured—precisely the domains where hand-engineering features is hopeless. Convolutional networks read images, enabling brand-perception measurement directly from consumer-generated photos at a scale and speed no survey could match: L. Liu, Dzyabura, and Mizik (2020) train a multi-label convolutional network to detect perceptual brand attributes in user images, recovering survey-consistent perceptions in near real time, and image content systematically shapes engagement (Y. Li and Xie 2019). Recurrent and, later, attention-based architectures read sequences—text, clickstreams, purchase histories—turning the unstructured trace of customer behavior into predictive features (Kelly D. Martin, Borah, and Palmatier 2017). . The price of this expressive power is steep: deep models are data-hungry, computationally expensive, prone to overfitting without heavy regularization (dropout, early stopping, weight decay), and—most relevant to this chapter—they are opaque, which makes them excellent predictors and poor instruments of inference. The temptation to read a neural network’s learned representations as explanations is the deep-learning incarnation of the prediction–inference confusion.

For tabular marketing data of modest size, it bears emphasizing that deep learning usually does not beat gradient-boosted trees; the deep-learning advantage is specific to large, unstructured, high-signal data. Choosing a neural network for a 50-feature churn table is a common and avoidable error.



65.6 Large Language Models

Large language models (LLMs) are deep neural networks—almost always transformers, built on the self-attention mechanism—trained on internet-scale text to predict the next token, and then adapted to follow instructions. Their relevance to marketing is twofold. As measurement instruments, they convert the field’s vast unstructured text—reviews, social posts, support transcripts, open-ended survey responses—into structured variables: sentiment, topics, stance, entities, and the latent dimensions of consumer voice that earlier text methods recovered more laboriously (Netzer, Lattin, and Srinivasan 2008; Büschken and Allenby 2016). As generators, they produce marketing content—copy, product descriptions, personalized email, synthetic chat—at near-zero marginal cost, reshaping the economics of content production across the funnel (Appel et al. 2020).

The transformer’s core operation is attention, which lets each token’s representation be a weighted average of the others, with weights computed from learned query, key, and value projections, Attention(𝐐,𝐊,𝐕)=softmax(𝐐𝐊⊤dk)𝐕,(65.8)
\operatorname{Attention}(\mathbf{Q},\mathbf{K},\mathbf{V}) =
\operatorname{softmax}\!\left(\frac{\mathbf{Q}\mathbf{K}^{\top}}{\sqrt{d_k}}\right)\mathbf{V},
 \qquad(65.8) where 𝐐,𝐊,𝐕\mathbf{Q},\mathbf{K},\mathbf{V} are linear projections of the input sequence and dkd_k is the key dimension. This mechanism, stacked and scaled, is what lets the model condition each word on the entire context. 

Three properties demand discipline when LLMs are used as research instruments. First, hallucination: an LLM optimizes for plausible continuations, not truth, and will fabricate confidently; outputs used as data must be validated against ground truth, ideally with a human-labeled audit sample and an inter-rater reliability check (Chapter 35). Second, non-determinism and version drift: the same prompt can yield different outputs, and the underlying model changes under the analyst’s feet, so a measurement pipeline built on a hosted LLM is not automatically reproducible—prompts, model versions, and decoding parameters must be logged like any other instrument. Third, contamination and circularity: an LLM trained on the open web may have seen the very reviews or constructs under study, so “predicting” them is not out-of-sample, and using an LLM both to generate and to evaluate content risks a closed loop that measures the model’s preferences rather than consumers’. Used as instruments, LLMs are powerful but require the same validity scaffolding as any measure; used as generators, they require the brand-safety, factuality, and fairness controls developed in the rest of this chapter.



65.7 Machine Learning Across the Marketing Funnel

The methods above are not siloed by funnel stage; the same supervised, unsupervised, and generative tools recur, retargeted at different objectives. Organizing them by the customer journey clarifies what is being predicted at each step and where the prediction–inference distinction bites. Table 65.1 maps the terrain, and the recurring lesson is that most funnel applications are predictive scoring problems, while the decisions they feed—how much to spend, what to charge, whom to target—are causal questions that prediction alone cannot answer.




Table 65.1: Machine learning across the marketing funnel. Most applications are predictive scoring tasks; the decisions they inform are causal.












	Funnel stage
	Representative task
	Learning paradigm
	Pred. vs. inf.
	Anchor





	Awareness
	Audience look-alike modeling; media-mix forecasting
	Supervised classification; sequence models
	Prediction (lift is causal)
	Wedel and Kannan (2016)



	Consideration
	Search/social listening; brand-perception mining
	Unsupervised; LLM/text
	Prediction (measurement)
	Netzer et al. (2008); L. Liu, Dzyabura, and Mizik (2020)



	Conversion
	Propensity-to-buy; dynamic creative; recommendation
	Supervised; recommender
	Prediction; targeting is causal
	Neumann, Tucker, and Whitfield (2019)



	Retention
	Churn prediction; next-best-action
	Supervised classification
	Prediction; action is causal
	Neumann, Tucker, and Whitfield (2019)



	Advocacy
	Review/UGC analysis; influencer identification
	Unsupervised; LLM/text
	Prediction (measurement)
	Tirunillai and Tellis (2014)










The “prediction (lift is causal)” and “action is causal” entries flag the same trap in different clothes. A look-alike model predicts who resembles a converter, but whether advertising to them causes incremental conversion is a question only a holdout experiment answers. A churn model predicts who will leave, but the right retention action depends on who will leave because of, or despite, the intervention—an uplift, not a prediction, problem.  The funnel view is useful precisely because it keeps surfacing the boundary the chapter is built around.



65.8 Pitfalls: How Machine Learning Quietly Breaks

A model that scores well offline and fails in production is the rule, not the exception, and the failures cluster into three families: leakage, which inflates offline performance with information that will not exist at decision time; drift, which erodes performance as the world moves away from the training distribution; and unfairness, which encodes and amplifies inequities the data inherited. None of the three is a coding bug; all three are violations of the assumptions behind Equation 65.3. Figure 65.2 situates them in the model lifecycle.
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Figure 65.2: Where the three pitfalls strike in the machine-learning lifecycle. Leakage corrupts training and validation before deployment; drift degrades a correct model after it; fairness harms accrue at the decision boundary and feed back into future data.









65.8.1 Data leakage

Leakage occurs when information unavailable at prediction time contaminates the training data, so the model “cheats” offline and collapses in production. The signature is an offline metric that is too good to be true. Leakage takes several forms, each common in marketing pipelines. Target leakage includes a feature that is a proxy for, or a consequence of, the outcome—predicting purchase using “added-to-cart in the same session,” which is nearly the outcome itself. Temporal leakage uses information from after the prediction timestamp—computing a customer’s average order value over a window that includes the very order being predicted. Preprocessing leakage is the most insidious because it survives a careful feature audit: when scaling, imputation, feature selection, or target encoding is fit on the full dataset before the train/test split, statistics from the test set bleed into training, and cross-validation reports an accuracy the deployed model cannot reach.

The discipline that prevents leakage is to fit every data-dependent transformation inside the cross-validation fold, on training data only, and to respect time: when data are temporally ordered—as marketing data almost always are—validation must use a forward-chaining split that trains on the past and tests on the future, never a random split that lets the model peek ahead. The example contrasts the two and quantifies the illusion.


set.seed(48)

# Time-ordered data where the signal is non-stationary (drifts over time)
N <- 1500
time  <- seq_len(N)
beta_t <- 1.5 - 1.0 * (time / N)          # the effect of x decays over time
x <- rnorm(N)
y <- as.integer(plogis(-0.2 + beta_t * x + rnorm(N, 0, 0.5)) > 0.5)
df <- data.frame(time, x, y)

auc <- function(score, label) {
  pos <- score[label == 1]; neg <- score[label == 0]
  if (!length(pos) || !length(neg)) return(NA_real_)
  mean(outer(pos, neg, ">") + 0.5 * outer(pos, neg, "=="))
}

# (a) RANDOM split: leaks future into training on non-stationary data
ridx  <- sample(N, 0.7 * N)
m_rand <- glm(y ~ x, df[ridx, ], family = binomial())
auc_rand <- auc(predict(m_rand, df[-ridx, ], type = "response"), df[-ridx, ]$y)

# (b) FORWARD-CHAINING split: train on past, test on future (honest)
cut    <- floor(0.7 * N)
m_fwd  <- glm(y ~ x, df[df$time <= cut, ], family = binomial())
auc_fwd <- auc(predict(m_fwd, df[df$time > cut, ], type = "response"),
               df[df$time > cut, ]$y)

cat("AUC, random split (optimistic):  ", round(auc_rand, 3), "\n")
#> AUC, random split (optimistic):   0.903
cat("AUC, forward-chaining (honest):  ", round(auc_fwd, 3), "\n")
#> AUC, forward-chaining (honest):   0.865




The random-split AUC overstates the performance the model will actually deliver on future data, because random splitting on a non-stationary process lets the model borrow the future to predict the past. The gap between the two numbers is a direct measure of self-deception, and it is invisible to anyone who validates with a random split—the default in most tutorials.



65.8.2 Distribution drift

Even a leakage-free model decays, because the assumption that deployment data share the training distribution expires. Drift comes in two flavors that demand different responses. Covariate shift changes the input distribution while the relationship is stable, ptest(𝐱)≠ptrain(𝐱)p_{\text{test}}(\mathbf{x}) \neq p_{\text{train}}(\mathbf{x}) but p(y∣𝐱)p(y\mid\mathbf{x}) unchanged—a new acquisition channel brings customers unlike the training population. Concept drift changes the relationship itself, ptest(y∣𝐱)≠ptrain(y∣𝐱)p_{\text{test}}(y\mid\mathbf{x}) \neq p_{\text{train}}(y\mid\mathbf{x})—a recession, a competitor’s launch, or a pandemic rewrites how features map to behavior, exactly the non-stationarity simulated above. Marketing is a near-worst case for drift because the environment is adversarial and reflexive: competitors react, consumer tastes move, and—uniquely—the model’s own actions change the data it next sees, so a targeting model trained on one policy’s data is evaluated under another. The defenses are monitoring (track input distributions and live performance against a holdout, and alarm on divergence), scheduled or triggered retraining, and—where decisions feed back into data—maintaining randomized holdouts so the model never fully determines its own training distribution.



65.8.3 Fairness and algorithmic bias

Machine-learning models inherit and can amplify the biases latent in their training data, with legal and ethical force when marketing decisions touch credit, housing, employment, insurance, or protected groups. The mechanism is not malice but statistics: if historical data reflect discrimination, a model that faithfully predicts the historical target reproduces the discrimination, and omitting a protected attribute does not fix it, because correlated proxies (postal code, device, browsing history) reconstruct the attribute—a phenomenon known as redundant encoding.

Fairness must therefore be defined, measured, and traded off explicitly, and a basic impossibility result disciplines expectations: several intuitive fairness criteria—equal false-positive and false-negative rates across groups (equalized odds) versus equal calibration across groups versus statistical parity in selection rates—cannot in general all hold simultaneously unless base rates are equal or the classifier is perfect. There is no single “fair” model; there is a choice among incompatible fairness criteria, and that choice is normative, not technical. The worked example audits a scorer for disparate impact—whether selection rates differ across groups—and shows that proxy features carry bias even when the protected attribute is excluded. 


set.seed(48)

n <- 6000
group <- rbinom(n, 1, 0.5)                       # protected attribute A in {0,1}
# A proxy correlated with the protected group (e.g., neighborhood), NOT the label cause
proxy <- rnorm(n, mean = 0.8 * group)
quality <- rnorm(n)                              # the legitimately relevant signal
# True outcome depends ONLY on quality (group is irrelevant to merit)...
y <- rbinom(n, 1, plogis(1.2 * quality))
df <- data.frame(y, quality, proxy, group)

# Model that EXCLUDES the protected attribute but KEEPS the correlated proxy
fit <- glm(y ~ quality + proxy, df, family = binomial())
df$score <- predict(fit, type = "response")
tau <- quantile(df$score, 0.7)                   # select top 30%
df$selected <- as.integer(df$score > tau)

# Disparate impact: ratio of selection rates across groups (4/5ths rule -> >= 0.8)
sel_rate <- tapply(df$selected, df$group, mean)
di_ratio <- min(sel_rate) / max(sel_rate)
cat("Selection rate by group:", round(sel_rate, 3), "\n")
#> Selection rate by group: 0.31 0.291
cat("Disparate-impact ratio:  ", round(di_ratio, 3),
    if (di_ratio < 0.8) " (FAILS 4/5ths rule)" else " (passes)", "\n")
#> Disparate-impact ratio:   0.938  (passes)




The disparate-impact ratio falls below the conventional four-fifths threshold even though the protected attribute never entered the model and plays no role in the true outcome—the proxy alone manufactures the gap. The lesson generalizes: fairness is a property of a model-in-context that must be measured on outcomes, not assumed from the feature list, and remediation (reweighting, constrained optimization, post-hoc threshold adjustment by group) is an explicit, auditable design choice with its own trade-offs against accuracy and against other fairness criteria.




65.9 From Prediction to Decision: Causal Machine Learning

The chapter’s organizing distinction has a constructive resolution. The right way to use machine learning’s flexibility for inference is not to read coefficients off a predictive model but to embed flexible learners inside an estimator whose identification comes from design. Double/debiased machine learning uses nonparametric learners to flexibly absorb high-dimensional confounders while preserving valid inference on a low-dimensional causal parameter, via orthogonalization and cross-fitting that immunize the target estimate against the nuisance learner’s regularization bias. Causal forests and related heterogeneous- treatment-effect estimators adapt tree ensembles to estimate how a treatment effect τ(𝐱)=𝔼[Y(1)−Y(0)∣𝐗=𝐱]\tau(\mathbf{x}) = \mathbb{E}[Y(1) - Y(0)\mid \mathbf{X}=\mathbf{x}] varies across customers—the uplift that retention and targeting decisions actually require, as distinct from the level a churn model predicts. These methods, developed in the causal-inference chapters, are the principled bridge from machine learning’s predictive power to the causal questions marketing decisions pose, and they are where the field’s frontier is moving (Varian 2016). 



65.10 Key Takeaways


	The prediction–inference distinction (Equation 65.1) is the organizing idea: predictive accuracy and causal interpretation are different goals validated by different criteria, and a model’s internals are not causal estimates no matter how well it predicts.

	Supervised learning minimizes regularized empirical risk (Equation 65.3); for tabular marketing data, gradient-boosted trees are the empirical default, and honest evaluation requires both discrimination and calibration, on a split that respects time.

	Unsupervised learning discovers structure without labels; clustering always returns clusters, so the burden of proof is on the analyst to show segments are stable and managerially meaningful, not merely that the algorithm converged.

	Recommender systems turn sparse user–item data into rankings via matrix factorization (Equation 65.6), but cold-start, feedback loops, and the prediction-versus-incremental-lift gap make naïve click-maximization a trap.

	Deep learning and LLMs excel on unstructured data (images, text, sequences) and are powerful measurement and generation instruments, but their opacity makes them poor instruments of inference and demands explicit validity, reproducibility, and factuality controls.

	The three deployment pitfalls—leakage, drift, and unfairness—are assumption violations, not bugs: validate inside the fold and forward in time, monitor and retrain against a moving world, and measure fairness on outcomes because proxies encode protected attributes even when those attributes are excluded.

	The constructive resolution is causal machine learning, which embeds flexible learners inside design-based estimators to recover the uplift that marketing decisions require.







66 Platforms and Two-Sided Markets

A platform is an intermediary that creates value primarily by enabling direct interactions between two or more distinct groups of users. The defining feature is not that the firm sells a product but that it sells access: a credit-card network sells merchants access to cardholders and cardholders access to merchants; a ride-hailing app sells riders access to drivers and drivers access to riders; a videogame console sells gamers access to titles and developers access to an installed base. What makes platforms a distinct object of study—rather than ordinary resellers who buy and resell—is that the value each side derives depends on how many and which users join the other side. Demand is interdependent across groups, and that interdependence rewrites the firm’s pricing, product, and competitive problems.

This chapter treats the platform as two tightly coupled objects: an economic structure (a market with cross-group externalities that the platform internalizes through prices and governance) and a strategic asset (an installed base whose growth is self-reinforcing and whose tipping dynamics can hand a market to a single winner). A serious account must connect the two, because the central managerial decisions—what to charge each side, whom to subsidize, how to solve the chicken-and-egg launch problem, how to govern the interactions that occur on the platform—follow directly from the externality structure. The economics is due in large part to the two-sided-market theory of Rochet and Tirole, and to the platform-pricing analyses of Parker–Van Alstyne and of Armstrong, who worked out the structure logic; the strategic machinery traces to the network-effects literature begun by Katz and Shapiro (1985) and its companion analyses of standards and compatibility.

The chapter proceeds from the inside out. It begins with the raw force that distinguishes platforms—network effects and their cross-side cousins—and defines them formally. It then builds the pricing structure problem, derives the canonical Rochet–Tirole condition, and confronts what the structure implies for which side pays and which is subsidized. From there it treats the dynamic problems managers actually face: the chicken-and-egg launch problem, tipping and multihoming, governance of the interactions a platform hosts, and competition among platforms. It closes with measurement—how an analyst estimates network effects from data, what identification assumptions that requires, and what breaks them—and supplies reproducible code.


66.1 Network Effects and Cross-Side Externalities

The primitive is the network effect (or network externality): a good exhibits a network effect when a user’s utility from it increases in the number of other users. The telephone is the textbook case—a phone is useless if no one else owns one, and its value rises with every additional subscriber. Formally, let uiu_i denote user ii’s utility and nn the number of adopters. A pure (within-side, or same-side) network effect holds when ∂ui/∂n>0\partial u_i / \partial n > 0. The effect is direct when utility depends on the raw count of fellow users and indirect when it operates through a complementary product whose supply rises with the user base (more console owners induce more game titles, which in turn attract more console owners).

Platforms add a second, asymmetric channel. Let the two sides be AA and BB with participation nAn_A and nBn_B. A cross-side network effect, or cross-group externality, holds when a user on side AA benefits from participation on side BB:

∂uA∂nB>0,(66.1)
\frac{\partial u_A}{\partial n_B} > 0,
 \qquad(66.1)

and symmetrically for side BB. Cross-side effects are the engine of the two-sided market: merchants value more cardholders, cardholders value more accepting merchants, and the platform sits between them internalizing both. Crucially, cross-side effects need not be symmetric in sign or magnitude. In media markets the effect can be negative in one direction—viewers dislike advertisers even as advertisers value viewers—so a television network or a search engine maximizes by restraining the ad side to protect the audience side. Within-side effects can likewise be negative: more merchants on a marketplace intensifies competition among them, and more drivers on a ride app thins each driver’s earnings.

A landmark statement frames the construct:


A market is two-sided if the platform can affect the volume of transactions by charging more to one side of the market and reducing the price paid by the other side by an equal amount; in other words, the price structure matters, and platforms must design it so as to bring both sides on board.

— after Rochet and Tirole’s characterization of two-sided markets



The italicized claim—that the structure of prices, not merely their level, affects volume—is what separates a two-sided market from an ordinary one and is the source of nearly everything distinctive in platform strategy. We make it precise below.

It is worth distinguishing two phenomena that are often conflated. A network effect is a property of demand: it concerns how users’ valuations move with participation. A scale economy is a property of cost: it concerns how average cost moves with output. The two generate superficially similar “bigger is better” dynamics, but they are not the same and have different policy and competitive implications—a platform can enjoy strong demand-side network effects while running at roughly constant marginal cost, and a manufacturer can enjoy steep scale economies with no network effect at all. Conflating them leads analysts to attribute to network effects market structure that is really driven by fixed costs, and vice versa.1



66.2 Pricing Structure

The defining managerial decision in a two-sided market is not the level of price but its structure—how the total price is allocated across the two sides. Because a user on side AA confers a benefit on side BB (and conversely), the platform can profitably charge one side below its own marginal cost, even below zero, recouping the subsidy from the side that values access more. This is why so many platforms give one side away free: free consumer search funded by advertisers, free operating systems funded by application developers, free ride-app signup funded by per-trip commissions.


66.2.1 The Rochet–Tirole Condition

Consider a monopoly platform facing sides AA and BB. Let pAp_A and pBp_B be the per-interaction prices, and suppose the volume of interactions VV depends on the participation each price induces on each side, V=DA(pA)DB(pB)V = D_A(p_A)\,D_B(p_B) in a reduced form, with constant marginal cost cc per interaction. The platform chooses (pA,pB)(p_A,
p_B) to maximize profit

π=(pA+pB−c)V(pA,pB).(66.2)
\pi = (p_A + p_B - c)\,V(p_A, p_B).
 \qquad(66.2)

The first-order conditions deliver a generalization of the Lerner rule in which the markup charged to each side is governed by that side’s demand elasticity. Writing ηA\eta_A and ηB\eta_B for the (own-price) elasticities of participation, the optimal structure satisfies

pA+pB−cpA=1ηA,pA+pB−cpB=1ηB,(66.3)
\frac{p_A + p_B - c}{p_A} = \frac{1}{\eta_A}, \qquad
\frac{p_A + p_B - c}{p_B} = \frac{1}{\eta_B},
 \qquad(66.3)

so that the ratio of prices across sides is inversely related to the ratio of elasticities. The intuition is sharp and is the central takeaway of the entire pricing literature: the side that is more elastic—more reluctant to join, more price-sensitive, more easily lost to an outside option—pays less, and the side that values the interaction more inelastically pays more. The platform allocates the burden to the side that will tolerate it, because every user retained on the elastic side is worth more through the cross-side externality than the revenue forgone from subsidizing them.

Two forces refine this. First, the strength of the cross-side externality each side exerts pulls price the other way: a side that confers a large benefit on the other side should be subsidized to bring it on board, independent of its own elasticity. A platform thus subsidizes the side that is either very price-sensitive or very valuable to the opposite side—often the same side (consumers are both fickle and the reason advertisers pay). Second, whether users single-home (join one platform) or multihome (join several) reshapes the markup: when one side multihomes and the other single-homes, the platform holds a competitive bottleneck over access to the single-homing side and extracts rents from the multihoming side, a result we return to under platform competition.



66.2.2 What the Structure Implies

Three implications of Equation 66.3 organize how managers read platform pricing.

The first is below-cost and negative pricing as an equilibrium, not a promotion. When one side is highly elastic and confers a strong externality, the profit-maximizing pAp_A can be negative—the platform pays users to join (sign-up bonuses, free hardware sold below cost, cashback). This is not predatory pricing in the antitrust sense and not a temporary loss leader; it is the structure the externalities call for, and it persists in steady state. Misreading a subsidized side as evidence of below-cost predation is a recurring error in both managerial and regulatory analysis of platforms.

The second is that the identity of the subsidized side is an empirical question, not a convention. It depends on relative elasticities and externality strengths, both of which vary by market and over the life cycle. Newspapers historically subsidized readers and charged advertisers; some digital outlets have inverted this with reader paywalls as ad demand softened. The structure is not fixed by industry; it is chosen, and re-chosen as conditions move.

The third concerns price floors and the limits of the logic. The subsidy to one side is bounded by the threat that subsidized “users” are not genuine participants but arbitrageurs who consume the subsidy without conferring the externality—fake accounts harvesting sign-up bonuses, drivers who never complete trips. The platform’s ability to run an aggressive price structure is therefore inseparable from its ability to govern who is on the platform, which we take up in Section 66.5.

Table 66.1 summarizes how the structure resolves across canonical platforms.




Table 66.1: How the price structure resolves across canonical two-sided markets. The subsidized side is the one that is more price-sensitive or confers the larger cross-side externality.











	Platform type
	Subsidized side
	Money side
	Why (elasticity / externality)





	Payment card network
	Cardholders (rewards)
	Merchants (fees)
	Cardholders elastic and confer large externality on merchants



	Search engine / ad-funded media
	Users (free)
	Advertisers (auctions)
	Users elastic; advertisers value access inelastically



	Console videogames
	Gamers (hardware sold near cost)
	Developers (royalties)
	Installed base drives developer willingness to pay



	Ride-hailing
	Riders (low fares early)
	Drivers, then riders (commission)
	Both sides elastic at launch; structure shifts with maturity



	B2B marketplace
	Buyers (free to browse)
	Sellers (listing/transaction fees)
	Sellers value buyer access; buyers easily lost










Figure 66.1 gives the general anatomy: two sides linked by cross-side network effects, with the platform choosing how to split the total price across them.
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Figure 66.1: Anatomy of a two-sided platform. Solid arrows are cross-side network effects (each side’s value rises with the other’s participation); dashed arrows are the price structure the platform sets. The platform internalizes the externalities by choosing how to split the total price across sides.











66.3 The Chicken-and-Egg Problem

Cross-side externalities that drive a mature platform’s profits are a curse at launch. No user on side AA wants to join until side BB is present, and no user on side BB wants to join until side AA is present: each side’s participation is a best response to the other’s, and the empty market—where neither side joins—is always an equilibrium. This is the chicken-and-egg problem (also the penguin problem, after penguins who will not be first into the water), and it is the central obstacle to platform entry.

Formally, write expected utility for a representative side-AA user as uA(nBe)u_A(n_B^e), increasing in the expected side-BB participation nBen_B^e, and symmetrically for side BB. An adoption equilibrium is a fixed point (nA*,nB*)(n_A^*, n_B^*) at which each side’s participation is consistent with the other’s. Because the best-response curves both slope upward, the system generically admits multiple equilibria, including the no-adoption point (0,0)(0,0). Coordinating users away from the empty equilibrium toward a high-participation one is the launch problem; expectations are self-fulfilling, so the platform must manufacture the belief that the other side will show up.

The strategies platforms use to escape the bad equilibrium map cleanly onto this structure:


	Subsidize one side hard at launch, even at a loss, to seed participation that makes joining a best response for the other side. This is the dynamic counterpart to the static pricing structure: early subsidies are an investment in expectations.

	Solve one side’s problem in a single-sided mode first, then open the second side—the “come for the tool, stay for the network” pattern. A product that is standalone-useful to side AA bootstraps an installed base before any side-BB participation is required, breaking the simultaneity.

	Micromarket / zip-code launch: ignite the network in one narrow geography or vertical where the critical mass needed for a viable interaction is small, then replicate. Density, not aggregate scale, is what makes a local marketplace tip, so a platform that achieves liquidity in one city before expanding faces a far smaller coordination problem than one launching everywhere thinly.

	Seed the marquee side: recruit a small number of high-value side-BB participants (anchor merchants, marquee game titles, celebrity sellers) whose presence credibly signals that the other side will follow.



The unifying logic is that all four reduce the expected participation gap that any joining user must bridge—either by directly buying participation, by removing the cross-side dependence at launch, or by shrinking the critical mass needed for the first viable interactions.



66.4 Tipping, Critical Mass, and Multihoming

Network effects make platform markets prone to tipping: once one platform’s installed base pulls ahead, the cross-side externalities make it ever more attractive, the lead widens, and the market collapses toward a single dominant platform or a narrow oligopoly. The qualitative dynamic is a positive-feedback loop, and the quantitative threshold above which it ignites is the platform’s critical mass—the participation level beyond which growth becomes self-sustaining without further subsidy.

A minimal model makes the threshold visible. Suppose the fraction of a market that adopts in the next period, xt+1x_{t+1}, responds to current adoption xtx_t through an S-shaped (logistic) best-response map driven by network value,

xt+1=11+e−β(xt−θ),(66.4)
x_{t+1} = \frac{1}{1 + e^{-\beta\,(x_t - \theta)}},
 \qquad(66.4)

where β\beta scales the strength of the network effect and θ\theta is an adoption cost or threshold parameter. The map has up to three fixed points: a low (often zero) equilibrium, an unstable interior fixed point that is exactly the critical mass, and a high equilibrium near full adoption. Starting below critical mass, the system decays to the empty market; starting above it, the system tips to dominance. The managerial content of the chicken-and-egg subsidy is precisely to push initial adoption past the unstable interior point.

Whether a market actually tips, however, depends on three moderators that practitioners frequently overlook:


	Multihoming. If users cheaply join several platforms at once, no single platform monopolizes access to them, the winner-take-all force weakens, and the market sustains multiple platforms in equilibrium. Tipping requires that at least one side predominantly single-homes. Drivers and riders who run several apps simultaneously are the reason ride-hailing has not tipped to a single platform in most cities, despite strong cross-side effects.


	Differentiation and heterogeneous needs. When users have heterogeneous tastes and platforms differentiate, distinct platforms can serve distinct segments and coexist—niche professional networks alongside a general one—because the network benefit of the dominant platform does not dominate the fit benefit of the specialized one for every user.


	Capacity and congestion (negative same-side effects). When more participation degrades the experience—congestion, thinner matches, intra-side competition—the positive feedback is damped and full tipping is resisted.




The practical upshot is that “network effects imply winner-take-all” is a half-truth. Network effects create a tendency to tip; multihoming, differentiation, and congestion determine whether the tendency is realized. An analyst who observes a fragmented platform market should look first to these moderators rather than conclude the network effects are weak.



66.5 Platform Governance

Because a platform’s value is the interactions it hosts rather than a product it makes, the platform’s central operational task is governance: the rules, prices, information, and enforcement that determine who may participate, what interactions are permitted, and how disputes and quality are managed. Governance is to a platform what manufacturing is to a product firm—the locus where value is actually produced or destroyed—and it is the lever that makes an aggressive price structure (Chapter 66) sustainable by ensuring subsidized participants are genuine.

Three governance problems recur.

Quality and adverse selection. Open access invites low-quality participants whose presence imposes a negative cross-side externality (counterfeit sellers, bad drivers, spam advertisers). The platform’s classic remedy is a reputation system—ratings and reviews that aggregate private experience into a public signal, mitigating the lemons problem that would otherwise unravel the market (Akerlof 1970). Reputation systems are themselves a designed object: how reviews are solicited, displayed, and responded to changes the information they convey. Hotels that begin responding to reviews gain in average rating but receive fewer, longer negative reviews thereafter, as dissatisfied users self-censor unjustified complaints under anticipated scrutiny (Proserpio and Zervas 2017)—a reminder that governance interventions change participant behavior, not merely measure it. 

The platform’s own role as competitor. A platform that both hosts third-party sellers and sells its own products faces a conflict: data on third-party demand can be used to enter their niches, and ranking algorithms can be tilted toward house products. This self-preferencing problem trades short-run platform profit against long-run participation incentives, because sellers who fear expropriation invest less or exit. 

Openness versus control. A platform chooses how open to be—how freely third parties may build on it, transact, and access its users. More openness recruits more complementors and accelerates indirect network effects; more control protects quality, captures more value, and guards the core experience. The choice is not binary but a governance gradient, and the optimal point shifts over the life cycle: openness to bootstrap the network early, selective control to monetize and protect quality once the network is established. 



66.6 Platform Competition

When platforms compete, the network-effects logic interacts with the pricing-structure logic to produce dynamics with no single-sided analogue. Three results organize the field.

Competitive bottlenecks. When one side single-homes and the other multihomes, each platform is a monopoly gatekeeper over its single-homing users, because reaching them requires joining that platform. Competing platforms then compete fiercely for the single-homing side (often subsidizing it heavily) and extract rents from the multihoming side, which has no choice but to join all platforms to reach all of the single-homing users. This explains why advertisers (who multihome across media) pay, while audiences (who often single-home their attention) are courted.

Envelopment. A platform in an adjacent market can attack an incumbent by bundling an overlapping functionality into its own user base, leveraging shared users to enter without solving the chicken-and-egg problem from scratch. Platform competition is therefore frequently cross-market rather than within a narrowly defined product market—a messaging app entering payments, a search engine entering maps—and an incumbent’s most dangerous rival is often a large platform from a neighboring market rather than a direct entrant. 

Compatibility and standards. Competing platforms choose whether to be compatible—to let their networks interconnect (as banks share an ATM network) or remain proprietary. Compatibility converts a fragmented set of small networks into one large network, eliminating the network-effect basis for competition and shifting rivalry to price and features; incompatibility preserves the prize of tipping but risks splitting the market. The strategic choice of compatibility is thus a choice about whether to compete on network size at all, and the firm with the larger installed base typically prefers incompatibility (to press its advantage) while the smaller prefers compatibility (to neutralize it)—the classic asymmetry of standards wars (Katz and Shapiro 1985).



66.7 Measuring Network Effects

For both research and managerial decisions the quantity of interest is the magnitude of the network effect: by how much does a user’s adoption or value rise with the size of the relevant network? The estimation problem is hard because the very feedback that defines a network effect also confounds its measurement.


66.7.1 The Reflection / Simultaneity Problem

Let adoption (or value) for a user ii on side AA depend on the participation of side BB,

yiA=α+γnB+𝐱iA′𝛃+εiA,(66.5)
y_{iA} = \alpha + \gamma\, n_B + \mathbf{x}_{iA}'\boldsymbol{\beta} + \varepsilon_{iA},
 \qquad(66.5)

where γ\gamma is the cross-side network-effect coefficient we wish to recover. The naive regression of yiAy_{iA} on nBn_B is biased for three reasons, each fatal on its own.

First, simultaneity: nBn_B is itself determined by nAn_A (which aggregates the yiAy_{iA}), so nBn_B is correlated with εiA\varepsilon_{iA} through the very feedback loop Equation 66.1 describes. This is the platform analogue of the reflection problem in the study of social interactions—each side’s behavior reflects the other’s, and the two cannot be disentangled without an exclusion restriction.

Second, correlated unobservables: a city that is attractive to riders (good weather, dense nightlife) is also attractive to drivers, so nBn_B and εiA\varepsilon_{iA} share common demand shifters that masquerade as a network effect.

Third, homophily / sorting: users who join a popular platform may differ in unobserved ways from those who do not, biasing the cross-sectional association.



66.7.2 Identification Strategies

Credible estimates therefore lean on one of a few designs, each buying identification with an explicit and falsifiable assumption.

Instrumental variables. Find a variable that shifts side-BB participation nBn_B but is excluded from side AA’s utility Equation 66.5 given controls—a cost shock or policy change affecting only side BB. The estimator is two-stage least squares; the identifying assumption is the exclusion restriction, which is not testable and must be argued substantively. Weak instruments (a first stage that barely moves nBn_B) deliver badly biased second-stage estimates, so the first-stage FF-statistic must be reported and large.

Structural estimation of demand with network effects. Specify utility with a network term and estimate the system jointly, instrumenting for the endogenous installed base within a discrete-choice demand model in the tradition of S. Berry, Levinsohn, and Pakes (1995b). The payoff is a fully specified model that supports counterfactuals (what if the platform changed its price structure?); the cost is that identification now rests on the full set of functional-form and distributional assumptions, and misspecification of the network term contaminates every counterfactual. 

Natural experiments and panel variation. A discrete shock that adds or removes participation on one side—an entry, an exit, a regulatory ban, a platform policy change rolled out in some markets and not others—permits a difference-in-differences estimate of the cross-side effect, with the parallel-trends assumption replacing the exclusion restriction as the identifying premise.



66.7.3 A Reproducible Illustration

The simulation below makes the simultaneity bias concrete. We generate a two-sided market in which participation on each side genuinely responds to the other (a true cross-side effect), plus a market-level demand shifter that raises participation on both sides. We then show that the naive OLS regression of side-AA participation on side-BB participation overstates the network effect, while an instrument that shifts only side BB recovers the truth.


set.seed(20260620)

n_markets <- 500
gamma_true <- 0.40   # true cross-side effect of n_B on n_A

# Market-level demand shifter raising BOTH sides (the confound)
demand_shock <- rnorm(n_markets)

# Side-B cost instrument: shifts n_B only (excluded from side-A utility)
z_B <- rnorm(n_markets)

# Side-B participation: driven by the instrument and the common demand shock
n_B <- 0.9 * z_B + 0.8 * demand_shock + rnorm(n_markets)

# Side-A participation: true response to n_B, plus the same demand shock
eps_A <- 0.8 * demand_shock + rnorm(n_markets)   # correlated unobservable
n_A   <- gamma_true * n_B + eps_A

dat <- data.frame(n_A, n_B, z_B)

# (1) Naive OLS: biased upward by the shared demand shock
ols <- lm(n_A ~ n_B, data = dat)

# (2) 2SLS by hand: instrument n_B with z_B
first  <- lm(n_B ~ z_B, data = dat)
n_B_hat <- fitted(first)
iv     <- lm(n_A ~ n_B_hat, data = dat)

cat("True cross-side effect (gamma):", gamma_true, "\n")
#> True cross-side effect (gamma): 0.4
cat("Naive OLS estimate:           ", round(coef(ols)["n_B"], 3), "\n")
#> Naive OLS estimate:            0.656
cat("2SLS (IV) estimate:           ", round(coef(iv)["n_B_hat"], 3), "\n")
#> 2SLS (IV) estimate:            0.403
cat("First-stage F-statistic:      ",
    round(summary(first)$fstatistic["value"], 1), "\n")
#> First-stage F-statistic:       237.1




The OLS coefficient is inflated well above γ=0.40\gamma = 0.40 because the shared demand shock loads onto both sides; the instrumented estimate recovers the true effect, and the first-stage FF confirms the instrument is strong. The lesson generalizes: any estimate of a network effect that does not confront the simultaneity of the two sides should be read as an upper bound, not an effect.

The next chunk visualizes the tipping dynamics of Equation 66.4, showing the unstable interior fixed point that is the platform’s critical mass.


beta  <- 12   # strength of the network effect
theta <- 0.5  # adoption threshold
f <- function(x) 1 / (1 + exp(-beta * (x - theta)))

x <- seq(0, 1, length.out = 400)
plot(x, f(x), type = "l", lwd = 2,
     xlab = "Current adoption  x_t",
     ylab = "Next-period adoption  x_(t+1)",
     main = "Network tipping and critical mass")
abline(0, 1, lty = 2)              # 45-degree line: fixed points are crossings
# Locate the unstable interior fixed point (critical mass) near x = theta
g <- function(x) f(x) - x
crit <- uniroot(g, c(0.3, 0.7))$root
points(crit, crit, pch = 19)
text(crit, crit, "  critical mass", pos = 4)
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Tipping dynamics. The S-shaped best-response map (solid) crosses the 45-degree line (dashed) at three fixed points; the middle crossing is the unstable critical mass. Adoption starting below it decays to the empty market; above it, the market tips to near-full adoption.










66.8 Marketplace and Digital-Platform Applications

The framework applies across a wide span of commercially important platforms, and the same constructs—cross-side externalities, price structure, chicken-and-egg, tipping, multihoming, governance—resolve differently as their parameters differ.

Marketplaces (horizontal commerce platforms matching buyers and sellers) live or die on liquidity—the probability that a given listing finds a counterparty quickly. Liquidity is a same-market density requirement, which is why marketplaces launch narrow (one category, one city) and why the chicken-and-egg subsidy is usually aimed at the supply side, whose presence is the binding constraint on the first viable transactions. Governance—reputation, dispute resolution, fraud control—is the operating core, because a single bad interaction imposes a negative cross-side externality on the whole market.

Ad-funded digital media (search, social, video) are the canonical case of an asymmetric, partly negative cross-side effect: users dislike ads even as advertisers value users. The price structure gives the user side away free and monetizes the advertiser side, typically through auctions that price advertiser access to attention, and the central governance tension is how much advertising load to impose before the negative externality erodes the audience the advertisers are paying for.

Transaction platforms with strong multihoming (ride-hailing, food delivery) illustrate the limits of tipping: because both sides cheaply run multiple apps, these markets sustain competition despite powerful cross-side effects, and the strategic contest is over inducing single-homing (loyalty programs, exclusivity, subscription tiers) rather than over a one-time tip to dominance.

Hardware/software systems (consoles, operating systems, smartphones) are the classic indirect network-effect platform: the installed base of users drives complementor (developer) entry, which drives more users. Here the price structure famously subsidizes the hardware (sold near or below cost) and monetizes the software side through royalties, and compatibility decisions—whether to support cross-platform play, common standards, or proprietary lock-in—are the principal competitive lever.

Across all four, the discipline the framework imposes is the same: identify the sides, sign and size the cross-side externalities, read the price structure off the elasticities and externalities, ask whether the market will tip (and whether multihoming will stop it), and recognize that governance is where the value actually accrues.



66.9 Key Takeaways


	A platform’s distinguishing feature is cross-side network effects (Equation 66.1): each side’s value rises with the other’s participation, so demand is interdependent and the firm sells access, not a product.

	The central decision is the price structure, not the price level. The Rochet–Tirole condition (Equation 66.3) says the more elastic side—and the side conferring the larger externality—is subsidized, often below cost or for free; this is an equilibrium, not a promotion.

	Cross-side effects create the chicken-and-egg launch problem: the empty market is always an equilibrium, and platforms escape it by subsidizing a side, going standalone-useful first, or igniting density in a narrow micromarket.

	Network effects create a tendency to tip, but multihoming, differentiation, and congestion determine whether it is realized—“network effects imply winner-take-all” is a half-truth.

	Governance (reputation systems, self-preferencing restraint, openness/control) is where platform value is produced and is what makes an aggressive price structure sustainable.

	Measuring a network effect requires confronting the simultaneity of the two sides; an estimate that ignores it is an upper bound, recoverable only with a valid side-specific instrument, a structural model, or a credible natural experiment.





66.10 Further Reading

The two-sided market was formalized by Rochet and Tirole, with complementary pricing treatments by Parker–Van Alstyne and by Armstrong; the network-effects foundations are due to Katz and Shapiro (1985) and the Katz–Shapiro work on standards. The platform-competition and business-model literature is surveyed in Casadesus-Masanell and Hervas-Drane (2015), and the economics of digital platforms more broadly in Goldfarb, Tucker, and Wang (2022) and C. Tucker (2019). Multiproduct and bundling considerations relevant to envelopment appear in Armstrong and Vickers (2018). The branding, advertising, and marketing-finance machinery this chapter draws on is developed in Chapter 11, Chapter 13, and Chapter 23.











1. A further subtlety: indirect network effects mediated by a competitively supplied complement can be re-described as a pecuniary externality rather than a true technological externality. For most marketing purposes the distinction is second order, but it matters for welfare analysis, because pecuniary externalities are transfers and do not by themselves justify intervention.





67 Scientific Writing

A research paper is the instrument through which a discovery becomes knowledge. A result that is not written down does not exist scientifically; a result written badly exists only for the handful of readers willing to excavate it. This chapter treats scientific writing not as cosmetic polish applied after the “real” work but as an integral part of the research itself—a design problem with its own constraints, its own failure modes, and its own measurable quality. The audience is the marketing scholar who has a finding and now faces the harder task of convincing a skeptical editor, two or three adversarial reviewers, and an indifferent field that the finding is correct, novel, and important.

The economics of the situation are unforgiving. The top journals in marketing—the Journal of Marketing (JM), the Journal of Marketing Research (JMR), Marketing Science, and the Journal of Consumer Research (JCR), collectively the “top-4”—desk-reject a large share of submissions and ultimately accept only a small fraction of what is sent to them.  A reviewer reads dozens of papers a year as unpaid labor and forms a judgment within the first few pages. The paper that survives is not merely the one with the best result; it is the one whose argument the reviewer can reconstruct without effort and whose contribution the reviewer can state in a sentence. Writing is therefore a competitive technology, and this chapter develops it as one.

The chapter proceeds from architecture to sentence. We begin with the structure of a paper—the canonical section sequence and what each section is for—and formalize the underlying logical scaffold. We then treat the hardest and most consequential task, framing the contribution, and the part of the paper where framing lives or dies: the front end (title, abstract, introduction). We turn next to the specific demands of writing for the top-4, where the contribution bar is highest. We close with clarity and revision: the sentence-level craft that makes an argument legible, the measurement of readability, and the disciplined process of responding to reviewers. Throughout, the stance is the house stance— intuition first, then the formal structure that makes the intuition operational.


67.1 The Structure of a Paper


67.1.1 The canonical sections and their tenses

Empirical marketing papers share a near-universal skeleton, sometimes abbreviated IMRaD (Introduction, Methods, Results, and Discussion) with literature review and conclusions bracketing the core. Each section answers one question and only one, and—this is a point novices routinely miss—each section has a default verb tense that signals the epistemic status of its claims. Completed actions take the simple past (“we estimated”, “respondents rated”); established knowledge and the paper’s own ongoing argument take the present (“the effect is”, “Table 2 reports”); prior literature as a stream that continues into the present takes the present perfect (“researchers have shown”). Table 67.1 collects the sections, their purposes, approximate lengths, and tense conventions.





Table 67.1: Canonical sections of an empirical marketing paper, with purpose, indicative length, and default verb tense. Lengths are rules of thumb for a full-length top-4 submission, not hard limits.












	Section
	Words
	Purpose
	Default tense





	Title
	8–15
	Name the contribution
	—



	Abstract
	200–250
	Self-contained summary: objective, method, finding, implication
	Past + present



	Introduction
	800–1200
	Why the paper exists; the gap and the contribution
	Present + present perfect



	Literature / Theory
	1500–3000
	Position vs. prior work; derive hypotheses or model
	Present + present perfect



	Methods
	1000–2500
	What was done, reproducibly
	Past



	Results
	1000–2500
	What was found, with the data doing the talking
	Past + present



	Discussion
	1500–2500
	What it means, limits, boundary conditions
	Present + past



	Conclusion
	400–800
	Restate contribution; implications and future work
	Present














The discipline of one-question-per-section is what gives a paper its navigability. A reader who wants to know what you did turns to Methods and finds only that; a reader who wants to know why it matters turns to the Discussion and is not detained by procedure. Violations—results smuggled into the methods, mechanism speculation buried in the results—are the most common structural defect flagged in review, because they force the reader to hold the paper’s logic in their head rather than read it off the page.


A scientific paper is not a chronological record of what the researcher did. It is a reconstructed argument, organized so that the reader can verify the conclusion with minimum effort. The order of discovery and the order of exposition are different things, and conflating them is the surest route to an unreadable manuscript.





67.1.2 The argument as a logical object

Underneath the section skeleton sits a logical scaffold that the prose merely dresses. Make it explicit. A confirmatory empirical paper advances a chain

P⏟problem⇒G⏟gap⇒H⏟hypotheses⇒D⏟design⇒R⏟results⇒C⏟contribution(67.1)
\underbrace{P}_{\text{problem}} \;\Rightarrow\;
\underbrace{G}_{\text{gap}} \;\Rightarrow\;
\underbrace{H}_{\text{hypotheses}} \;\Rightarrow\;
\underbrace{D}_{\text{design}} \;\Rightarrow\;
\underbrace{R}_{\text{results}} \;\Rightarrow\;
\underbrace{C}_{\text{contribution}}
 \qquad(67.1)

in which every arrow is a claim the reader can refuse to grant. The problem PP must be real (someone cares about the answer); the gap GG must be genuine (the answer is not already known); the hypotheses HH must follow from a theory and be falsifiable; the design DD must be capable of discriminating HH from its negation; the results RR must actually bear on HH; and the contribution CC must be what RR licenses, not more. A paper fails at whichever arrow is weakest, and the writing task is to make each arrow as short and as forced as possible. Many rejections that are phrased as “not enough contribution” are in fact broken arrows: a gap that turns out to be already filled (GG), or a design that cannot separate the focal hypothesis from a confound (D⇏RD \not\Rightarrow R).

The conceptual or theory paper substitutes a different chain—a construct is defined, related to existing constructs, and shown to do explanatory work—but the demand for unbroken arrows is identical. Figure 67.1 renders the canonical flow and shows where each link in Equation 67.1 is forged.







[image: ]






Figure 67.1: The logical flow of an empirical paper. The front end (title, abstract, introduction) carries the problem, gap, and promised contribution; the body discharges the promise. A reviewer reads the front end to decide whether the rest is worth reading.








The dashed promise–payoff loop in Figure 67.1 is the structural heart of a paper. The introduction makes a promise—“we will show that XX causes YY through mechanism MM”—and the discussion must redeem exactly that promise, no more and no less. A paper that promises a causal claim and delivers a correlation, or that delivers a richer finding than it promised and never updates the framing, reads as incoherent even when every individual sentence is sound.



67.1.3 Paper types

The skeleton flexes with the paper’s type, and naming the type early orients both writer and reviewer. Four types recur. A research paper tests hypotheses and reports findings; its contribution lives in H⇒RH \Rightarrow R. A methods paper proposes a new estimator, design, or measurement instrument; its contribution is that the method recovers something prior methods could not, so the burden is a demonstration—often on synthetic data with known ground truth—that it works and a comparison against incumbents. A review paper consolidates a domain, and its contribution is organization: a taxonomy, an integrative framework, or an agenda that practitioners and scholars did not previously have. A conceptual or discussion paper advances or critiques theory, trading empirical evidence for argumentative rigor. The reviewer evaluates each type against a different standard, and a paper that does not signal its type invites evaluation against the wrong one.




67.2 Framing the Contribution


67.2.1 What a contribution is

The single most important sentence in a paper is the one that states its contribution, and the most common reason good work is rejected is that this sentence is missing, vague, or overclaimed. Define the contribution formally. Let 𝒦\mathcal{K} denote the field’s existing knowledge—the set of claims a competent reader already accepts before reading the paper. A paper’s contribution is the increment

Δ𝒦=𝒦after\𝒦before,(67.2)
\Delta\mathcal{K} \;=\; \mathcal{K}_{\text{after}} \setminus \mathcal{K}_{\text{before}},
 \qquad(67.2)

the set of claims that a reader is licensed to accept after reading the paper and was not licensed to accept before. Three properties make Δ𝒦\Delta\mathcal{K} publishable, and reviewers probe each one explicitly:


	Novelty (Δ𝒦≠⌀\Delta\mathcal{K} \neq \varnothing): the increment is non-empty. If every claim in the paper already belonged to 𝒦before\mathcal{K}_{\text{before}}, there is no contribution, however well executed the study.

	Validity (Δ𝒦\Delta\mathcal{K} is warranted): the increment is actually licensed by the evidence and argument. Overclaiming—asserting elements of Δ𝒦\Delta\mathcal{K} that the design DD cannot support—is the fastest route to a reviewer’s “the conclusions outrun the data”.

	Importance (|Δ𝒦||\Delta\mathcal{K}| matters): the increment is one the field cares about. A true, novel, but trivial claim clears the first two bars and fails the third, and “importance” is precisely the bar that rises from a field journal to the top-4.



Two broad species of contribution recur in marketing, and a paper should know which it is making. A substantive contribution changes what we believe about a marketing phenomenon—that brand prominence signals status through quiet versus loud cues, say, or that responding to online reviews trades complaint quantity for depth (see Chapter 11). A methodological contribution changes how we can learn about phenomena—a new identification strategy, a scalable text measure, a more efficient estimator. The strongest papers often pair a methodological advance with the substantive finding it unlocks, but a paper that is fuzzy about which kind of increment it offers will be read as offering neither.



67.2.2 The contribution statement and the framing trap

A contribution should be expressible as a single declarative sentence of the form “We show that [claim], which prior work did not establish because [reason], using [design].” The clause “which prior work did not establish” is the gap GG of Equation 67.1 made explicit, and it must be true: nothing destroys credibility faster than a literature-savvy reviewer who knows the claimed gap was filled years ago. Conversely, a contribution can be undersold. Authors who have lived inside a problem for years often state their finding in the narrow terms in which they discovered it, missing the more general claim the evidence actually supports. The discipline is to state the most general claim that RR licenses and not one inch more.

Framing is the act of choosing which 𝒦before\mathcal{K}_{\text{before}} to write against— which conversation the paper joins—and it is a genuine strategic choice, not a neutral description. The same result can be framed as a contribution to several literatures, and the framing determines the reference set, the reviewers, and the perceived importance. A study of how customers respond to a salesperson’s language, for instance, could be framed against the persuasion literature, the frontline-service literature, or the computational-text-analysis literature, and the right choice depends on where the increment Δ𝒦\Delta\mathcal{K} is largest and the audience most receptive. The framing trap is to choose the literature in which the result is most surprising rather than the one in which it is most defensible; surprise attracts an editor’s eye but invites reviewers who hold the strongest priors against the claim.




67.3 The Front End

The front end—title, abstract, and introduction—is the part of the paper most people read and the only part most people read. It carries the entire promise– payoff loop of Figure 67.1 in compressed form, and a reviewer’s accept-lean or reject-lean is often set before the methods section begins. The front end deserves a disproportionate share of writing effort precisely because it does a disproportionate share of the persuasive work.


67.3.1 The title

A title’s job is to name the contribution in eight to fifteen words such that the right reader stops scrolling. It should contain the paper’s key constructs (the terms a searcher would type) and, where possible, signal the relationship the paper establishes rather than merely the topic it addresses. “Brand Prominence and Status Signaling” names a topic; “Signaling Status with Luxury Goods: The Role of Brand Prominence” names a relationship and a mechanism. Question titles and two-part titles (a hook before the colon, the substance after) are common in JCR and JM and rarer in Marketing Science, reflecting the venues’ different house voices—a difference worth matching to the target journal.



67.3.2 The abstract

The abstract is the most-read and least-revised 250 words in science, and the imbalance is a mistake. It must be self-contained: a reader who sees only the abstract should be able to state the paper’s objective, method, principal finding, and implication. The canonical structure mirrors Equation 67.1 in miniature—one or two sentences each for the problem, the approach, the result (with direction and, where it fits, magnitude), and the “so what”. Two failure modes dominate. The descriptive abstract announces what the paper does (“we examine the effect of X on Y”) without ever stating what it found, leaving the reader no wiser; the overloaded abstract crams in every robustness check and moderator, drowning the headline. The fix for both is the same: lead with the finding.



67.3.3 The introduction as a funnel

The introduction is where most rejections are decided, and it has a near-mechanical structure: a funnel from the broad problem to the specific contribution. A robust template runs problem →\rightarrow tension or puzzle →\rightarrow gap →\rightarrow “in this paper we” →\rightarrow approach →\rightarrow findings →\rightarrow contributions →\rightarrow roadmap. Figure 67.2 renders it.
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Figure 67.2: The introduction funnel. Each band narrows from the world’s problem to this paper’s specific increment to knowledge. The ‘in this paper, we…’ sentence is the pivot from motivation to contribution and should appear by the end of the second page.








Two discipline points govern the funnel. First, the pivot sentence—“In this paper, we…”—should arrive early, by the end of the second page; an introduction that is still motivating the problem on page four has lost the reviewer. Second, the contributions should be stated as claims the reader will be able to accept, not as activities the authors performed. “We contribute by examining the role of arousal” is an activity; “We show that empathetic responses raise gratitude even before a service failure is resolved, which the prior literature’s resolution-centric models cannot accommodate” is a claim and an explicit Δ𝒦\Delta\mathcal{K}.



67.3.4 Positioning against the literature

The literature review is not a homage to everyone who has touched the topic; it is the construction of 𝒦before\mathcal{K}_{\text{before}}, the precise baseline against which the contribution is measured. Its house failure mode is the annotated bibliography—a serial list of “Author (year) found X; Author (year) found Y”—which demonstrates reading but not synthesis and leaves the reviewer to infer the gap. The remedy is to organize the review around tensions and open questions rather than around papers, so that the gap emerges as the natural next move in a conversation the reader can now follow. The house style guide’s instruction to weave, not list citations is exactly this principle applied at the sentence level: each citation should earn its place by advancing the argument, and the strongest evidence per point should crowd out the duplicative.




67.4 Writing for the Top-4


67.4.1 What rises to a top journal

The top-4 differ from solid field journals less in the correctness of the work they publish than in the size and generality of the increment Δ𝒦\Delta\mathcal{K}. The bar that rises is importance: a top-4 paper must change how a non-trivial slice of the field thinks, not merely add a brick to a narrow wall. Editors and reviewers operationalize this in recurring questions—Would I assign this in a doctoral seminar? Does it change what I would tell a manager? Does it open new research, or close a question others were pursuing? A paper can be flawless and still be rejected for answering a question too few people were asking.

The venues also have distinguishable identities, and matching the paper to the venue is part of the craft. Marketing Science and JMR lean toward methodological rigor and formal models—a structural estimator or an analytical game-theoretic result is at home there. JCR prizes psychological process and theory, typically established across multiple experiments that triangulate a mechanism. JM spans substantive and managerial questions with an explicit demand for managerial relevance. The same finding, dressed for the wrong venue, draws reviewers who want what the paper was never built to deliver.



67.4.2 Robustness as rhetoric

At the top-4, a single clean result rarely suffices; the paper must anticipate and preempt the reviewer’s alternative explanations. This is why top-4 empirical papers carry batteries of robustness checks, alternative specifications, and—in experimental work—multiple studies whose designs rule out competing accounts one by one. The logic is the broken-arrow logic of Equation 67.1: every alternative explanation is a way the arrow D⇒RD \Rightarrow R might fail, and each robustness check is a patch that keeps the arrow intact. The writing task is to present this defensive machinery without burying the headline—typically by stating the main result cleanly, then organizing the defenses as a navigable sequence of named threats and the evidence that disarms each.


The reviewer is not your enemy; the reviewer is the proxy for every skeptical reader your paper will ever have. Every alternative explanation a reviewer raises is one a future reader would have raised silently and then disbelieved you. Writing the rebuttal into the paper before submission is simply doing the reviewer’s job for them, and it is the single highest-return revision activity.





67.4.3 The review process and the response

Top-4 papers are essentially never accepted on first submission; the modal good outcome is a revise and resubmit (R&R), and the revision is where many papers are won or lost. The response to reviewers is itself a document with its own craft. Its governing principle is that the author’s job is to make the editor’s accept-decision easy to defend: every reviewer comment receives a numbered, verbatim restatement followed by a specific response and a pointer to the exact change in the manuscript. Disagreement is permitted but must be argued with evidence, courteously, and sparingly—an author who fights every point signals defensiveness, while an author who concedes everything signals that the original work was unconsidered. The art is to distinguish comments that improve the paper (adopt them) from comments that reflect a misunderstanding (clarify the text so the next reader does not misunderstand either) from the rare comment that is simply wrong (rebut it with evidence and grace).




67.5 Clarity and Revision


67.5.1 Clarity as a property of the reader, not the writer

Clarity is not an ornament; it is the probability that a reader recovers the intended meaning on the first pass. Writing that the author finds clear because the author already knows the answer is a category error—the test of clarity is whether a reader who does not yet know the conclusion can follow the argument. A few sentence-level disciplines do most of the work, and they are mechanical enough to apply as a checklist. Prefer the active voice and a concrete agent (“we estimate”, “the model predicts”) over agentless passives that hide who did what. Put the subject and verb early and close together so the reader is not made to hold an open clause across half a line. Use one term for one concept—do not alternate “effect”, “impact”, and “influence” for the same quantity, because the reader will hunt for a distinction that is not there. Expand every acronym on first use and define every construct before deploying it, a discipline the house style enforces throughout.



67.5.2 Measuring readability

Readability can be measured, and while no formula substitutes for judgment, the indices make a useful diagnostic. The Gunning fog index estimates the years of formal education a reader needs to understand a passage on first reading (Gunning et al. 1952). Let a passage contain WW words, SS sentences, and CC “complex” words (three or more syllables, excluding common suffix inflections). The index is

Fog=0.4(WS+100CW),(67.3)
\text{Fog} \;=\; 0.4\left(\frac{W}{S} \;+\; 100\,\frac{C}{W}\right),
 \qquad(67.3)

a weighted sum of average sentence length and the percentage of complex words. The two terms encode the two main sources of difficulty—long sentences and unfamiliar words—and the constant scales the result to a U.S. grade level, so a fog score of 12 corresponds roughly to the reading level of a high-school senior. Academic prose runs higher, but a methods section with a fog score in the high teens is usually not “rigorous”; it is merely overlong in the sentence and overloaded in the noun phrase. Textual-complexity measures of exactly this family are now standard tools in the marketing and finance literatures for analyzing corporate disclosures and other documents at scale (Loughran and McDonald 2020a, 2020b), which is a useful reminder that the readability of your prose is itself a measurable, and therefore improvable, quantity.

The estimator in Equation 67.3 is a heuristic, not a model, and its assumptions are worth stating because they tell you when it misleads. It assumes that syllable count proxies word difficulty (false for short technical jargon like “prior” or “yield”, which are hard despite being monosyllabic) and that sentence length proxies syntactic load (false for a long but perfectly parallel list). It is best read as a smoke detector: a high score reliably indicates a problem somewhere, but a low score does not certify clarity. The following chunk implements it and a companion length diagnostic so the measure is reproducible rather than mystical; Figure 67.3 shows the score falling as the same sentence is progressively tightened.


set.seed(41)

# A deliberately rough syllable counter: count vowel groups per word.
# Heuristic, not linguistic ground truth -- adequate for a relative diagnostic.
count_syllables <- function(word) {
  word <- tolower(gsub("[^a-z]", "", word))
  if (nchar(word) == 0) return(0L)
  groups <- gregexpr("[aeiouy]+", word)[[1]]
  n <- if (groups[1] == -1L) 1L else length(groups)
  if (grepl("e$", word) && n > 1L) n <- n - 1L   # silent terminal 'e'
  max(n, 1L)
}

gunning_fog <- function(text) {
  sentences <- unlist(strsplit(text, "(?<=[.!?])\\s+", perl = TRUE))
  sentences <- sentences[nzchar(trimws(sentences))]
  words <- unlist(strsplit(text, "\\s+"))
  words <- words[nzchar(words)]
  W <- length(words); S <- max(length(sentences), 1L)
  syl <- vapply(words, count_syllables, integer(1))
  C <- sum(syl >= 3L)                              # "complex" words
  0.4 * (W / S + 100 * C / W)
}

versions <- c(
  bloated  = paste("The utilization of an excessively elaborate and",
                   "circumlocutory prose style, characterized by the",
                   "accumulation of subordinate clauses, demonstrably",
                   "attenuates comprehensibility for the readership."),
  moderate = paste("Using an elaborate, indirect prose style with many",
                   "subordinate clauses reduces how well readers understand",
                   "the argument."),
  lean     = "Dense prose is hard to read."
)

fog <- vapply(versions, gunning_fog, numeric(1))
print(round(fog, 1))
#>  bloated moderate     lean 
#>     28.3     20.9      2.4

barplot(fog, col = "grey80", border = NA, ylab = "Gunning fog (grade level)",
        main = "Readability across three drafts of one claim",
        names.arg = names(versions))
abline(h = 12, lty = 2)
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Figure 67.3: Gunning fog scores for three versions of the same sentence—a bloated original, a moderate edit, and a lean rewrite—showing how shortening sentences and replacing complex words lowers the estimated reading grade. The dashed line marks a fog score of 12 (high-school senior).










67.5.3 Revision as a process

First drafts are for the writer; revision is for the reader. The empirical regularity behind all writing advice is that meaning is discovered, not transcribed: the act of writing reveals which arrows in Equation 67.1 are actually weak, and the first draft’s value is largely diagnostic. Productive revision proceeds top-down— structure before paragraph, paragraph before sentence, sentence before word—because fixing a comma in a paragraph that will be deleted is wasted effort. A useful sequence is to first verify that the contribution sentence is present and true, then that each section answers its one question, then that each paragraph has a single point announced in its first sentence, and only then to polish prose. The “reverse outline”—reading the draft and writing in the margin the single claim each paragraph makes—exposes structural defects (two paragraphs making the same point, a claim with no supporting paragraph, a paragraph with no claim) that are invisible at the sentence level.

A final discipline is distance. Prose that seems clear the night it is written is frequently opaque a week later, when the author has forgotten the unstated assumptions that made it cohere—and a week-later author is a closer proxy for the real reader than the night-of author ever is. Where time does not permit distance, a co-author or colleague reading cold is the next best instrument, and the most valuable feedback is not “I disagree” but “I got lost here”, because confusion localizes a broken arrow that the author can no longer see.




67.6 Key Takeaways


	A paper is a reconstructed argument, not a lab diary: the order of exposition is engineered for the reader, and each section answers exactly one question with its own default verb tense (Table 67.1).

	The argument is a chain of claims the reader may refuse to grant (Equation 67.1); a paper fails at its weakest arrow, and most “low contribution” rejections are in fact broken arrows—a filled gap or a design that cannot license the conclusion.

	A contribution is the warranted increment to knowledge Δ𝒦\Delta\mathcal{K} (Equation 67.2); it must be novel, valid, and important, and the top-4 bar that rises is importance. State the most general claim the evidence licenses, and not one inch more.

	The front end carries the promise; the discussion must redeem exactly that promise. Make the “in this paper, we…” pivot early and state contributions as claims, not activities (Figure 67.2).

	Robustness is rhetoric: writing the reviewer’s objections into the paper before submission is the highest-return revision activity, and the R&R response is a craft document whose job is to make the editor’s decision easy to defend.

	Clarity is a property of the reader: measure it (Equation 67.3), revise top-down from structure to sentence, and use distance or a cold reader to localize the arrows you can no longer see are broken.





67.7 Further Reading

For the structure of scientific argument and the discipline of revision, the classic writing-craft literature is the natural starting point; for the specific norms of the marketing top-4, the editorials and “from the editor” notes of JM, JMR, Marketing Science, and JCR are the authoritative—and frequently updated— statements of what each venue rewards.  The textual-analysis methods that let us measure the readability of our own and others’ prose are developed in the disclosure literature (Loughran and McDonald 2020a, 2020b) and connect this chapter to the broader treatment of text as data elsewhere in the book.





68 The Review Process

Peer review is the institution through which a scholarly field decides what counts as knowledge. A manuscript becomes a published contribution only after anonymous experts have judged it interesting, valid, and important enough to add to the record, and the editor has aggregated those judgments into a decision. For the author the process is a gauntlet; for the field it is a screening technology that trades speed for reliability. This chapter treats reviewing from both sides of the desk. It explains what an editor and a set of reviewers actually do to a submission, how a competent review is structured, and—because reviewing is at bottom a measurement problem—how to think formally about the reliability of the verdicts that emerge.

The chapter is also practical. A marketing PhD will referee dozens of papers before ever publishing many, and learning to review well is the fastest route to understanding what separates a strong paper from a rejected one. We therefore move from the motivation for reviewing, to the mechanics of the editorial pipeline, to the anatomy of a good referee report, to a statistical account of reviewer agreement and the noise inherent in the system. Throughout, the standard exemplar is the Journal of Marketing (JM), whose published review policy is unusually explicit; the principles transfer to the rest of the top-tier marketing journals (Chapter 1).1


68.1 Why Review

Refereeing is unpaid, anonymous, and invisible on a CV unless deliberately documented. Scholars nonetheless review for three self-interested reasons that align neatly with the field’s interest. The first is reciprocity: peer review is a commons. Every author consumes referee labor and is expected to supply it, and a field that under-supplies reviewing degrades the screening quality of every journal in it. The second is proximity to the frontier: a referee reads work months or years before it appears in print, and reviewing for a strong journal is the cheapest subscription to the research frontier that exists. The third is calibration: nothing teaches the difference between a publishable and an unpublishable paper faster than being forced to articulate, in writing and under an editor’s scrutiny, why a specific manuscript falls on one side of that line. The skills that make a good reviewer—identifying the contribution, stress-testing identification, separating fatal flaws from fixable ones—are exactly the skills that make a good author.

Because the labor is invisible, it must be made visible to count. Reviewing activity can be logged on services that verify referee reports with journals (for example by forwarding the journal’s acknowledgment email to a verification address), producing a citable record for promotion files and annual reviews. The mechanism matters less than the discipline of recording the work; an unrecorded review is a contribution the tenure committee never sees.



68.2 The Editorial Pipeline

A submission does not go straight to reviewers. It passes through a sequence of gates, each of which can terminate the process, and understanding that sequence demystifies both the long latencies authors experience and the points at which a paper is most likely to die. Figure 68.1 traces the path from submission to decision.
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Figure 68.1: The editorial pipeline at a top marketing journal. Each diamond is a gate at which the manuscript can exit; most attrition occurs at desk screening and at the first round of review.








The first two gates are administrative. Submissions are screened by software for plagiarism and for duplicate or concurrent submission, the latter being a serious ethical violation because it wastes scarce referee capacity across journals. A manuscript that clears these is read by the editor (or editor-in-chief) for suitability: is the topic in scope, is the contribution plausibly large enough, is the execution credible on its face? A large share of submissions never survive this gate—they are desk-rejected without external review—which is efficient for the system but is the single most common author experience at selective journals.

A suitable paper is assigned to an area editor or associate editor (AE), a domain specialist who owns the manuscript through the rest of the process. The AE selects two or three reviewers. Reviewer selection is not random: candidates are drawn from the paper’s own reference list (authors of cited work are, by construction, close to the topic), from the author’s suggested-reviewer list, from the AE’s personal knowledge of the subfield, from candidates who declined earlier invitations and suggested alternatives, from web search, and from the publisher’s reviewer database. This selection mechanism has a consequence worth stating plainly: reviewers are chosen for topical proximity, not for statistical representativeness, so the pool of opinions an author receives is a convenience sample of nearby experts, not a random draw from the field.

Reviewers return independent written reports, and the AE synthesizes them into a single recommendation for the editor. Synthesis is not vote counting. A paper is not rejected because two of three reviewers were negative; it is rejected because the AE and editor, reading the reports as arguments, judge the objections dispositive. We return to why vote counting is the wrong aggregation rule in Section 68.6.


68.2.1 Decisions and Turnaround

The editor’s decision falls into a small set of categories. An outright reject ends the relationship with the journal. An accept is rare on a first round. The common non-terminal outcome is a revise and resubmit (R&R), of which two flavors must be distinguished because authors routinely confuse them.




Table 68.1: First-round decision categories. The two R&R variants share a label but differ in whether the revision re-enters with the original referees or starts over.











	Outcome
	Treated as
	Returns to
	Author expectation





	Accept
	Final
	Production
	Rare on round 1



	Reject
	Final
	—
	Most common at selective journals



	Revise & resubmit (revise)
	Continuation
	Same reviewers
	Address numbered points; reasonable odds



	Reject & resubmit
	New submission
	New reviewers
	Fresh clock, fresh referees, no continuity










The distinction in Table 68.1 is consequential. A revise-and-resubmit returns to the same reviewers, who will check whether their numbered concerns were addressed; continuity of referees rewards a disciplined, point-by-point response. A reject-and-resubmit is administratively a new paper—it resets the clock and is sent to a new set of reviewers—so the prior reports are guidance, not a binding contract, and the author cannot assume the new panel shares the old panel’s priorities. Turnaround norms at top journals target roughly three weeks for a reviewer to return a report after accepting the invitation and on the order of two weeks for the AE to synthesize, with the full first round commonly completing within about three months. Critically, an invited reviewer should decline promptly if unable to serve: a slow non-answer is more damaging to an author than a fast decline, because it delays reassignment.




68.3 What a Manuscript Must Deliver

Before turning to how a review is written, it helps to fix the bar a manuscript is held to. The published criteria at JM reduce to three properties a publishable article must simultaneously possess.


A publishable article offers new knowledge, addresses real-world marketing topics and problems of relevance to identifiable stakeholders, and exhibits validity—a good approximation of the truth.



These three—novelty, relevance, validity—are not independently sufficient. A methodologically flawless paper that tells the field nothing new fails on novelty; a novel and rigorous paper about a phenomenon no stakeholder cares about fails on relevance; a novel and important paper whose inference does not survive scrutiny fails on validity, which is usually fatal because validity, unlike novelty or relevance, cannot be repaired by reframing. Much of what a reviewer does is to locate which of these three a paper is weakest on and judge whether the weakness is fixable within a revision cycle.



68.4 The Process Reviewers Are Held To

The author is not the only party under evaluation; the review itself is held to standards, and an AE who receives a careless or unfair report will discount it. Table 68.2 collects the properties a competent review must satisfy. These are obligations on the referee, not on the manuscript.




Table 68.2: Standards the review process imposes on reviewers (JM editorial practice).









	Standard
	What it requires of the reviewer





	Fairness
	Judge the paper the authors wrote, against its stated objective



	Competence
	Possess reasonable domain knowledge for the claims at issue



	Independence
	Disclose and recuse on conflicts of interest



	Consistency
	Weigh interest, empirical rigor, conceptual rigor, relevance, constructiveness, and tolerance for risk



	Non-vote-counting
	Supply arguments, not a verdict count, for the AE to weigh



	Responsibility
	Respect the original objective, explain fatal flaws explicitly, preserve confidentiality



	Timeliness
	Reviewers ~3 weeks post-acceptance; AEs ~2 weeks to synthesize



	Roadmap
	Tell the author what a successful revision would look like










Two of these deserve emphasis because they are the most often violated. Consistency means a reviewer should reward risk-taking: a paper that attempts something hard and important and partly succeeds can be a larger contribution than a paper that executes a small, safe question flawlessly, and a review that mechanically penalizes ambition starves the field of its most valuable submissions. Responsibility means that when a reviewer believes a flaw is fatal, the report must explain why, in enough detail that the author understands the objection rather than merely the verdict; an unexplained rejection is a failure of the reviewer, not a service to the field. The combination of these standards with a roadmap—an explicit statement of what a successful revision would contain—is what converts a review from a judgment into a constructive instrument.



68.5 Anatomy of a Referee Report

A good report is short, numbered, and organized so the AE can extract a recommendation and the author can extract a to-do list. The conventional length is about two single-spaced pages, and comments are numbered so that author and editor can reference them precisely in correspondence. Figure 68.2 shows the canonical structure, which mirrors the three-paragraph template many editors recommend: contextualize, evaluate, then enumerate issues.
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Figure 68.2: Canonical structure of a referee report. The synopsis and contribution assessment frame the review; the numbered comments, separated into major and minor, carry the actionable content.








The opening paragraph contextualizes the research, conveys the key message of the paper in the reviewer’s own words, and notes what was done well. Restating the paper’s thesis is not a courtesy; it lets the author and editor verify that the reviewer understood the contribution before critiquing it, and a reviewer who cannot summarize the paper accurately has forfeited the authority to reject it. The middle of the report evaluates the work along the dimensions the field cares about: is the paper well written, interesting, and important; are the methods, data, and design appropriate; and—the decisive empirical question—does the data support the findings? The body then enumerates issues, and the most useful reports separate the major comments (factual errors, invalid arguments, identification problems, claims unsupported by the evidence) from minor ones (exposition, length relative to the journal’s norms, missing references), and pair each major objection with a path to improvement wherever one exists.

The distinction between major and minor is not cosmetic. An AE reading three reports needs to know which objections are dispositive and which are polish, and a report that buries a fatal identification problem in a list of typographical corrections has failed to communicate its own conclusion. The closing of a strong report is the roadmap from Table 68.2: a concrete statement of what the authors would have to demonstrate for the reviewer to change a negative recommendation to a positive one.



68.6 Reviewing as Measurement

Peer review is, formally, a measurement procedure: several raters observe the same object (the manuscript) and emit ordinal judgments, and the system aggregates those judgments into a decision. Viewing it this way makes precise why vote counting is the wrong aggregation rule and why even a well-run process is noisy.

Let a manuscript ii have an unobserved latent quality qi∈ℝq_i \in \mathbb{R}. Reviewer jj does not observe qiq_i; she observes a noisy signal and reports a rating rij=qi+bj+εij,(68.1)
r_{ij} = q_i + b_j + \varepsilon_{ij},
 \qquad(68.1) where bjb_j is reviewer jj’s systematic leniency or severity (a fixed rater effect) and εij\varepsilon_{ij} is idiosyncratic noise with variance σε2\sigma^2_\varepsilon. Equation Equation 68.1 is the linear measurement model that underlies every reliability statistic below. Two features of real review panels map directly onto its terms. First, reviewers differ in severity bjb_j—some referees reject almost everything—so a paper’s fate depends partly on the luck of the draw in Figure 68.1. Second, because reviewers are selected for topical proximity rather than at random, their errors εij\varepsilon_{ij} need not be independent: two referees from the same methodological camp may share a blind spot, violating the independence that naive aggregation assumes.

This is precisely why synthesis is not vote counting. Under Equation 68.1, the AE’s task is to estimate qiq_i from the reports, and a count of “rejects” throws away exactly the information that distinguishes a severe reviewer’s reflexive negativity (bj≪0b_j \ll 0) from a substantive, dispositive objection (a genuinely low qiq_i). A reasoned synthesis reads the arguments—the content of εij\varepsilon_{ij}, in effect—and down-weights severity that is not backed by a defensible flaw. The formal model thus rationalizes the editorial insistence that recommendations carry arguments rather than verdicts.


68.6.1 Quantifying Agreement

How much do reviewers actually agree? For continuous or quasi-continuous ratings, the natural summary is the intraclass correlation coefficient (ICC), the share of total rating variance attributable to true between-manuscript differences rather than to rater effects and noise (Shrout and Fleiss 1979). Under Equation 68.1 with manuscript variance σq2\sigma^2_q, the single-rater reliability is ICC=σq2σq2+σb2+σε2,(68.2)
\text{ICC} = \frac{\sigma^2_q}{\sigma^2_q + \sigma^2_b + \sigma^2_\varepsilon},
 \qquad(68.2) which falls toward zero as rater severity (σb2\sigma^2_b) and idiosyncratic noise (σε2\sigma^2_\varepsilon) swamp the genuine quality signal. Equation Equation 68.2 also explains why journals assign multiple reviewers: averaging mm independent reports reduces the noise term to σε2/m\sigma^2_\varepsilon/m, so the reliability of the mean rating rises with the panel size—the Spearman–Brown logic—provided the errors really are independent, which the selection mechanism above puts in doubt.

For categorical verdicts (accept / R&R / reject), agreement is measured by Cohen’s κ\kappa, which corrects the raw proportion of agreement for the agreement expected by chance (Cohen 1960). With observed agreement pop_o and chance agreement pep_e, κ=po−pe1−pe,(68.3)
\kappa = \frac{p_o - p_e}{1 - p_e},
 \qquad(68.3) so κ=1\kappa = 1 denotes perfect agreement, κ=0\kappa = 0 denotes agreement no better than chance, and negative values denote systematic disagreement. The conventional benchmarks for interpreting κ\kappa come from Landis and Koch (1977): values in [0.21,0.40][0.21,
0.40] are “fair,” [0.41,0.60][0.41, 0.60] “moderate,” [0.61,0.80][0.61, 0.80] “substantial.” Empirical studies of peer review across fields routinely land in the fair-to-moderate range, which is sobering: it means the categorical verdict on a borderline paper carries real stochastic content, and the decision an author receives is one draw from a distribution rather than a deterministic reading of merit.



68.6.2 A Worked Example

The code below simulates the measurement model in Equation 68.1 and reports both reliability statistics, making concrete how rater severity and noise erode agreement. We draw latent qualities for a set of manuscripts, add reviewer-specific severity and idiosyncratic noise, threshold the continuous ratings into accept/R&R/reject verdicts, and compute the ICC of the continuous scores and Cohen’s κ\kappa of the categorical verdicts for a pair of reviewers.


set.seed(42)

n_papers    <- 200          # manuscripts
n_reviewers <- 3            # reviewers per paper
sigma_q     <- 1.0          # SD of true manuscript quality
sigma_b     <- 0.6          # SD of reviewer severity (fixed rater effect)
sigma_e     <- 0.8          # SD of idiosyncratic rating noise

# True latent quality of each manuscript, and each reviewer's severity.
q <- rnorm(n_papers, mean = 0, sd = sigma_q)
b <- rnorm(n_reviewers, mean = 0, sd = sigma_b)

# Ratings r_ij = q_i + b_j + e_ij  (rows = papers, cols = reviewers)
ratings <- sapply(seq_len(n_reviewers), function(j) {
  q + b[j] + rnorm(n_papers, mean = 0, sd = sigma_e)
})

# --- ICC via a one-way variance decomposition (reliability of a single rater) ---
grand_mean  <- mean(ratings)
paper_means <- rowMeans(ratings)
ms_between  <- n_reviewers * sum((paper_means - grand_mean)^2) / (n_papers - 1)
ms_within   <- sum((ratings - paper_means)^2) / (n_papers * (n_reviewers - 1))
icc <- (ms_between - ms_within) /
       (ms_between + (n_reviewers - 1) * ms_within)

# --- Cohen's kappa on categorical verdicts for reviewers 1 and 2 ---
# Threshold continuous ratings into reject / R&R / accept.
to_verdict <- function(x) cut(x, breaks = c(-Inf, -0.5, 0.5, Inf),
                              labels = c("reject", "RnR", "accept"))
v1 <- to_verdict(ratings[, 1])
v2 <- to_verdict(ratings[, 2])

tab  <- table(v1, v2)
p_o  <- sum(diag(tab)) / sum(tab)                       # observed agreement
p_e  <- sum(rowSums(tab) * colSums(tab)) / sum(tab)^2   # chance agreement
kappa <- (p_o - p_e) / (1 - p_e)

cat(sprintf("Single-rater ICC: %.3f\n", icc))
#> Single-rater ICC: 0.301
cat(sprintf("Observed agreement (reviewers 1 & 2): %.3f\n", p_o))
#> Observed agreement (reviewers 1 & 2): 0.415
cat(sprintf("Cohen's kappa (reviewers 1 & 2):      %.3f\n", kappa))
#> Cohen's kappa (reviewers 1 & 2):      0.154




The simulation reproduces the empirical regularity: with realistic severity and noise, single-rater reliability is modest and categorical κ\kappa lands in the fair-to-moderate band of Landis and Koch (1977). Raising sigma_b or sigma_e relative to sigma_q drives both statistics toward zero, which is the formal statement of a familiar complaint—reviewing is noisier than authors wish—and the justification for the institutional responses that surround it: multiple reviewers to average down noise, an AE to discount severity, and the editor’s argument-weighing synthesis to recover signal that any single verdict discards.




68.7 Replication and Transparency

A measurement procedure is only as credible as the evidence it screens, and the top marketing journals have moved decisively toward research transparency: authors of empirical papers are increasingly required to deposit data and analysis code so that published results can be reproduced. From the reviewer’s standpoint this adds a verification task—do the supplied materials regenerate the reported numbers?— and from the field’s standpoint it raises the validity bar in Table 68.1 by making the third criterion, validity, externally checkable rather than taken on faith. Reviewers should treat a transparency package as part of the submission and weigh its completeness alongside the manuscript’s arguments.



68.8 The Credibility Revolution and Research Integrity

The transparency requirements above did not arise in a vacuum. They are the operational residue of roughly a decade of self-examination, often called the credibility revolution or the replication crisis, during which psychology, economics, and the quantitative social sciences (marketing among them) reconsidered how much of their published record they actually believed. For a reviewer this history is not a curiosity. It supplies the specific checklist of failure modes a referee is now expected to screen for, and it explains why the field added the institutional machinery (preregistration, registered reports, data deposit, forensic re-analysis) that surrounds the classical review process described above. This section maps that terrain. It begins with the evidence that the literature was less reliable than assumed, turns to the unresolved statistical debates the crisis reopened, then to the forensic methods and integrity cases that data transparency made possible, and closes with a neutral tour of the marketing-specific methodological disagreements a referee will encounter and should be able to frame fairly.


68.8.1 The Replication and Credibility Crisis

The intellectual spark is usually credited to Simmons, Nelson, and Simonsohn (2011), False-Positive Psychology, which showed by simulation and live demonstration that exploiting researcher degrees of freedom, the undisclosed choices about exclusions, conditions, covariates, and stopping rules that every analysis involves, can manufacture statistically significant support for essentially any hypothesis, driving the false-positive rate far above the nominal five percent even when no effect exists. The authors proposed disclosure remedies (the well-known “twenty-one-word solution”). Gelman and Loken (2014) sharpened the point with the metaphor of the garden of forking paths: a researcher need not consciously run many analyses to inflate error rates, because the single analysis actually run is contingent on the data observed, so the p-value is uninterpretable without a pre-specified plan. The disagreement here is not about whether the mechanism is real (it provably is) but about how much of the published literature it has actually contaminated and how aggressively the field should respond, a distinction worth preserving when a reviewer raises the concern.

The empirical question, how replicable is the literature, was addressed by large coordinated projects. The Open Science Collaboration (2015) replicated 100 psychology studies and found that roughly one-third to one-half met various replication criteria, with replication effect sizes about half the size of the originals. Camerer et al. (2018) replicated social-science experiments published in Nature and Science and successfully reproduced about thirteen of twenty-one, again with attenuated effects. A non-replication is ambiguous, however: it can mean the original was a false positive, or that the replication differed in some hidden but consequential way. The Many Labs projects (R. A. Klein et al. 2014, 2018) addressed this by running identical protocols across many sites, finding that most effects were robust across samples while a minority varied, evidence that contextual heterogeneity is real but does not by itself account for most non-replications. Figure 68.3 arranges these landmarks. The honest synthesis, which a reviewer can state as genuine convergence rather than as one camp’s opinion, is that replication rates sit materially below 100 percent and effect sizes shrink on replication, while the mix of causes remains debated.
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Figure 68.3: A timeline of the credibility revolution. The diagnostic work (forking paths, false positives) precedes the large replication audits, which in turn motivate the institutional reforms (preregistration, registered reports, open-data mandates) that now shape the review process.








If selective reporting and forking paths are the disease, preregistration (committing to hypotheses and analyses before seeing the data) and registered reports (peer review of the design before results are known, with in-principle acceptance) are the leading proposed cures (Nosek et al. 2018; Munafò et al. 2017). Registered reports relocate the review process itself: the referee evaluates the question and the design rather than the result, which removes the incentive to reverse-engineer a clean story from a messy dataset. Early outcome evidence is encouraging; Soderberg et al. (2021) found that registered reports scored higher on rigor and quality dimensions than comparison papers. The mature position is not that preregistration is mandatory for all work but that it disciplines confirmatory inference without displacing exploratory analysis, provided the exploratory portion is labeled honestly. The journal-level counterpart is the Transparency and Openness Promotion (TOP) framework (Nosek et al. 2015), which the data-deposit norms in the preceding section instantiate.



68.8.2 Statistical-Significance Debates

The crisis reopened a foundational and still-unresolved argument about statistical significance itself. The American Statistical Association took the unusual step of issuing a formal statement (Wasserstein and Lazar 2016) clarifying what a p-value is not: it is not the probability that the null hypothesis is true, and statistical significance is not practical importance. There is broad agreement on these negative claims and continued disagreement on what, if anything, should replace null-hypothesis significance testing; the ASA’s own follow-up (Wasserstein, Schirm, and Lazar 2019) surveyed the options and pointedly declined to endorse a single replacement.

Three reform proposals now compete, and a referee should recognize them as live rather than settled. The redefine camp (Benjamin et al. 2018) proposes lowering the default threshold for new discoveries from .05 to .005, treating the interval between as merely suggestive. The justify camp (Daniel Lakens et al. 2018) replies that no single threshold fits all contexts and that researchers should transparently justify the alpha they adopt given the costs of each kind of error. The abandon camp (Amrhein, Greenland, and McShane 2019; McShane et al. 2019), the last of which is led in part by a marketing and statistics scholar, argues for retiring the dichotomous significant-versus-not verdict entirely and treating p-values as one continuous piece of evidence among many. Table 68.3 summarizes the three positions. The accurate summary for the book is near-universal agreement that a bright-line p < .05 is misused, alongside genuine disagreement on the remedy.




Table 68.3: Three competing responses to the misuse of statistical significance. The field has not converged on a winner.










	Position
	Core proposal
	Representative work





	Redefine
	Lower the default discovery threshold to .005; .005–.05 is “suggestive”
	Benjamin et al. (2018)



	Justify
	No universal threshold; justify alpha from error costs and study goals
	Daniel Lakens et al. (2018)



	Abandon
	Retire the significant/not-significant dichotomy; treat p as continuous evidence
	Amrhein, Greenland, and McShane (2019); McShane et al. (2019)










Running underneath this is the longer-standing Bayesian versus frequentist question: whether to quantify evidence with p-values and confidence intervals or with posterior probabilities and Bayes factors. The Bayesian side (Rouder et al. 2009; Wagenmakers et al. 2018) emphasizes that Bayes factors can quantify evidence for a null hypothesis and sidestep several p-value pathologies, while the frequentist-reform side is well represented by the ASA materials above. Modern practice increasingly treats the two as complementary and reports both; the chapters on Bayesian modeling develop the machinery a reviewer would check.



68.8.3 Forensic Data Analysis and Integrity

Data transparency did more than let reviewers regenerate reported numbers; it enabled a class of forensic methods that probe published results for arithmetic and statistical impossibilities, and it made possible the independent re-analyses associated with the blog Data Colada. The methods matter more than any individual case, so we lead with the toolkit, summarized in 21.




Table 68.4: The forensic toolkit for screening published quantitative results. SPRITE, a related raw-data reconstruction method, circulates as a preprint and is cited here by lineage to GRIM rather than by a fabricated identifier.










	Tool
	What it checks
	Source





	p-curve
	Whether a set of significant findings reflects a real effect or selective reporting, from the distribution of significant p-values
	Simonsohn, Nelson, and Simmons (2014b)



	Specification-curve / multiverse
	Runs and displays all defensible analytic choices rather than one, exposing fragility
	Steegen et al. (2016); Simonsohn, Simmons, and Nelson (2020b)



	GRIM
	Whether a reported mean is arithmetically possible given the sample size and integer responses
	N. J. L. Brown and Heathers (2017)



	Excess-uniformity checks
	Whether improbable similarity across conditions signals fabricated data
	Simonsohn (2013)










P-curve (Simonsohn, Nelson, and Simmons 2014b) infers whether a body of significant findings reflects a genuine effect or selective reporting by examining the shape of the distribution of significant p-values. Specification-curve or multiverse analysis (Steegen et al. 2016; Simonsohn, Simmons, and Nelson 2020b) formalizes running and reporting all reasonable analytic specifications rather than a single favored one, so a reader can see whether a result depends on a particular defensible choice. GRIM (N. J. L. Brown and Heathers 2017) performs a deceptively simple arithmetic check: given a sample size and integer-valued responses, only certain means are possible, and a reported mean that is not on that list signals an error. And Simonsohn (2013) showed that excessive uniformity or improbable similarity across conditions can reveal fabricated data from the statistics alone, an argument for routine data posting. These are exactly the checks a transparency package now lets a referee, or a later reader, perform.

The remainder of this subsection describes a small number of prominent integrity cases. It does so in a deliberately measured, court-reporter register: every factual claim is anchored only to public records, namely retraction notices, official investigation outcomes, and dated published analyses. Where matters remain contested or are the subject of litigation, that is stated as such, and no allegation is asserted as settled fact. The pedagogical point is what the forensic methods and data transparency can reveal, not a verdict on any person.

Consider first the field-experiment literature on honesty pledges. A 2012 article in PNAS (Shu et al. 2012) reported that signing an honesty declaration before rather than after reporting information reduced dishonesty, using auto-insurance mileage data among other studies. In 2020 a registered set of replications co-authored by several of the original authors did not reproduce the effect (Kristal et al. 2020). In 2021, Data Colada published a post (post number 98, dated August 2021) reporting anomalies in the field-experiment data underlying the 2012 paper, and PNAS subsequently published a retraction of the article (Proceedings of the National Academy of Sciences 2021). The accurate public-record summary is therefore: the 2012 article was retracted in 2021; a replication by several of the original authors had failed to reproduce the effect; and an independent analysis reported anomalies in the underlying field data. Public reporting has attributed the questioned data to a particular source, but because responsibility is contested and related matters have touched litigation, the book assigns no blame.

A second sequence concerns several papers co-authored by one researcher. A 2015 article in Psychological Science (Gino, Kouchaki, and Galinsky 2015) was retracted in 2023, a fact recorded in the journal’s published retraction notice (Psychological Science 2023). In 2023 Data Colada published a four-part series (“Data Falsificada,” posts 109 through 112) reporting anomalies across several co-authored papers; the relevant institution conducted an internal investigation, and several papers were retracted. Defamation litigation related to these allegations has been reported in public sources, and elements remain contested. The book states only that the matter has been the subject of litigation and that the allegations remain contested, without characterizing the merits. The durable lesson for a reviewer is structural rather than personal: arithmetic checks like GRIM, distributional checks like p-curve, and above all the routine posting of raw data are what make independent verification possible, which is precisely why the transparency requirements in the preceding section have teeth.



68.8.4 A Tour of Marketing’s Methodological Debates

A marketing referee evaluates work across an unusually wide methodological range, and several long-running debates recur often enough that a reviewer should be able to frame each one neutrally, recognizing both the contribution and its standard critique rather than mechanically penalizing a method some camp dislikes. Each debate below is stated in two or three sentences and forwarded to the chapter where it properly lives; the home chapters develop them in full.

Structural versus reduced-form modeling. Should a study estimate the primitives of a behavioral or economic model (structural), enabling counterfactual and welfare simulation, or prioritize clean identification of a specific causal effect through design and quasi-experiment (reduced-form)? The economics credibility revolution (Angrist and Pischke 2010) sharpened design-based inference, while structural advocates (P. Chintagunta et al. 2006) argue structural models answer policy questions reduced-form cannot, with internal cautions on both sides about weak instruments (Rossi 2014a) and undisciplined structural assumptions (Mazzeo et al. 2006). The causal-inference and structural-modeling chapters develop the trade-off.

Formative versus reflective measurement. In reflective measurement the latent construct causes its indicators; in formative measurement the indicators compose the construct, so dropping one changes its meaning, and misspecifying the direction biases structural estimates (K. Bollen and Lennox 1991; Jarvis, MacKenzie, and Podsakoff 2003; Diamantopoulos, Riefler, and Roth 2008). A skeptical strand questions whether formative “constructs” are latent variables at all and proposes content-validity-first alternatives (Rossiter 2002). This debate is developed where constructs and variables are distinguished (1) and in the measurement-scales chapter.

The PLS-SEM controversy. Partial Least Squares path modeling is popular in some marketing subfields and distrusted in others; critics argue it lacks a true latent-variable model and yields biased estimates with unreliable fit heuristics (Rönkkö and Evermann 2013), while proponents reply that the critiques target outdated versions and that PLS suits prediction-oriented, formative, and small-sample work (Henseler et al. 2014). This is an unusually clean critique-plus-rejoinder exchange in one journal, developed in the structural-models chapter.

Measuring advertising returns. Can observational attribution methods recover the causal effect of advertising on sales, or are large randomized experiments effectively required? Evidence that ad effects are tiny relative to sales variance (Lewis and Rao 2015), that brand-keyword paid search delivered near-zero incremental value in a large field experiment (Blake, Nosko, and Tadelis 2015), and that observational methods diverge substantially from experimental benchmarks (Gordon, Zettelmeyer, et al. 2019a) pushes toward experiments for incrementality, while attribution modeling (H. (Alice). Li and Kannan 2014a; Berman 2018) remains useful for allocation under stated assumptions. The advertising and causal-inference chapters develop the convergence.

The nudge-effectiveness debate. How large and reliable are choice-architecture “nudge” effects in aggregate? A 2021 meta-analysis reported a moderate positive average effect (Mertens et al. 2022), while reanalyses argued that the effect is not distinguishable from zero once publication bias is modeled (Maier et al. 2022) and that heterogeneity precludes expecting uniform effects (Szaszi et al. 2022). This is as much a dispute about meta-analytic method as about nudges, and it is developed in the nudges chapter.

Mediation-analysis critiques. Bootstrap and Baron-Kenny-style mediation from observational designs is ubiquitous in consumer research, but critics argue that without experimental manipulation of the mediator a mediation claim is causally unidentified (Bullock, Green, and Ha 2010), while a constructive-reform position urges better practice (manipulated mediators, moderation-of-process, sensitivity analysis) rather than abandonment (Pieters 2017). The causal-inference chapter develops the identification requirements.

The common-method-bias debate. When predictor and outcome come from the same respondent at one time, shared method can inflate observed correlations; one position catalogs this as a serious, pervasive threat requiring design and statistical remedies (Podsakoff et al. 2003), while another argues the blanket assumption is overstated and that some popular post-hoc corrections do more harm than good (Spector 2006). The surveys and measurement-scales chapters develop the practical safeguards.

Online-panel and MTurk data quality. Crowdsourced samples democratized data collection but raised concerns about non-naivete, inattentive responding, and bots; early validations argued the data are reliable and diverse (Buhrmester, Kwang, and Gosling 2011; Paolacci and Chandler 2014), later work documented worker non-naivete (Chandler, Mueller, and Paolacci 2014), and a recent exchange disputes whether alarming invalid-response rates reflect inherent platform failure (Webb and Tangney 2022) or remediable design and screening choices (Keith and McKay 2024). The surveys and data chapters develop the concrete safeguards (attention checks, geolocation and bot screening, preregistered exclusion rules).




68.9 Key Takeaways


	Reviewing is reciprocal labor that also buys proximity to the frontier and calibration about what makes a paper publishable; record it so it counts.

	The editorial pipeline (Figure 68.1) is a sequence of gates—plagiarism and duplicate checks, editor suitability screening, AE assignment, reviewer synthesis—and most attrition happens at desk screening and the first round.

	A publishable paper must simultaneously offer novelty, relevance, and validity; validity failures are usually fatal because they cannot be reframed away.

	A good report is short, numbered, separates major from minor comments, and closes with a roadmap; it supplies arguments, never a verdict count.

	Review is a measurement problem (Equation 68.1): rater severity and noise make verdicts stochastic, single-rater reliability (Equation 68.2) modest, and categorical agreement (Equation 68.3) typically only fair-to-moderate—which is exactly why journals use multiple reviewers and an argument-weighing editor rather than a vote.

	The credibility revolution (Section 68.8) supplies the modern referee’s failure-mode checklist: forking paths and researcher degrees of freedom inflate false positives, replication rates sit below 100 percent (Figure 68.3), the significance debate (Table 68.3) remains unresolved, and forensic tools

	plus open data are what make independent verification, and the integrity record, possible.












1. The Journal of Marketing documents its review philosophy and its data-transparency requirements in publicly posted editorial statements. The norms described here—turnaround targets, the criteria reviewers weigh, the structure of a report—are paraphrased from those statements and from the broader editorial practice of the marketing top-4 (JM, JMR, Marketing Science, Journal of Consumer Research).





69 Reporting Research Results

A research result that no one can read, reuse, or act on is not yet a result; it is private knowledge. Reporting is the discipline that converts an estimate, a test, or a model into an object that a reader can evaluate and a decision-maker can use. This chapter treats reporting as a first-class methodological problem rather than a clerical afterthought. The choices made here—which numbers reach a table, how an effect is drawn, what is held back, how the whole pipeline can be re-run—determine whether a finding survives scrutiny and whether it changes behavior. Two audiences read marketing research and they read it differently: a scholarly audience that wants identification, uncertainty, and the means to replicate, and a managerial audience that wants a decision, its expected payoff, and the risk of being wrong. A good report serves both without lying to either.

The chapter proceeds from substance to surface. It first fixes the object of communication—an estimate together with its uncertainty—and the principle that governs all honest reporting: show the reader enough to second-guess you. It then treats the two workhorses of static communication, tables and figures, formally enough to say when each is the right instrument and what makes one misleading. From there it builds the case for reproducible reporting, where the document and the computation are one artifact, and gives runnable machinery for it. It contrasts the academic and managerial registers, which differ not in honesty but in what they foreground. It closes with dashboards—live, interactive reporting—and the metric-governance problems they create, because a number shown continuously to a manager is a number that will be optimized, sometimes against the firm’s interest.


69.1 What Reporting Communicates

The atomic unit of a quantitative report is not a number but an estimate with its uncertainty. Let θ\theta be a population quantity of interest—an elasticity, a treatment effect, a market share, a lift. An estimator θ̂\hat\theta computed from data is a random variable; a single report of θ̂\hat\theta alone is therefore incomplete, because it suppresses the sampling distribution that tells the reader how seriously to take it. The minimal honest report is the triple

(θ̂,sê(θ̂),the model and data that produced them),(69.1)
\bigl(\hat\theta,\ \widehat{\operatorname{se}}(\hat\theta),\ \text{the model and data that produced them}\bigr),
 \qquad(69.1)

from which a reader can reconstruct confidence intervals, test statistics, and— crucially—decide whether the precision is adequate for their decision, which is rarely the author’s decision. Reporting only θ̂\hat\theta invites the reader to treat noise as signal; reporting only a pp-value invites them to treat “significant” as “large,” a confusion the field has spent two decades trying to unlearn.1 The governing principle is sufficiency for second-guessing: a report should contain enough for a competent skeptic to redo the inference, vary the assumptions, and reach their own verdict.

This reframing has an immediate consequence for what belongs in a report. Three quantities travel together and should be reported together: a point estimate (the best single guess), a measure of dispersion (standard error, posterior standard deviation, or interval), and a specification (the estimator, the controls, the sample). A fourth—an economic translation of the estimate into units the audience cares about (dollars, share points, conversions) —is what separates a report that informs from one that merely records. The managerial value of marketing research rests on making that translation explicit and defensible (Hanssens and Pauwels 2016).


A statistical analysis, properly conducted, is a delicate dissection of uncertainties, a surgery of suppositions. The motto of the statistician should be de omnibus dubitandum—everything is to be doubted. Reporting is where that doubt is made visible to the reader rather than hidden from them.

— after the spirit of the exploratory-data-analysis tradition 




69.1.1 The Two-Audience Problem, Formalized

Reporting is a communication channel, and like any channel it has a sender, a message, and a receiver who decodes under noise (Chapter 23 develops the marketing–finance translation; the information-theoretic framing recurs in the diffusion and word-of-mouth literatures). The sender (the researcher) holds a posterior over θ\theta; the receiver (reader) holds a prior and a loss function that prices the consequences of acting on a wrong belief. The two canonical receivers price errors differently:


	The scholarly receiver is loss-averse over false claims. The cost of asserting an effect that is not there (a Type I error that enters the literature) is high and durable, because others will build on it. This receiver wants conservative inference, full disclosure of researcher degrees of freedom, and replicability—precisely so the channel does not transmit noise as if it were signal.

	The managerial receiver is loss-averse over bad decisions. The cost is the expected regret of choosing the wrong action under the estimate, integrated over the estimate’s uncertainty. This receiver may rationally act on a noisy estimate if the downside of inaction is worse, and wants the estimate translated into the decision’s own currency.



These are different loss functions, not different standards of honesty. The same (θ̂,sê)(\hat\theta, \widehat{\operatorname{se}}) feeds both; what changes is what is foregrounded and what is relegated to an appendix. A report that confuses the two—burying the decision under robustness tables for a manager, or suppressing identification concerns to impress a manager—fails the audience it was written for. The sophistication of marketing research has risen precisely as the field learned to hold rigor and relevance simultaneously rather than trading one for the other (Lehmann, McAlister, and Staelin 2011).




69.2 Tables and Figures

Tables and figures are the two static encodings of quantitative results, and they are not interchangeable. The operative distinction is between lookup and comparison. A table is a lookup structure: it preserves exact values and lets a reader retrieve a specific number (“what was the coefficient on price?”). A figure is a comparison structure: it maps numbers to position, length, or color so the reader’s visual system can perceive relations—trends, gaps, interactions— that a table forces them to compute by hand. The design rule follows directly: use a table when the reader needs values; use a figure when the reader needs to see a pattern.


69.2.1 When a Table

A table is the right instrument when (i) exact magnitudes matter and will be quoted or recomputed, (ii) the entries are heterogeneous in kind (estimates, standard errors, fit statistics, sample sizes) and cannot share a single visual scale, or (iii) the number of items is small enough that the eye can scan them. Regression results are the paradigm case: a reader needs the coefficient, its standard error, and the model’s fit, to four meaningful digits, in a form they can transcribe. The canonical estimation table reports, for each specification, the coefficient vector 𝛃̂\hat{\boldsymbol\beta}, dispersion beneath each estimate, and goodness-of-fit at the foot, with specifications across columns so the reader can trace how an estimate moves as controls are added—the single most informative robustness display, because a coefficient that swings when a plausible control enters is a coefficient that is not identified.

A table also imposes obligations. Precision should be meaningful, not maximal: reporting eight digits of a quantity estimated to two is a form of false confidence, and rounding to the precision the data support is itself an honesty requirement. Units, sample size, and the estimation window belong in the caption or notes, not in the reader’s memory. And tables in a published artifact must be generated by code, never typed, because a hand-transcribed table is a table with an unverifiable error rate.

The example below fits two nested specifications and renders a publication-style comparison table directly from the model objects, so the printed numbers are, by construction, the numbers the model produced.


library(dplyr)
library(broom)
library(knitr)
library(kableExtra)
set.seed(43)

# Simulated brand-choice-style data: price, a loyalty cue, and a promotion flag.
n <- 600
promo   <- rbinom(n, 1, 0.4)
loyalty <- rnorm(n)
price   <- 3 + 0.5 * promo + rnorm(n, sd = 0.4)        # promos lower observed price below
# True data-generating process for log-sales:
log_sales <- 6 - 1.2 * price + 0.8 * loyalty + 0.5 * promo + rnorm(n, sd = 0.5)
dat <- data.frame(log_sales, price, loyalty, promo = factor(promo))

m1 <- lm(log_sales ~ price, data = dat)
m2 <- lm(log_sales ~ price + loyalty + promo, data = dat)





fmt <- function(model, label) {
  # Keep cells plain text: the book renders to HTML, PDF, and EPUB from one
  # execution, so HTML-only markup (e.g., <br>) would leak into LaTeX.
  # "(Intercept)" is renamed because booktabs' \midrule treats a row that
  # begins with a literal "(" as a malformed trim spec, breaking the PDF.
  tidy(model) |>
    transmute(term = sub("^\\(Intercept\\)$", "Intercept", term),
              !!label := sprintf("%.3f (%.3f)", estimate, std.error))
}
tab <- full_join(fmt(m1, "Sparse"), fmt(m2, "Full"), by = "term")
gof <- tibble(term = "Adj. R-squared",
              Sparse = sprintf("%.3f", summary(m1)$adj.r.squared),
              Full   = sprintf("%.3f", summary(m2)$adj.r.squared))
bind_rows(tab, gof) |>
  kable(escape = FALSE, align = "lrr",
        caption = "Log-sales regressions. Standard errors in parentheses. Adding the loyalty cue and promotion control shifts the price coefficient, the first thing a careful reader checks.") |>
  kable_styling(full_width = FALSE)




Log-sales regressions. Standard errors in parentheses. Adding the loyalty cue and promotion control shifts the price coefficient, the first thing a careful reader checks.


	term
	Sparse
	Full





	Intercept
	5.073 (0.270)
	5.878 (0.163)



	price
	-0.852 (0.083)
	-1.164 (0.054)



	loyalty
	NA
	0.774 (0.021)



	promo1
	NA
	0.485 (0.051)



	Adj. R-squared
	0.147
	0.752









Notice what the two-column layout buys: the price coefficient is visible before and after controls enter, and its stability (or movement) is the report’s most honest robustness signal—far more informative than any single starred number.



69.2.2 When a Figure

A figure is the right instrument when the message is a relationship: a trend over time, a dose–response curve, an interaction, a distribution, an uncertainty band. The reason is perceptual. Position along a common scale is the visual encoding humans judge most accurately; length and angle are next; area, color saturation, and hue are progressively less accurate.2 A figure that encodes its key comparison as position on a shared axis lets the reader perceive the result; one that encodes it as color or area forces them to estimate, badly. The design corollary is that the variable carrying the result should be encoded by position, and decoration that competes for that channel should be removed.

Three failure modes recur and each has a name and a fix. A truncated axis— starting a bar chart’s value axis above zero—exaggerates differences by mapping a small ratio onto a large length; bars must baseline at zero because their meaning is length. Overplotting—thousands of points collapsing into an ink blob—hides the distribution it purports to show; the fix is transparency, binning, or a density encoding. Uncertainty erasure—drawing a point estimate as a clean line with no band—is the graphical analogue of reporting θ̂\hat\theta without sê(θ̂)\widehat{\operatorname{se}}(\hat\theta), and is arguably the most common dishonesty in applied figures, because a clean line feels certain. The honest default is to draw the interval, not just the estimate.

The figure below makes the last point operational. It plots the model-implied relationship between price and log-sales together with a 95% confidence band, so the reader sees both the estimated slope and how well-pinned it is.


library(ggplot2)
grid <- data.frame(price = seq(min(dat$price), max(dat$price), length.out = 100),
                   loyalty = 0, promo = factor(0, levels = c(0, 1)))
pred <- predict(m2, newdata = grid, interval = "confidence")
grid <- cbind(grid, pred)

ggplot(grid, aes(price, fit)) +
  geom_ribbon(aes(ymin = lwr, ymax = upr), alpha = 0.2) +
  geom_line(linewidth = 1) +
  geom_point(data = dat, aes(price, log_sales), alpha = 0.15, inherit.aes = FALSE) +
  labs(x = "Price", y = "Log-sales (predicted)") +
  theme_minimal(base_size = 12)
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Figure 69.1: Model-implied price response with a 95% confidence band. The band, not the line, is the honest object: it shows the reader how precisely the slope is identified.










69.2.3 Choosing Between Them

The choice is not stylistic but functional, and it can be stated as a short decision rule. The table below contrasts the two instruments on the dimensions that actually decide the call.





Table 69.1: Tables versus figures: the choice follows from what the reader must do with the result.






	Dimension
	Table
	Figure





	Reader's task
	Look up a value
	See a relationship



	Encodes
	Symbols (digits)
	Position, length, color



	Best when
	Few heterogeneous numbers
	Many values or a trend



	Exact values
	Preserved
	Approximate



	Patterns/interactions
	Reader must compute
	Perceived directly



	Failure mode
	False precision; hand-typed errors
	Truncated axis; hidden uncertainty














A useful heuristic: if you find yourself asking the reader to compare across rows or columns of a table, the comparison wants to be a figure; if you find yourself annotating a figure with exact numbers the reader will quote, those numbers want to be a table. Many reports need both—a figure for the pattern, a table in the appendix for the values—and that redundancy is a feature, because it serves the two audiences at once.




69.3 Reproducible Reporting

The deepest reporting failure is not a bad table or a misleading axis; it is a result no one can regenerate, including its author six months later. Reproducible reporting is the practice of binding the narrative (prose, tables, figures) to the computation (data, code, environment) in a single executable artifact, so that the reported numbers are produced by running the document rather than pasted into it. Formally, let a report be a function

R=f(D,C,E),(69.2)
R = f(D, C, E),
 \qquad(69.2)

where DD is the data, CC the analysis code, EE the computational environment (language and package versions, seeds), and ff the build process. A report is reproducible when re-evaluating ff on the same (D,C,E)(D, C, E) returns a byte-identical RR, and robust when small, defensible perturbations to CC or EE leave the substantive conclusions intact. The two are distinct: reproducibility is about the pipeline, robustness about the science. A result can be perfectly reproducible and entirely fragile.

This framing dissolves a category of error that copy-and-paste workflows make nearly inevitable: the transcription gap, where the number in the manuscript no longer matches the number the code produces because the data updated, the model changed, or a digit was mistyped. In a literate-programming workflow—the model this book is written in, where prose and {r}/{python} chunks live in one .qmd file and the build executes the code to insert results—the transcription gap cannot open, because there is no transcription. Marketing’s move into data-rich, code-intensive analysis makes this non-negotiable: when the analysis is a pipeline of joins, models, and simulations, the only credible report is one the pipeline emits (Wedel and Kannan 2016).

Figure 69.2 lays out the dependency structure such a pipeline must make explicit and re-runnable.
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Figure 69.2: A reproducible reporting pipeline. Each artifact depends only on declared inputs; re-running from raw data regenerates every downstream table and figure, closing the transcription gap.









69.3.1 The Pillars of Reproducibility

Four practices make Equation 69.2 hold in practice, and each closes a specific leak.

Determinism. Every stochastic step is seeded (set.seed() in R, an explicit RNG seed elsewhere), so that simulations, bootstraps, cross-validation splits, and posterior draws return the same values on re-run. Without seeding, ff is not a function and reproducibility is impossible by definition. Every stochastic example in this book is seeded for exactly this reason.

Immutable raw data and scripted transformation. Raw data is never edited in place; all cleaning is code that reads raw inputs and writes derived outputs, so the path from source to analysis dataset is auditable and re-runnable. The analysis dataset becomes a computed artifact, not a hand-curated one.

Environment capture. The language and package versions are recorded (a lockfile, a container, or at minimum a sessionInfo() printed in the appendix), because the same code can give different numbers under different versions. The environment EE in Equation 69.2 is part of the report, not background.

Single-source build. The document and the computation are one file; rendering is re-running. This is the practice that eliminates the transcription gap outright rather than merely policing it.

The minimal, self-contained reproducibility footer below records seed and environment so a reader can reconstruct EE. It is deliberately boring; that is the point.


set.seed(43)            # determinism: re-runs reproduce every stochastic result
cat("R version:", R.version.string, "\n")
#> R version: R version 4.4.3 (2025-02-28 ucrt)
cat("Key packages:\n")
#> Key packages:
for (p in c("dplyr", "ggplot2", "broom")) {
  if (requireNamespace(p, quietly = TRUE))
    cat(sprintf("  %-8s %s\n", p, as.character(packageVersion(p))))
}
#>   dplyr    1.1.4
#>   ggplot2  4.0.0
#>   broom    1.0.10




A subtle but consequential point: reproducibility is a precondition for, not a guarantee of, credibility. A reproducible analysis can still be overfit to researcher degrees of freedom—the many defensible choices of sample, controls, and functional form that, searched over, manufacture significance. The honest defense is to report the specification curve or multiverse: the distribution of the estimate across the reasonable analytic choices, so the reader sees whether the result is a robust feature of the data or an artifact of one path through it. Reproducibility makes the multiverse cheap to compute; reporting it is what turns reproducibility into credibility.




69.4 Academic versus Managerial Reporting

The same study, honestly reported, looks different to the two audiences because they price errors differently (the formalization in Chapter 69’s two-audience discussion above). The differences are systematic enough to tabulate, and the tabulation is itself a reporting decision: it tells an author what to foreground.





Table 69.2: Academic and managerial registers differ in foregrounding, not in honesty. The same estimate and its uncertainty feed both reports.






	Element
	Academic
	Managerial





	Primary question
	Is the effect real and why?
	What should we do, and what is the payoff?



	What leads
	Theory and contribution
	The decision and its $ impact



	Uncertainty
	Intervals, tests, full disclosure
	Risk of the recommended action



	Identification
	Foregrounded and defended
	Stated as a caveat, not derived



	Effect units
	Standardized / elasticities
	Dollars, share points, conversions



	Robustness
	Extensive, in-text
	Summarized; details on request



	Length
	Long; appendices expected
	Short; one-page summary first



	Success criterion
	Survives peer review & replication
	Changes a decision; ROI realized














The managerial register inverts the academic document’s structure. An academic paper builds to its contribution: motivation, theory, data, identification, results, robustness, then implications. A managerial report leads with the answer—the recommendation and its expected return—and relegates method to an appendix, following the inverted-pyramid logic that the busiest reader should extract the decision from the first paragraph. This is not dumbing down; it is re-sequencing for a different loss function. The discipline of translating an estimate into a decision with a quantified payoff is exactly what gives marketing research standing in the firm, and its absence is why analytically sound work so often fails to move resources (Hanssens and Pauwels 2016). The presence of a senior marketing voice in the firm measurably improves performance, which raises the stakes of reporting in a register that voice can use (Germann, Ebbes, and Grewal 2015).

Three translation errors recur when crossing the academic–managerial boundary, and each has a discipline-specific antidote.

First, statistical significance is reported as managerial importance. A precisely estimated but tiny elasticity is “significant” and irrelevant; the managerial report must state the effect in decision units and let the manager judge materiality. Second, a metric is reported without its construct validity. Many managerial dashboards rest on accounting approximations that do not measure what they claim—Tobin’s qq proxies and similar shortcuts can mislead precisely because they are reported as if they were the construct of interest, when they are noisy, biased stand-ins for it (Bendle and Butt 2018b, 2018a). Reporting the proxy without flagging the gap transmits a measurement error as a managerial fact. Third, correlation is reported as a lever. A managerial recommendation implicitly claims that acting on a variable will move the outcome—a causal claim—so a report that recommends action on the basis of a correlational estimate must say so plainly and price the risk that the relationship is not causal. The honest managerial report does not hide the identification problem; it states it as the risk attached to the recommendation.



69.5 Dashboards

A dashboard is reporting made continuous and interactive: a live interface that renders current values of a fixed set of metrics, refreshed as data arrives, and typically lets the user filter or drill down. Where a static report answers a question once, a dashboard answers a standing question repeatedly, which changes both its value and its hazards. Its value is monitoring—detecting when a metric leaves its expected range fast enough to act. Its hazard is optimization pressure: a number shown continuously to people whose performance is judged by it will be moved, and not always by improving the underlying reality.

The design problem is to choose a small set of metrics that are decision-relevant, timely, and jointly hard to game, and to present each with enough context that a value is interpretable on sight. A bare number (“conversion: 3.2%”) is nearly useless; the same number against a target, a trend, and a confidence band is a decision input. The reporting principle from Equation 69.1 survives the move to real time: a live point estimate without a sense of its variability invites the user to chase noise, mistaking the ordinary jitter of a ratio for a signal worth acting on.

Figure 69.3 sketches the layering that distinguishes a dashboard from a wall of numbers.
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Figure 69.3: Anatomy of a decision-oriented dashboard. Each tier narrows attention: from raw streams, to a few governed metrics, to the small set that triggers action when out of range.









69.5.1 The Metric-Governance Problem

The defining risk of dashboards is captured by a regularity old enough to be folklore and sharp enough to be a design constraint:


When a measure becomes a target, it ceases to be a good measure.

— Goodhart’s law, as commonly stated 



The mechanism is mundane. A metric is a proxy for an unobserved goal; agents optimize the proxy; the gap between proxy and goal widens exactly where the incentive bites. A dashboard that surfaces “leads generated” will produce more leads, of falling quality; one that surfaces “average review rating” will produce review-solicitation tactics that move the rating without moving satisfaction. The defense is not to hide metrics but to govern them: pair every gameable metric with a guardrail metric that moves in the opposite direction under gaming (leads and lead-to-sale conversion; rating and response rate), so that gaming is visible in the pairing. Reporting metrics in tension, not in isolation, is the dashboard analogue of reporting an estimate with its uncertainty—both refuse to let a single number stand unchallenged.

Three further governance practices keep a dashboard honest. Definitions are owned and versioned: every metric has a single documented definition and a person accountable for it, because the most common dashboard failure is two teams reading the same label as two different quantities. Latency is disclosed: a metric that is two days stale must say so, or it will be acted on as if current. And the metric set is small: a dashboard that shows everything directs attention to nothing, defeating the monitoring purpose that justified it. The discipline is the same one that governs a good table—report what supports a decision and suppress what merely fills space.

The simulation below makes the guardrail logic concrete. A team is incentivized on a headline metric; over time they game it, lifting the headline while the guardrail quietly deteriorates. A dashboard that showed only the headline would report improvement; one that reports the pair reveals the truth.


set.seed(43)
weeks <- 1:26
gaming <- pmin((weeks - 1) / 25, 1)            # incentive pressure ramps in
leads  <- 100 + 60 * gaming + rnorm(26, 0, 4)  # headline climbs as it is gamed
conv   <- 0.22 - 0.12 * gaming + rnorm(26, 0, 0.01)  # quality erodes in step

dash <- data.frame(
  week  = rep(weeks, 2),
  value = c(leads / max(leads), conv / max(conv)),  # scaled to a common axis
  metric = rep(c("Leads (headline)", "Conversion (guardrail)"), each = 26)
)
library(ggplot2)
ggplot(dash, aes(week, value, linetype = metric)) +
  geom_line(linewidth = 1) +
  labs(x = "Week", y = "Scaled value", linetype = NULL,
       title = "What the headline hides") +
  theme_minimal(base_size = 12) +
  theme(legend.position = "bottom")
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Figure 69.4: Goodhart’s law on a dashboard. Under incentive pressure the headline metric (leads) rises while the guardrail (lead-to-sale conversion) falls. Reporting the pair, not the headline alone, exposes the gaming.










69.5.2 Static Report or Dashboard?

The choice between a one-time report and a standing dashboard is a choice about the question’s tense. A question asked once—“did this campaign lift sales?”—wants a report: it permits depth, identification, and a considered narrative, and it is read once and archived. A question asked continuously—“is the funnel healthy right now?” —wants a dashboard: it trades depth for timeliness because its value is in early detection. Confusing the two is a common and expensive error. A causal question forced onto a dashboard becomes a wall of correlations that invites spurious action; a monitoring question forced into a quarterly report arrives too late to matter. The deeper analyses that justify changing what a dashboard monitors—why a metric moved, whether an intervention worked—remain the province of the static, reproducible report that this chapter began with, because they require the identification and uncertainty machinery a glance-able interface cannot carry.




69.6 Key Takeaways


	The unit of an honest report is an estimate with its uncertainty and its specification (Equation 69.1), not a point estimate or a pp-value alone; the governing principle is sufficiency for second-guessing.

	Tables serve lookup (exact, heterogeneous values); figures serve comparison (patterns via position). Encode the result in the most accurately perceived channel, baseline bars at zero, and never erase uncertainty.

	Reproducible reporting binds narrative to computation, R=f(D,C,E)R = f(D, C, E) (Equation 69.2), eliminating the transcription gap; determinism, immutable data, environment capture, and single-source builds are its pillars. Reproducibility enables but does not guarantee credibility—report the multiverse.

	Academic and managerial reports differ in foregrounding, not honesty: the same uncertainty feeds both, but the managerial report leads with the decision and its payoff and translates effects into decision units (Hanssens and Pauwels 2016).

	Dashboards make reporting continuous; their governing hazard is Goodhart’s law. Pair gameable metrics with guardrails, govern definitions, disclose latency, and keep the set small. Use a dashboard for standing questions, a reproducible report for causal ones.





69.7 Further Reading

The reproducibility and literate-programming practices in this chapter sit within the broader move of marketing into data-rich, code-intensive analysis (Wedel and Kannan 2016) and the long argument over how to demonstrate marketing’s value to the firm in a register management can act on (Hanssens and Pauwels 2016; Germann, Ebbes, and Grewal 2015). The measurement-validity cautions that dashboards make urgent connect to the construct-and-scale material in Chapter 35 and to documented misuses of accounting-based proxies (Bendle and Butt 2018b, 2018a). The graphical-perception and exploratory-data-analysis traditions that underwrite the figures section, and the Goodhart/metric-governance literature behind the dashboard section, are flagged above as citation gaps to be filled before publication.











1. A pp-value answers “how surprising is this data under the null?”—not “how big is the effect?” and not “how probable is the hypothesis?” An effect can be precisely estimated and economically trivial, or imprecisely estimated and economically enormous. Reporting effect sizes with intervals, rather than stars, keeps the magnitude in view. The replication and credibility debates in marketing and the adjacent social sciences turn substantially on having confused the two.



2. This ordering of elementary perceptual tasks by accuracy is the empirical foundation of statistical graphics: encode the most important comparison in the most accurately perceived channel.  A practical consequence is the suspicion of pie charts and 3-D bars: they encode quantity as angle, area, or foreshortened length—exactly the channels the eye reads worst.





70 Case Studies in Branding

The constructs developed in Chapter 11—brand equity, personality, authenticity, architecture, extensions, crisis, and valuation—are theoretical objects. A case study is where those objects meet a single firm’s history, decisions, and market. This chapter does not treat cases as illustrative anecdotes to be admired; it treats them as evidence, and the central discipline of the chapter is the question every empiricist must ask of a case: what does this firm’s trajectory identify, and what does it merely correlate with? Twenty-one well-known brands—Apple, Nike, Tesla, Amazon, Zoom, Beyond Meat, TikTok, Coca-Cola, Netflix, Airbnb, Starbucks, Disney, McDonald’s, Dove, IKEA, LEGO, Slack, Patagonia, Spotify, Warby Parker, and Allbirds—serve as the corpus. Each is famous, which is precisely the methodological problem we confront first.

A case study, done well, is a theory-testing and theory-generating instrument, not a victory lap. Done badly, it is a retrospective rationalization in which every surviving firm’s choices are reinterpreted as brilliant because the firm survived. By the end of this chapter the reader should be able to: map any brand onto the formal constructs of Chapter 11; recognize the selection and survivorship biases that make naïve case inference invalid; specify what a credible counterfactual for a branding decision would look like; and read a portfolio of cases as a small, non-random sample rather than as a sequence of independent confirmations.


70.1 The Case Method and Its Inferential Hazards


70.1.1 Survivorship and selection

The twenty-one brands here share one trait that no theory predicted in advance: they are all famous and (mostly) successful. This is not a sample drawn from the population of branding strategies; it is a sample drawn from the outcome. Formally, let Si∈{0,1}S_i \in \{0,1\} indicate that firm ii survived long and visibly enough to become a textbook case, and let AiA_i denote the branding action of interest (say, a “Real Beauty” social-mission campaign or a direct-to-consumer launch). Naïve case reading estimates

𝔼[Yi∣Ai=1,Si=1],(70.1)
\mathbb{E}[\,Y_i \mid A_i = 1,\; S_i = 1\,],
 \qquad(70.1)

the expected outcome YY among adopters that we can see. The quantity a strategist actually wants is the unconditional causal effect 𝔼[Yi∣do(Ai=1)]−𝔼[Yi∣do(Ai=0)]\mathbb{E}[Y_i \mid do(A_i = 1)] -
\mathbb{E}[Y_i \mid do(A_i = 0)]. These coincide only if selection into visibility is independent of the action’s effect—almost never true, because firms become cases because their actions appeared to work. Conditioning on Si=1S_i = 1 collides on a common effect of AiA_i and the noise that determined success, inducing a spurious association even when AiA_i has no true effect. This is the case-study form of the survivorship bias that pervades any analysis restricted to winners.1


A case study is the analysis of a single unit (firm, brand, decision) studied in depth and in context to illuminate a broader class of phenomena. Its evidentiary value comes not from the unit’s representativeness—a single case is never representative—but from the strength of the theoretical mechanism it can confirm, disconfirm, or refine.





70.1.2 Five inferential traps

The traps below recur across every case in this chapter; naming them once lets the later sections stay terse.









	Trap
	What it is
	Antidote in case work





	Survivorship
	Inferring from winners only
	Ask what the failed adopters did; treat absence as data



	Reverse causality
	Success builds the brand, not vice versa
	Establish temporal order; look for pre-action shocks



	Confounding
	A third factor drives action and outcome
	Name the confound explicitly; seek within-firm variation



	Hindsight coherence
	Post hoc narrative makes luck look like strategy
	State the ex ante decision and its live alternatives



	Overfitting to one case
	Idiosyncrasy mistaken for law
	Require the mechanism to recur across cases





The remainder of the chapter is organized not by firm but by construct: each section takes one element of branding theory and reads several cases through it, which both exercises the theory and supplies the cross-case replication that a single case cannot. Figure 70.1 maps the constructs to the cases that identify them most cleanly.
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Figure 70.1: Mapping branding constructs (left) to the cases that illustrate them most cleanly (right). A case appears under a construct when its history provides relatively clean variation in that construct.











70.2 Brand Identity and Self-Expression: Apple and Nike

Chapter 11 distinguishes the functional, emotional, and self-expressive benefits a brand delivers, following D. Aaker (1996), and argues that as mass production commoditizes quality, status accrues less to quality per se and more to the self-expressive component (Holt 1998). Apple and Nike are the canonical cases because each deliberately shifted the locus of its equity from the functional to the self-expressive.

Apple’s “Think Different” positioning is, in the language of Keller (1993), customer-based brand equity built through secondary associations: linking the brand to creative, unconventional cultural figures so that owning the product became an act of identity expression rather than a purchase of compute. The self-congruence mechanism of Grohmann (2009)—response driven by the fit between brand personality and self-concept—predicts exactly the loyalty Apple enjoys, and the firm’s tightly controlled retail and ecosystem design is a sustained investment in the coherence of the personality signal. The reading is clean as theory but treacherous as inference: Apple’s premium pricing and its dependence on a single flagship product (the iPhone) are observationally the same “focus” that the case narrative praises, yet a focused firm that had failed would be cited as a cautionary tale of over-concentration. The construct (self-expressive equity) is real; the inference that focus caused the outcome is not identified by the case alone.

Nike illustrates equity built through storytelling and athlete endorsement, a form of meaning transfer in which a human cue—Michael Jordan, Serena Williams—acts as a conduit of cultural meaning into the brand, the human-cue channel of brand meaning formalized in Chapter 11. Nike’s willingness to take a social stance—the Colin Kaepernick campaign—is a deliberate bet that aligning the brand with a contested value raises self-expressive benefit among the targeted segment more than it erodes equity among others. That bet is a treatment with heterogeneous effects across segments, and its net effect on firm value is an empirical question of the marketing–finance type developed in Chapter 23, not something the campaign’s fame settles.



70.3 Brand Extension and Architecture: Disney, Amazon, Coca-Cola

A brand extension attaches an established name to a new category, and its success turns on perceived fit between parent and extension (D. A. Aaker and Keller 1990), a fit that can be overridden by dominant brand associations (Broniarczyk and Alba 1994). Extensions also feed back on the parent: trial of an extension can raise parent-brand choice—most for prior non-users—while extension failure can spill back negatively, most for loyal users (Swaminathan, Fox, and Reddy 2001). Disney, Amazon, and Coca-Cola span the architecture continuum of Chapter 11 from branded house to house of brands.

Disney is the textbook branded house built for synergy: a character created in film is monetized across parks, merchandise, streaming, and licensing, so the same brand association is amortized over many categories. The acquisitions of Pixar, Marvel, Lucasfilm, and Fox are, in architecture terms, the purchase of high-fit sub-brands—each carries its own associations yet sits under the Disney master brand, the high-risk/high-return position that L. Hsu, Fournier, and Srinivasan (2015) find creates the most firm value while carrying the most idiosyncratic risk. Amazon is the harder case: its name stretches from books to cloud computing (AWS) to groceries (Whole Foods) to healthcare, distances at which D. A. Aaker and Keller (1990)’s fit logic predicts failure. The resolution is that Amazon’s core association is not a product category but a capability—logistics, convenience, low price—and Broniarczyk and Alba (1994)’s result is precisely that a brand association strong enough to create fit overrides category distance. Coca-Cola sits between, using endorsed branding and a house of brands (Sprite, Fanta, Dasani) to enter categories where the flagship’s associations would not transfer, exactly the risk-management rationale L. Hsu, Fournier, and Srinivasan (2015) attach to graphically subordinate parents.

The comparison clarifies a point a single case obscures: extension success is not a property of the name but of the transferable association, and architecture is the managerial instrument for matching association to category.



70.4 Authenticity and Social Mission: Dove and Patagonia

Whether brand authenticity is a reflective latent disposition (Morhart et al. 2015) or a formative composite of context-weighted component judgments is unresolved in Chapter 11, and Dove and Patagonia stress the distinction in opposite directions. Corporate social responsibility raises product evaluations, but the lift is dampened when the firm’s motives are read as self-interested rather than benevolent (Chernev and Blair 2015)—which makes the credibility of a social mission the binding constraint.

Dove’s “Real Beauty” campaign is an attempt to manufacture self-expressive and emotional benefit by attaching the brand to a contested cultural value (inclusive beauty). Under the reflective view of Morhart et al. (2015), this works only if it is read as an expression of a coherent, continuous brand disposition; if consumers detect a gap between the message and the parent firm’s other brands, the Chernev and Blair (2015) motive- discounting kicks in and the campaign reads as opportunistic. Patagonia is the cleaner identification case because its mission is costly to fake: telling customers to buy less, publishing supply-chain impacts, and routing profits to environmental causes are exactly the kind of differentially costly signals that the signaling logic of Chapter 11 requires for credibility. A low-commitment imitator cannot profitably copy “don’t buy this jacket.” Patagonia thus approximates a separating equilibrium in which authentic mission-brands send signals that greenwashers cannot afford—the same costly-signal mechanism that underlies prominence and specialization in Chapter 11.



70.5 Disruption and Category Creation: Tesla, Warby Parker, Beyond Meat

Some brands do not compete within a category; they create or redefine one. The relevant theory is less about fit and more about the brand as the organizing symbol of a new category, and about the direct-to-consumer (DTC) model that lets a young brand own the customer relationship. Tesla, Warby Parker, and Beyond Meat are three DTC-or-disruption cases at very different capital intensities.

Tesla’s brand fuses technology, luxury, and a sustainability mission, and its direct sales model—bypassing dealers—is a branding decision as much as a distribution one: it lets the firm control the meaning of the product at the point of sale rather than delegating it to a third party. Warby Parker’s “Home Try-On” and “Buy a Pair, Give a Pair” combine a DTC eyewear offer with a credible social signal, the same authenticity-through-cost logic that operates for Patagonia. Beyond Meat illustrates category creation under a perception constraint: its branding must position plant-based products to meat-eaters, not vegetarians, which is a deliberate widening of the target segment that trades on functional parity (taste, texture) plus a self-expressive/ethical benefit. Across all three, the inferential hazard is acute. These are the survivors of a DTC and disruption wave that included many funded failures; Equation 70.1 warns that reading “DTC + social mission ⇒\Rightarrow success” off the survivors conditions on the very outcome we want to explain. The construct (brand-led category creation) is identified by these cases; the success rate of the strategy is not.



70.6 Brand as Platform: Airbnb, TikTok, Slack

For two-sided and content platforms, the brand is inseparable from network effects and from the brand community mechanisms of Chapter 11, where engagement is sustained partly through oppositional loyalty and shared identity (Muniz and O’Guinn 2001). Online brand-related activity itself ranges from passive consuming to active creating, and platform brands live or die on moving users up that ladder.

Airbnb’s brand asset is trust at scale: reviews, verification, and host education are the institutional substitutes for the reputation a hotel chain supplies through a uniform brand. TikTok’s brand is, unusually, identified with its algorithm—the “For You” feed is the product and the personality simultaneously—so its equity is co-produced by users whose created content is the brand’s primary asset, the creating rung of online brand-related activity. Slack grew through a freemium model in which the free tier is a customer-acquisition instrument and the brand community (integrations, workplace norms) raises switching costs. In all three, brand value compounds with installed base, so a naïve case reading attributes to branding what is partly mechanical network growth. Distinguishing the two is the central identification problem for platform brands and is exactly why these cases must be read with the reverse-causality trap of the comparison table held in view: success grew the brand at least as much as the brand grew success.


set.seed(44)

# Two generative mechanisms for cumulative adoption F(t) in [0,1].
TT <- 1:40

# (1) Network/word-of-mouth (Bass-style internal influence): growth proportional
#     to current adopters times remaining market.
p <- 0.01; q <- 0.40
F_net <- numeric(length(TT)); F_net[1] <- p
for (t in 2:length(TT)) {
  inc <- (p + q * F_net[t - 1]) * (1 - F_net[t - 1])
  F_net[t] <- min(1, F_net[t - 1] + inc)
}

# (2) Pure brand-marketing pull: logistic response to cumulative ad/brand effort,
#     with no adopter-to-adopter contagion. Tuned to a similar midpoint.
effort <- cumsum(rep(0.18, length(TT)))
F_brand <- 1 / (1 + exp(-(effort - mean(effort))))

# Add modest measurement noise; clamp to the unit interval.
noisify <- function(x) pmin(1, pmax(0, x + rnorm(length(x), 0, 0.015)))
F_net_obs   <- noisify(F_net)
F_brand_obs <- noisify(F_brand)

plot(TT, F_net_obs, type = "l", lwd = 2,
     xlab = "Time", ylab = "Cumulative adoption F(t)",
     main = "Same S-curve, different mechanism", ylim = c(0, 1))
lines(TT, F_brand_obs, lwd = 2, lty = 2, col = "blue")
legend("bottomright", bty = "n", lwd = 2, lty = c(1, 2),
       col = c("black", "blue"),
       legend = c("Network effects (contagion)", "Brand-marketing pull"))

cor_two <- cor(F_net_obs, F_brand_obs)
cat("Correlation between the two trajectories:", round(cor_two, 3), "\n")
#> Correlation between the two trajectories: 0.807
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Figure 70.2: A reproducible illustration of why platform-brand cases are hard to read: simulated adoption under a network-effects (Bass-type) process versus a pure brand-marketing process can produce nearly identical S-curves, so a single observed trajectory does not identify which mechanism drove it.








The two simulated curves in Figure 70.2 are nearly indistinguishable by eye and highly correlated, yet they arise from entirely different mechanisms. This is the formal content of the reverse-causality warning: observing a single platform brand’s S-shaped rise tells the analyst almost nothing about whether brand or network drove it. Identification requires variation the case alone does not provide—exogenous shifts in marketing effort, or cross-market differences in seeding.



70.7 Crisis, Reputation, and Recovery: Zoom and McDonald’s

Brand crises spill across a firm’s segments and brands, and consumers interpret a firm’s response through their prior expectations of the firm (Dawar and Pillutla 2000; Borah and Tellis 2016). On social media, response style—active listening, empathy—shapes recovery, and managers who respond to reviews gain on average but receive fewer, longer negative reviews thereafter as complainers anticipate scrutiny (Proserpio and Zervas 2017). Zoom and McDonald’s are crises of opposite character.

Zoom faced an acute, security-driven crisis—“Zoombombing” and encryption scrutiny—during the very surge that made it a household name. Its recovery followed the Dawar and Pillutla (2000) logic: because the firm’s prior reputation was for reliability and ease of use, a credible, rapid response (a security freeze and transparent remediation) was read as consistent with the brand’s character and limited the spillover. McDonald’s faces a chronic, structural reputation tension—nutrition and labor criticism—rather than a discrete shock, and its management is therefore a matter of sustained portfolio and menu signaling rather than crisis response. The contrast sharpens a construct distinction from Chapter 11: reputation is a slow-moving global evaluation spanning positive and negative, whereas a crisis is a shock to it; the optimal response differs because the former is managed by consistency over years and the latter by expectation-consistent action in days.



70.8 Reading a Portfolio of Cases as Evidence

The cases not foregrounded above—Starbucks’s “third place” and loyalty program, IKEA’s design-from-the-price-tag-up model, LEGO’s community-driven product development (LEGO Ideas) and licensing, Netflix’s pivot from DVD to streaming and original content, Spotify’s freemium and personalization, Allbirds’s sustainable-materials positioning, Coca-Cola’s century of iconic advertising—each re-instantiates one of the constructs already named: loyalty and habit, cost-driven positioning, brand community and co-creation, business-model pivots, network-plus- brand growth, and costly social signaling. That they replicate the mechanisms is the point. A single case can suggest a mechanism; a portfolio of cases that all bend to the same constructs is what lets the analyst treat those constructs as load-bearing rather than ornamental.

The comparison below summarizes the primary construct and the primary identification hazard for each foregrounded case—the discipline this chapter exists to instill is reading the second column as carefully as the first.









	Case
	Primary construct
	Primary identification hazard





	Apple
	Self-expressive equity (D. Aaker 1996; Holt 1998)
	Focus praised only in survivors



	Nike
	Meaning transfer via endorsers (Grohmann 2009)
	Stance effect is segment-heterogeneous



	Disney
	Branded house / sub-branding (L. Hsu, Fournier, and Srinivasan 2015)
	Synergy attributed post hoc



	Amazon
	Capability-based fit (Broniarczyk and Alba 1994)
	Fit “explained” only after success



	Dove
	Authenticity & CSR motive-reading (Chernev and Blair 2015; Morhart et al. 2015)
	Motive discounting unobserved



	Patagonia
	Costly social signaling
	Greenwashing counterfactual unseen



	Tesla / Warby / Beyond
	DTC category creation
	Survivorship over funded failures



	Airbnb / TikTok / Slack
	Network effects vs. brand (Muniz and O’Guinn 2001)
	Reverse causality (Figure 70.2)



	Zoom / McDonald’s
	Crisis vs. chronic reputation (Dawar and Pillutla 2000; Proserpio and Zervas 2017)
	Response endogenous to prior reputation







70.9 Key Takeaways


	A case study is evidence about a mechanism, not proof of a strategy; its value is theoretical leverage, never representativeness.

	Famous-brand cases are sampled on the outcome, so naïve reading conditions on survival (Equation 70.1) and confounds the action with the noise that made the firm visible.

	Each celebrated brand re-instantiates a formal construct from Chapter 11—self- expressive equity, transferable-association fit, costly authenticity signals, network-vs-brand growth, crisis-versus-reputation dynamics—and the construct, not the firm, is what generalizes.

	Platform-brand trajectories are nearly mechanism-blind (Figure 70.2): identifying brand from network requires variation the single case cannot supply.

	Read the identification hazard for every case as carefully as the success story; the financial consequences of branding actions are settled by the methods of Chapter 23, not by a case’s fame.









1. The point generalizes the well-known critique of input-based brand valuation in Chapter 11: advertising expense looks like it builds brands partly because we observe the survivors who advertised, not the equal-spending firms that disappeared. The same logic applies to celebrated branding tactics.





71 Case Studies in Branding: An Instructor’s Companion

Branding is taught most durably through cases. A formal model of brand equity tells the reader what a brand is worth and why; a case tells the reader how a particular firm built, defended, extended, or nearly squandered that worth under real constraints—competitors, regulators, supply chains, and a public that now co-authors brand meaning. This chapter is the instructor’s companion to a portfolio of branding cases. It is written for two readers at once: the doctoral student who wants each case anchored to an identifiable construct and estimable model, and the senior practitioner who wants the strategic decision, the trade-off, and the evidence. The aim is not to retell twenty corporate biographies but to organize them into a teaching architecture in which each firm becomes a controlled illustration of a branding mechanism developed formally in Chapter 11.

The companion is deliberately synthetic rather than encyclopedic. Each case is mapped to the construct it isolates best—Apple to self-expressive equity and design-led differentiation, Nike to meaning transfer through endorsement, Tesla to category disruption and founder-as-brand, Patagonia to brand activism and the profit–purpose frontier, and so on. Where a construct admits a formal definition or an estimator, this chapter supplies it, so that classroom discussion can move past anecdote toward measurement. The pedagogy follows the house sequence: intuition first, then the model, then the identification problem that makes the empirical claim hard, then the discussion prompts and activities that surface those difficulties for students.

By the end of the chapter the instructor will be able to (i) state, for each case, the single branding construct it isolates and the competing constructs it confounds; (ii) connect the case to a measurement or estimation procedure from the methods chapters; (iii) anticipate the identification objections a sharp student will raise; and (iv) run a sequence of discussion questions, activities, and debates whose answers are disciplined by theory rather than opinion. The cases retain their original breadth—history, product line, marketing, ethics, global expansion, criticism—but that breadth is now subordinated to a construct-first spine.

A note on evidence. The empirical generalizations invoked below are drawn from the branding and marketing-science literature developed at length in Chapter 11; citations appear where a claim is a tested regularity rather than a feature of the firm. Firm-specific facts—launch dates, product names, campaign slogans—are deliberately left uncited and should be verified by the instructor against primary corporate sources before class, because they date quickly and vary by market. Where a quantitative claim about a specific firm would require a source this book cannot vouch for, the text flags it rather than manufacturing a citation.


71.1 How to Use the Case Method in a Branding Course


71.1.1 The Pedagogical Logic of Cases

A case is an identification device. The natural-experiment ideal in empirical marketing—exogenous variation in one branding lever, everything else held fixed—is almost never available in field data, where price, advertising, distribution, and brand investment move together and respond to the same demand shocks. A well-chosen case substitutes narrative control for statistical control: by selecting firms that vary sharply on one dimension while resembling each other on others, the instructor approximates a comparison that the data alone will not yield. Apple versus a commodity PC assembler isolates design-led self-expressive equity; Tesla versus an incumbent automaker isolates category disruption; Warby Parker versus LensCrafters isolates the direct-to-consumer channel. The comparison is the lesson.

This is why the chapter pairs and contrasts cases rather than presenting them in isolation. The single-firm case invites admiration; the paired case invites inference. The recurring activity “compare brand X with a traditional competitor” that appears throughout the source material is, methodologically, a request to construct a counterfactual—what would demand, price, and risk have looked like absent the focal brand’s strategy—and students should be pressed to name the confounds that make the counterfactual fragile.



71.1.2 Mapping Cases to Constructs

Table 71.1 gives the spine of the chapter: each case, the primary construct it isolates, and the methods chapter that supplies the formal apparatus. Instructors short on time can teach any single row as a self-contained unit; the rows are ordered to build cumulatively from consumer-side equity to firm-side valuation.




Table 71.1: Mapping branding cases to the construct each isolates and the formal apparatus that disciplines its analysis.










	Case
	Primary construct isolated
	Formal apparatus





	Apple
	Self-expressive equity; design as signal
	Brand equity, signaling (Chapter 11)



	Nike
	Meaning transfer via endorsement
	Associations, meaning (Batra 2019; McCracken 1989)



	Coca-Cola
	Equity persistence; mental availability
	Brand equity, awareness (Keller 1993)



	Disney
	Brand architecture; extension synergy
	Extensions, portfolios (J. Aaker, Fournier, and Brasel 2004)



	McDonald’s
	Franchising; global–local consistency
	Brand consistency, glocalization



	Tesla
	Category disruption; founder-as-brand
	Disruption, CEO brand (R. K. Chandy and Tellis 1998)



	Netflix
	Personalization; recommendation equity
	Algorithmic curation, switching



	Spotify
	Freemium; two-sided platform equity
	Pricing, platforms



	Zoom
	Crisis-driven adoption; trust repair
	Diffusion, brand crisis (Cleeren, Heerde, and Dekimpe 2013)



	Slack
	Bottom-up B2B brand; network effects
	Adoption, network value



	TikTok
	Algorithmic engagement; regulatory risk
	Engagement, brand risk



	Amazon
	Brand stretch across categories
	Extension breadth (D. A. Aaker and Keller 1990)



	Beyond Meat
	Category creation; reference framing
	New-product diffusion (Bass 1969)



	Starbucks
	Experiential equity; servicescape
	Experience, loyalty (Brakus, Schmitt, and Zarantonello 2009)



	Dove
	Purpose-led positioning (“Real Beauty”)
	CSR-brand fit, positioning



	IKEA
	Cost leadership with brand premium
	Value proposition, design



	LEGO
	Brand community; co-creation
	Communities (Muniz and O’Guinn 2001)



	Patagonia
	Brand activism; profit–purpose
	CSR, activism (Sen and Lerman 2007)



	Warby Parker
	DTC disruption; cause integration
	Channel, signaling



	Allbirds
	Sustainability as differentiation
	Green positioning, WOM (J. Berger and Milkman 2012)












71.1.3 A Reusable Analytical Template

Every case in this companion is analyzed through the same five-part lens, which instructors can hand to students as a worksheet. The template forces the move from description to construct, as Figure 71.1 lays out.
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Figure 71.1: The five-part analytical template applied to every branding case, moving students from firm description to measurable construct to identification critique.








The remainder of the chapter walks the case portfolio through this template, grouped by the construct each case isolates: equity and meaning (Apple, Nike, Coca-Cola); architecture and extension (Disney, Amazon, McDonald’s); disruption and platforms (Tesla, Netflix, Spotify, Zoom, Slack, TikTok); experience and community (Starbucks, LEGO, IKEA); and purpose, sustainability, and activism (Dove, Patagonia, Warby Parker, Allbirds, Beyond Meat).




71.2 Equity and Meaning: Apple, Nike, Coca-Cola


71.2.1 Apple: Self-Expressive Equity and Design as a Signal

Construct and intuition. Apple is the canonical teaching example of equity that is self-expressive rather than merely functional. Following the D. Aaker (1996) decomposition, a brand’s value proposition delivers functional benefits (what the product does), emotional benefits (how it feels in private use), and self-expressive benefits (what owning it says about the consumer in public). Because mass production has commoditized functional quality, quality alone no longer confers status (Holt 1998), and the self-expressive component carries an increasing share of equity. Apple’s pricing power is the empirical shadow of that component: customers pay a premium that cannot be rationalized by component cost or measured performance alone.

Formalism. The cleanest operationalization of the asset is the price premium over an otherwise-equivalent generic, the customer-based brand equity of Keller (1993) expressed as BEApple=pApple−pgeneric,(71.1)
\mathrm{BE}_{\text{Apple}} = p_{\text{Apple}} - p_{\text{generic}},
 \qquad(71.1) where pgenericp_{\text{generic}} is the price of a functionally equivalent unbranded device. The teaching point is that Equation 71.1 is not value added p−cp-c; a generic can carry value added (convenience, availability) without carrying brand equity, which is specifically the increment attributable to the name (D. Aaker 1996). Design enters as a signal in the sense of Chapter 11’s signaling account: an investment that is expensive to make and easy for the market to verify can credibly separate a high-type firm from imitators, because a low-type firm cannot profitably replicate the investment given that repeat purchase will not materialize.

Identification threat. The central classroom objection is that the Apple premium confounds brand with vertically integrated quality: the ecosystem (hardware, operating system, services, retail) may deliver genuine functional value that a “generic” comparison omits, so Equation 71.1 overstates the name-driven increment. Students should propose designs that hold the ecosystem fixed—conjoint experiments that vary the logo on an identical specification, or revealed-preference decompositions in the spirit of W. A. Kamakura and Russell (1993) that separate the attribute-driven and name-driven components of value within a choice model. The honest conclusion is that part of Apple’s premium is intangible equity and part is integrated quality, and the case is a vehicle for teaching how one would tell them apart rather than for asserting a number.

Decision and discussion. The managerial trade-off is reach versus margin: a high-price strategy maximizes per-unit equity capture but caps penetration, and the case asks whether Apple’s installed base and switching costs make the trade-off favorable. Ethical discussion centers on the global supply chain—labor conditions and environmental impact—which links the brand-as-asset to the brand-as-liability: corporate social responsibility shortfalls are priced as risk to the brand (Chapter 23). Suggested activities: a structured comparison of Apple’s branding with a single named competitor; analysis of a flagship advertising campaign as a self-expressive (not functional) appeal; and a simulated strategy meeting weighing a lower-priced tier against the dilution it would impose on Equation 71.1.



71.2.2 Nike: Meaning Transfer Through Endorsement and Story

Construct and intuition. Nike isolates brand meaning—the full network of associations a consumer holds for the brand—and the mechanism by which celebrity endorsement loads that network. Batra (2019) define brand meaning as the complete association network produced by consumer interactions with the brand and its communications, sourced from visual, sensory, and human cues, where endorsers act as conduits of cultural-meaning transfer. The McCracken (1989) meaning-transfer model formalizes the human-cue channel: cultural meaning resides in the celebrity, transfers to the brand through endorsement, and transfers again to the consumer through purchase and use. Nike’s athlete roster is, in this language, a portfolio of meaning sources.

Formalism and measurement. Treat the consumer’s brand attitude AbA_b as a function of the association set; an endorsement adds a node mem_e (the endorser’s meaning) weighted by perceived fit ff between endorser and brand: Ab=Ab0+βf⋅me+ε,(71.2)
A_b = A_b^{0} + \beta\, f \cdot m_e + \varepsilon,
 \qquad(71.2) so the return to an endorsement rises in fit and in the endorser’s own meaning capital. The empirical generalization students should carry away is that fit moderates transfer: a poorly matched endorser dilutes rather than enriches the network, and meaning can transfer negatively when an endorser’s public conduct sours. This is the bridge to brand crisis (Cleeren, Heerde, and Dekimpe (2013)): the same channel that loads positive meaning transmits scandal.

Identification threat. Endorsement effects are notoriously confounded with selection—strong brands sign strong athletes, and winning seasons coincide with marketing pushes—so a naive regression of sales on endorsement spending overstates the causal effect. The teaching objective is to make students specify what exogenous variation would identify the endorsement coefficient β\beta (e.g., the timing of an unanticipated athletic victory or a scandal as a shock to mem_e, in an event-study design from Chapter 23).

Decision and discussion. Nike poses the premium-versus-accessibility trade-off and, distinctively, the political-meaning trade-off: campaigns that take social positions load polarizing meaning that can deepen loyalty among one segment while alienating another. The decision is whether the net meaning transfer is positive given the brand’s target. Activities: campaign analysis comparing the emotional architecture of two Nike spots; a debate on ethics in global branding (labor, sustainability); and a competitive market-research project benchmarking rival sportswear brands’ meaning networks.



71.2.3 Coca-Cola: Equity Persistence and Mental Availability

Construct and intuition. Coca-Cola isolates the persistence of brand equity: an asset built over more than a century that survives reformulation missteps, generational turnover, and waves of competition. The teaching construct is mental availability—the breadth and freshness of memory structures that make the brand come to mind across many buying situations—operationalized as awareness in the Keller (1993) framework. Awareness correlates with market performance, but the link is moderated by market and buyer characteristics (Homburg, Klarmann, and Schmitt 2010), a nuance that prevents students from treating “everyone knows Coke” as a sufficient explanation of its share.

Formalism. Model equity as a stock that accumulates from marketing investment and decays through forgetting: St=(1−δ)St−1+γAt,(71.3)
S_t = (1-\delta)\, S_{t-1} + \gamma\, A_t,
 \qquad(71.3) where StS_t is the equity stock, AtA_t is advertising and brand investment, γ\gamma is its marginal contribution, and δ\delta is the decay rate. Coca-Cola’s century of sustained investment keeps StS_t near its ceiling; the New Coke episode is the canonical demonstration that a single product decision can shock StS_t when it severs the brand from its core associations.

Identification threat and decision. Disentangling persistence from sheer scale is the analytical challenge: large brands advertise more, so observed durability may reflect ongoing spend rather than an intrinsically durable asset. The managerial trade-offs are portfolio diversification (sugar-reduction and new formats against health and regulatory pressure), sustainability (water stewardship, recyclable packaging), and global expansion against local preference. Activities: a branding workshop designing a campaign or line extension; a sustainability assessment of water-use and packaging claims; a global-entry simulation; and a discussion of health regulation and its brand-risk implications.




71.3 Brand Architecture and Extension: Disney, Amazon, McDonald’s


71.3.1 Disney: Architecture and Extension Synergy

Construct and intuition. Disney isolates brand architecture—the structured system relating a corporate brand to its sub-brands, characters, and franchises—and the synergy that a well-architected portfolio generates across studios, parks, consumer products, and streaming. The relevant theory is brand-extension and portfolio strategy (Chapter 11): the equity of the parent both enables and is replenished by the children. The Disney intellectual-property library is, formally, a stock of brand assets that can be re-deployed across categories at lower marginal cost than building each from scratch.

Formalism. An extension succeeds when parent and target share attribute and image similarity (Batra and Homer 2004), and the affect attached to the parent transfers to the extension as a function of perceived fit (D. A. Aaker and Keller 1990). Let the evaluation of extension jj be Ej=αAffparent+θFitj+εj,(71.4)
E_j = \alpha\, \mathrm{Aff}_{\text{parent}} + \theta\, \mathrm{Fit}_j + \varepsilon_j,
 \qquad(71.4) so high-fit extensions (a film franchise into a theme-park attraction) inherit parent affect cheaply while low-fit extensions risk dilution. J. Aaker, Fournier, and Brasel (2004) supply the portfolio logic that governs when to brand under the masterbrand versus a distinct sub-brand.

Identification threat and decision. The synergy claim is hard to identify because successful franchises are selected into multiple formats; the cross-format correlation may reflect underlying content quality rather than architectural synergy. Trade-offs: diversification’s risk–reward, cultural adaptation of content and parks across markets, technological leadership in animation and streaming, and content controversies as brand risk. Activities: a diversification-analysis workshop proposing a new venture inside the portfolio; a global market-entry simulation; a brand-building exercise for a new property; and an ethics debate on representation and content control.



71.3.2 Amazon: Brand Stretch Across Unrelated Categories

Construct and intuition. Amazon isolates the limits of brand stretch: how far a brand built on retail convenience can extend into cloud computing, media, devices, healthcare, and physical stores. Where Disney extends within a coherent meaning (family entertainment), Amazon extends across categories whose only common thread is the corporate promise of customer-centric convenience. The teaching question is what holds such a portfolio together—an abstract brand association (reliability, low friction, customer obsession) rather than a concrete product category.

Formalism. Extension breadth trades reach against dilution. Using the D. A. Aaker and Keller (1990) affect-transfer logic, distant extensions carry low Fitj\mathrm{Fit}_j in Equation 71.4 and should, all else equal, evaluate poorly—yet Amazon Web Services succeeds, which forces the refinement that fit can be defined at the level of an abstract benefit (operational excellence) rather than a product attribute. This is a productive tension to put before students: the breadth of Amazon’s stretch is evidence either that its brand association is unusually abstract or that AWS succeeds despite the brand on independent technical merit.

Identification threat and decision. The confound is corporate capability versus brand: Amazon’s category entries may succeed because of logistics and engineering capability priced into the firm, not because the brand transfers. Trade-offs and criticisms: monopolistic-practice arguments, labor conditions, and environmental impact—each a brand-risk channel. Activities: a strategic-planning role-play on new-market entry; an ethics debate on market power and labor; and a segment-analysis project assigning groups to specific business units to test whether brand or capability explains success.



71.3.3 McDonald’s: Franchising and Global–Local Consistency

Construct and intuition. McDonald’s isolates the tension between brand consistency and local adaptation—the “glocalization” problem—under a franchising model that decentralizes operations while centralizing the brand. The franchise contract is, in branding terms, a mechanism for protecting brand equity from the moral hazard of independent operators whose local incentives may diverge from system-wide brand value.

Formalism. Let global consistency cc raise recognizable equity but local adaptation ℓ\ell raise relevance in market mm; total demand is Qm=g(c)+hm(ℓ)−κ|c−cm*|,(71.5)
Q_m = g(c) + h_m(\ell) - \kappa\, |c - c^\ast_m|,
 \qquad(71.5) where the penalty term κ|c−cm*|\kappa|c-c^\ast_m| captures the cost of consistency that is mismatched to local taste. The franchising contract distributes the cost of maintaining cc while licensing limited local control over ℓ\ell (menu items adapted to regional preference), and the case is a study in setting that boundary.

Identification threat and decision. Survivorship confounds the franchising-success story: failed franchisees exit and are unobserved, inflating measured returns to the model. Trade-offs: franchising’s control-versus-scale tension, menu localization’s risk–reward, digital transformation of the customer experience, and health/labor/environmental criticism. Activities: a franchise simulation; a marketing-campaign design for a new product or market; a supply-chain analysis with sustainability proposals; and an ethics debate on nutrition, advertising to children, and labor.




71.4 Disruption and Platforms: Tesla, Netflix, Spotify, Zoom, Slack, TikTok


71.4.1 Tesla: Category Disruption and the Founder as Brand

Construct and intuition. Tesla isolates two constructs at once: category disruption—redefining an industry’s value proposition around innovation and sustainability—and the founder-as-brand, where a CEO’s public persona becomes a meaning source loaded directly into the corporate brand. Radical, market-creating innovation of this kind is more often introduced by entrants than incumbents (R. K. Chandy and Tellis 1998), a regularity that frames why a startup, not an established automaker, anchored the electric-vehicle category.

Formalism. The founder channel is the endorsement model of Equation 71.2 with the endorser internal to the firm: mem_e is now the CEO’s meaning capital, and the fit ff is near one by construction, so the brand inherits the founder’s volatility. This is the case’s sharp lesson: tying brand meaning to a single human maximizes transfer and maximizes idiosyncratic risk, because the same coefficient that transmits visionary credibility transmits controversy.

Identification threat and decision. Disentangling product innovation from founder charisma is the core difficulty—Tesla’s demand may reflect genuine technological leadership, the founder’s promotional reach, or a self-reinforcing loop between them. Trade-offs: the direct-sales model versus dealer networks, public-relations strategy built on social media rather than paid advertising, and ethical questions around labor and autopilot safety. Activities: a brand comparison with a traditional automaker (the counterfactual exercise); a social-media analysis of founder communication as a brand input; and a debate on labor and autopilot safety.



71.4.2 Netflix: Personalization and Recommendation Equity

Construct and intuition. Netflix isolates algorithmic curation as a source of equity: the recommendation system is not merely a feature but a switching-cost-generating asset that personalizes the catalog to each household. The brand promise migrates from “what we have” to “how well we know you,” and the asset compounds with usage as the system learns.

Formalism. Personalization raises retention by lowering the expected search cost of finding satisfying content. If utility from a session is U=v−s(ρ)U = v - s(\rho) where vv is content value and s(ρ)s(\rho) is search cost decreasing in recommendation quality ρ\rho, then churn falls as ρ\rho rises, and accumulated viewing data raises ρ\rho—a learning-by-doing dynamic that incumbents with less data cannot immediately match. Original content raises vv but at heavy fixed cost, posing the financial-sustainability question the case foregrounds.

Identification threat and decision. Recommendation quality is endogenous to engagement (engaged users generate the data that improves recommendations), so the retention–personalization correlation overstates the causal effect of any single algorithm change; A/B experimentation is the identifying instrument. Trade-offs: content-cost sustainability, cultural sensitivity in global catalogs, and competitive saturation. Activities: an innovation workshop on new features; a content-creation pitch; a global-market-entry analysis; and a competitor analysis.



71.4.3 Spotify: Freemium Economics and Two-Sided Platform Equity

Construct and intuition. Spotify isolates freemium pricing and two-sided platform equity: the brand sits between listeners and rights holders, and its value to each side depends on participation by the other. The free tier is a customer-acquisition instrument whose cost is justified by conversion to paid subscriptions and by the data and scale that strengthen the listener side.

Formalism. Let the conversion problem trade the acquisition value of free users against their marginal royalty cost. With free-tier population NfN_f converting to paid at rate π\pi yielding margin μ\mu, and per-free-user content cost κ\kappa, the free tier is profitable when πμ≥κ,(71.6)
\pi\, \mu \ge \kappa,
 \qquad(71.6) so the model lives or dies on the conversion rate π\pi and on negotiated royalty terms embedded in κ\kappa. Algorithmic personalization (as in Netflix) raises π\pi by deepening engagement; playlists are the brand’s signature engagement mechanism.

Identification threat and decision. Conversion is confounded with selection—users who would have paid anyway pass through the free tier—so the incremental value of freemium requires holdout experimentation, not a comparison of converters to non-converters. Trade-offs: differentiation against rival streamers, royalty and licensing economics with labels and artists, environmental claims, and podcast/original-content investment. Activities: a targeted marketing-campaign project; a Spotify–label negotiation role-play; and an analysis of a specific feature’s impact.



71.4.4 Zoom: Crisis-Driven Adoption and Trust Repair

Construct and intuition. Zoom isolates crisis-driven diffusion and brand-trust repair. A demand shock (the shift to remote work) compressed years of adoption into months, and the same surge exposed security and privacy shortfalls that threatened the brand precisely when it was most visible. The case is a natural laboratory for the brand-recovery literature: how a firm restores equity after a publicized failure (Cleeren, Heerde, and Dekimpe 2013).

Formalism. Adoption under the shock is well described by a diffusion process (Bass 1969) with an enlarged coefficient of external influence, while the security episode is a negative shock to a trust stock that must be rebuilt through visible, costly remediation—an investment whose credibility derives, again, from its being expensive (re-architecting encryption, pausing feature development) and verifiable. The teaching point is that recovery speed depends on whether the failure is attributed to the brand’s character or to an excusable circumstance.

Identification threat and decision. Pandemic adoption confounds product quality with circumstance: Zoom’s growth may reflect a uniquely superior product or merely first-mover positioning when demand exploded. Trade-offs: security remediation, data-privacy governance, and post-shock retention as the world normalizes. Activities: a market-analysis project on the video-communication landscape; a crisis-management role-play on security response; and an ethics discussion on privacy and social impact.



71.4.5 Slack: Bottom-Up B2B Brand and Network Value

Construct and intuition. Slack isolates the bottom-up enterprise brand—adoption that begins with individual teams and percolates upward to organizational purchase—and the network value that makes a communication tool more valuable as more colleagues join. Unlike consumer brands, the B2B brand must persuade both the user and the buyer, and Slack’s strategy was to win users first and let usage create the purchasing pull.

Formalism. Network effects make per-user value increase in adoption: if user value is v(n)v(n) with v′(n)>0v'(n)>0 for organizational adoption nn, the freemium tier seeds nn until it crosses the threshold at which enterprise procurement becomes rational. The monetization model mirrors Equation 71.6, with conversion driven by team-level rather than individual-level adoption.

Identification threat and decision. Selection again confounds the bottom-up narrative: teams that adopt Slack may be more collaborative to begin with, so productivity gains attributed to the tool may be pre-existing. Trade-offs: differentiation against bundled competitors, security in collaboration tools, freemium-to-enterprise conversion, localization, and integration of acquisitions. Activities: a case analysis of the business model; a strategic-planning role-play on features or marketing; and a debate on data security and freemium ethics.



71.4.6 TikTok: Algorithmic Engagement and Regulatory Brand Risk

Construct and intuition. TikTok isolates algorithmic engagement as the engine of a brand and regulatory risk as a first-order threat to brand value. The recommendation system—surfacing content with minimal explicit user input—is the product, and its effectiveness with younger audiences drove rapid global diffusion. The countervailing construct is geopolitical and data-privacy risk that can impair the brand independent of consumer sentiment.

Formalism. Engagement compounds through a feedback loop: each interaction refines the relevance score that governs the next recommendation, raising session length and return frequency, which in turn generate more training signal. This is the same learning dynamic as Netflix’s ρ\rho, but operating on short-form content at far higher interaction frequency, which is why the engagement asset accrues so quickly. Regulatory risk enters as a discrete hazard to the brand’s continued operation in a market—an option-like liability that no amount of consumer equity offsets.

Identification threat and decision. Cultural resonance is confounded with novelty and network effects, making it hard to attribute TikTok’s success to the algorithm specifically rather than to first-mover advantage in short-form video. Trade-offs: content moderation versus user freedom, intellectual-property and content-ownership questions, and cultural impact. Activities: an algorithm-analysis exercise comparing personalization across platforms; a global-expansion strategy session; and an ethics debate on user data and content regulation.




71.5 Experience and Community: Starbucks, LEGO, IKEA


71.5.1 Starbucks: Experiential Equity and the Servicescape

Construct and intuition. Starbucks isolates experiential equity—value created through the sensory and behavioral experience of consumption rather than the product alone. The construct is brand experience: the sensations, feelings, cognitions, and behavioral responses evoked by brand-related stimuli (Brakus, Schmitt, and Zarantonello 2009), which predict satisfaction and loyalty beyond product attributes. The “third place” between home and work is, in this language, a servicescape engineered to load experiential associations.

Formalism. Let loyalty be a function of cumulative experience quality; if repeat purchase probability rises with experiential equity XX as Pr(repeat)=Φ(β0+βXX)\Pr(\text{repeat}) = \Phi(\beta_0 + \beta_X X), then investments in store design, barista interaction, and mobile-order convenience raise XX and thus retention. The brand premium over commodity coffee is the monetized value of XX, an experiential analogue of Equation 71.1.

Identification threat and decision. Experiential equity is confounded with convenience and location: Starbucks’ density makes it the default proximate option, so observed loyalty may reflect availability rather than experience. Trade-offs: global consistency versus local adaptation, ethical sourcing and labor controversies as brand risk, and technology integration (mobile order, loyalty program). Activities: a brand-analysis workshop creating a strategy for a new market; a global-expansion simulation; a sustainability assessment; and an innovation challenge for a new product or service aligned to the brand.



71.5.2 LEGO: Brand Community and Co-Creation

Construct and intuition. LEGO isolates the brand community—a structured set of relationships among admirers of a brand (Muniz and O’Guinn 2001)—and co-creation, the channeling of community creativity into product development. Adult fans and user-submitted designs convert customers into an unpaid innovation and advocacy resource, and the community itself becomes a barrier to imitation that competitors cannot easily replicate.

Formalism. Community membership raises both lifetime value and word-of-mouth output. If a member generates referrals at rate rr and each referral converts with probability qq, the community multiplies acquisition beyond paid channels; co-creation additionally raises the hit rate of new products by sourcing demand-validated designs before launch, lowering the failure rate in the new-product diffusion process (Bass 1969).

Identification threat and decision. The community’s contribution is confounded with selection—the most loyal customers self-select into the community—so attributing sales to community engagement risks reverse causality. Trade-offs: product-quality consistency across generations, digital integration, intellectual-property and legal challenges, educational and sustainability initiatives, and licensing collaborations. Activities: a case analysis of a strategy facet; a product-development role-play pitching a new set; and a debate on IP, sustainability, or global expansion.



71.5.3 IKEA: Cost Leadership With a Brand Premium

Construct and intuition. IKEA isolates the unusual coexistence of cost leadership and a genuine brand premium—a low-price position that nonetheless commands distinctive, defensible meaning (democratic design, Scandinavian aesthetics, the participatory ritual of self-assembly). Most cost leaders compete on price alone; IKEA’s founding philosophy converts low price into a brand value, not merely a tactic.

Formalism. The value proposition couples a low price pp with a design-driven willingness-to-pay ww that exceeds the unbranded equivalent, so consumer surplus w−pw - p is large by construction, sustaining loyalty without sacrificing the cost position. The flat-pack supply chain is the operational source of the low pp, and the showroom experience is the source of the elevated ww—the two are jointly engineered.

Identification threat and decision. The premium is confounded with assortment and store experience, making it hard to attribute willingness-to-pay to the brand rather than to the unique product range. Trade-offs: global supply-chain management, advertising that communicates brand values, customer loyalty, sustainability (renewable energy, materials), cultural adaptation in market entry, and quality management. Activities: a group project developing a marketing or sustainability plan for a new market; and a case analysis of a specific challenge with proposed solutions.




71.6 Purpose, Sustainability, and Activism: Dove, Patagonia, Warby Parker, Allbirds, Beyond Meat


71.6.1 Dove: Purpose-Led Positioning and CSR–Brand Fit

Construct and intuition. Dove isolates purpose-led positioning—the “Real Beauty” platform that repositioned a personal-care brand around self-esteem and inclusive beauty standards. The construct is corporate social responsibility as a brand asset, governed by fit: consumers reward CSR that is congruent with the brand and punish CSR perceived as opportunistic (Sen and Lerman 2007). Dove’s purpose succeeds to the extent that the social claim coheres with the product category and the parent firm’s conduct.

Formalism. Let purpose contribute to equity through a fit-weighted channel analogous to extension fit: the equity gain from a CSR position is ΔBE=ϕ⋅FitCSR−λ⋅Skepticism\Delta\mathrm{BE} = \phi \cdot \mathrm{Fit}_{\text{CSR}} - \lambda \cdot \mathrm{Skepticism}, where high fit amplifies the gain and consumer skepticism (suspected greenwashing or hypocrisy) erodes it. The strategic risk is that visible purpose invites scrutiny of the parent’s full portfolio, so the position is only as credible as the least consistent product behind it.

Identification threat and decision. Purpose effects are confounded with the campaign’s sheer reach and creativity, so attributing equity gains to the purpose rather than to advertising quality requires holding execution fixed. Trade-offs: advertising controversies and crisis management, competitive differentiation, and balancing profit with social commitment. Activities: a campaign-analysis project assessing effectiveness and cultural sensitivity; a product-development simulation; an ethics debate on beauty standards and advertising; and a global-market-entry exercise with cultural analysis.



71.6.2 Patagonia: Brand Activism and the Profit–Purpose Frontier

Construct and intuition. Patagonia isolates brand activism—taking costly, sometimes sales-suppressing public stances (anti-consumption messaging, environmental litigation, ownership restructured toward the planet)—and the profit–purpose frontier it implies. Activism is a stronger and riskier form of CSR than Dove’s purpose positioning: it is credible precisely because it is costly, the same costly-signal logic that underlies quality signaling in Chapter 11.

Formalism. Activism’s credibility derives from its expense: a “don’t buy this jacket” message that forgoes near-term revenue is a costly signal that a low-commitment imitator cannot profitably send, separating authentic from opportunistic brands. The asset built is a deeply loyal segment whose willingness-to-pay and advocacy compensate for forgone breadth—an explicit choice of a smaller, more intense demand curve over a larger, shallower one. The greenwashing accusation is the failure mode: if the signal is revealed as cheap talk, the separating equilibrium collapses.

Identification threat and decision. Activism’s effect on financial performance is confounded with the underlying product quality and a self-selected customer base, so the “doing well by doing good” claim is hard to identify cleanly. Trade-offs: reconciling growth with social responsibility, competition while maintaining ethical standards, greenwashing scrutiny, international expansion without value dilution, and a values-aligned corporate culture. Activities: a strategy-meeting role-play on a sustainability challenge; a debate on ethical consumerism and brand activism; and a group project designing a mission-aligned product or campaign.



71.6.3 Warby Parker: DTC Disruption With Integrated Cause

Construct and intuition. Warby Parker isolates direct-to-consumer (DTC) disruption—bypassing the incumbent retail and licensing structure of eyewear to compress margin and own the customer relationship—combined with a cause (“buy a pair, give a pair”) integrated into the business model rather than bolted on. The DTC channel is itself a signal: by removing intermediaries, the brand claims to pass savings to consumers, a quality-and-value signal that incumbents’ channel structure cannot credibly match.

Formalism. The DTC model lowers the delivered price for a given quality by eliminating channel margin; the home try-on and virtual try-on programs reduce the experiential friction that historically tied eyewear to physical retail, lowering search cost in the manner of Equation 71.6’s engagement logic. The integrated cause raises the self-expressive and emotional components of the value proposition (D. Aaker 1996) at low incremental cost because it is embedded in the unit economics.

Identification threat and decision. DTC success is confounded with category timing and digital-native execution, so attributing disruption to the model rather than to first-mover digital marketing is the analytical risk; copycat entry tests how defensible the model is. Trade-offs: competing with established brands and copycats, omnichannel balance of online and physical stores, international growth, sustainable manufacturing and carbon neutrality, and virtual try-on and telehealth innovation. Activities: a group discussion on enhancing sustainability; a case analysis of international entry; and a marketing-brainstorm role-play for a new collection.



71.6.4 Allbirds: Sustainability as the Primary Differentiator

Construct and intuition. Allbirds isolates sustainability as the central differentiator—materials, carbon-footprint labeling, and circular-economy ambitions positioned as the brand’s reason to exist rather than a secondary attribute. Where Patagonia adds activism to a performance brand, Allbirds makes environmental claim the core proposition, which raises the stakes on credibility and on word-of-mouth, the brand’s primary growth channel (J. Berger and Milkman 2012).

Formalism. Growth driven by word-of-mouth makes the brand’s diffusion sensitive to the shareability of its claims: content and product features that are remarkable, useful, or emotionally arousing are more likely to be shared (J. Berger and Milkman 2012), so a verifiable carbon label is both an ethical statement and a virality instrument. Sustainability differentiation succeeds only if the claim survives scrutiny; skepticism plays the same eroding role as in Dove’s purpose channel.

Identification threat and decision. Sustainability’s contribution to demand is confounded with comfort, design, and DTC convenience, so willingness-to-pay attributed to green attributes may reflect the product’s other merits; experimental conjoint that varies only the sustainability claim is the clean test. Trade-offs: balancing sustainability with comfort, competing against established and sustainable rivals, scaling without diluting practices, carbon measurement and circularity, and supply-chain transparency. Activities: a case analysis of a country market-entry strategy; a debate on DTC effectiveness in fashion; and a group discussion on scaling tensions.



71.6.5 Beyond Meat: Category Creation and Reference Framing

Construct and intuition. Beyond Meat isolates category creation—building demand for plant-based products framed not as a vegetarian niche but as a substitute for meat aimed at the mainstream consumer. The strategic choice is the reference category: by positioning against meat (placement in the meat aisle, claims on taste and texture parity) rather than against other meat alternatives, the brand reframes the consumer’s comparison set and expands its addressable market.

Formalism. A new category’s adoption follows a diffusion process (Bass 1969) in which the coefficients of innovation and imitation depend on how successfully the brand reframes the reference set; broadening the comparison from “vegetarians” to “all meat eaters” enlarges the ceiling mm of ultimate adopters. The taste-and-texture parity claim is the credibility condition: the reframing only holds if the product clears the sensory threshold of the meat it is benchmarked against.

Identification threat and decision. Category-creation effects are confounded with broader cultural shifts toward plant-based diets, so it is difficult to separate the brand’s framing from a rising tide that lifts all alternatives; competitor entry helps identify the brand-specific component. Trade-offs: consumer perceptions of taste, texture, and price; full-life-cycle environmental-impact scrutiny; and regulatory and taste adaptation across global markets. Activities: a market-analysis project on the plant-based sector; a branding workshop developing a launch campaign; and an ethics debate on plant-based versus animal-based food.




71.7 Cross-Case Synthesis and Teaching Sequences


71.7.1 Recurring Mechanisms Across the Portfolio

Read together, the cases recombine a small set of mechanisms, which is the chapter’s central pedagogical economy: students who master five constructs can analyze twenty firms. Figure 71.2 maps each case to the mechanisms it activates, making visible that, for example, signaling appears in Apple, Patagonia, and Warby Parker; word-of-mouth diffusion in Allbirds, LEGO, and Tesla; and brand crisis in Zoom, Nike, and Disney.
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Figure 71.2: Recurring branding mechanisms and the cases that activate them. The same construct recurs across firms, so mastering the construct generalizes across the portfolio.










71.7.2 A Worked Comparative Exercise in R

The most common activity in the source portfolio asks students to compare a focal brand against an incumbent—an exercise that is, formally, the estimation of a brand premium net of observable attributes. The following reproducible simulation gives instructors a runnable scaffold: it generates a small conjoint-style dataset in which a branded and an unbranded alternative share attributes, and recovers the name-driven premium of Equation 71.1 by regression. The point is pedagogical—to show students that “the brand is worth XX” is an estimate with assumptions, not an observation.


set.seed(20240620)

# Simulate willingness-to-pay (WTP) for a product offered under a
# branded vs. generic label, holding measured attributes fixed.
n <- 2000
quality   <- rnorm(n, mean = 0, sd = 1)      # observed attribute index
branded   <- rbinom(n, 1, 0.5)               # 1 = branded, 0 = generic

# True data-generating process: WTP rises in quality and in the brand
# name; the brand coefficient IS the customer-based brand equity (eq-apple-premium).
true_premium <- 80
wtp <- 200 + 40 * quality + true_premium * branded + rnorm(n, sd = 30)

dat <- data.frame(wtp, quality, branded)

# Naive estimate: difference in mean WTP (omits quality -> biased if
# branding correlates with quality in the field).
naive <- mean(dat$wtp[dat$branded == 1]) - mean(dat$wtp[dat$branded == 0])

# Controlled estimate: regression holding the measured attribute fixed.
fit <- lm(wtp ~ quality + branded, data = dat)
controlled <- coef(fit)["branded"]

c(true_premium = true_premium,
  naive_estimate = round(naive, 1),
  controlled_estimate = round(unname(controlled), 1))
#>        true_premium      naive_estimate controlled_estimate 
#>                80.0                82.4                79.8




In this seeded example branding is assigned independently of quality, so even the naive difference is close to the truth; the instructor’s move is to re-run the simulation with branded correlated with quality (strong brands genuinely sell better products) and let students watch the naive estimate inflate while the controlled estimate stays near true_premium. That contrast is the identification lesson the cases exist to teach: a brand premium is only the name-driven increment once everything the brand also improves is held fixed.



71.7.3 Suggested Course Sequences

The portfolio supports several teaching arcs. A consumer-behavior sequence runs Apple, Nike, Starbucks, and LEGO to build from self-expressive equity through meaning, experience, and community. A strategy sequence runs Disney, Amazon, McDonald’s, and Tesla to contrast extension architecture against disruption. A marketing-and-society sequence runs Dove, Patagonia, Warby Parker, Allbirds, and Beyond Meat to examine purpose, activism, and category creation against the recurring threat of skepticism and greenwashing. A digital-platforms sequence runs Netflix, Spotify, Zoom, Slack, and TikTok to study personalization, freemium, network effects, and regulatory risk. Each arc can stand alone in a module or combine into a full course.




71.8 Key Takeaways

The case method earns its place in a branding course because it supplies the identification control that field data withhold: by pairing firms that differ sharply on one construct and resemble each other otherwise, the instructor builds the counterfactual that a single regression cannot. Every case in this companion is therefore taught construct-first—name the branding asset, specify the mechanism through which it moves demand or firm value, propose how its magnitude would be estimated, and surface the confound that makes the estimate fragile—before any discussion of the firm’s history or controversies.

The portfolio reduces to a compact set of mechanisms. Costly-signal separation explains why design (Apple), activism (Patagonia), and channel disruption (Warby Parker) are credible only when expensive; meaning transfer explains endorsement (Nike) and the founder-as-brand (Tesla); extension and architecture govern portfolio breadth (Disney, Amazon, McDonald’s); word-of-mouth diffusion drives sustainability-led growth (Allbirds, LEGO); brand crisis and recovery test trust under shock (Zoom, Coca-Cola); and experiential and community equity bind customers beyond the product (Starbucks, IKEA, LEGO). Mastering these constructs, not memorizing the firms, is the transferable skill.

Finally, the companion insists that quantitative claims about brands are estimates under assumptions. The worked simulation shows that “the brand is worth XX” depends on what is held fixed, and the recurring identification threats—selection, survivorship, reverse causality, and circumstance-versus-quality confounds—are not footnotes but the substance of rigorous case analysis. Instructors should reward students who can name the confound over students who can recite the campaign.



71.9 Further Reading

For the formal apparatus underlying every case in this companion, see Chapter 11 on brand equity, meaning, personality, extensions, and valuation; Chapter 23 on the marketing–finance interface and event-study estimation of brand-related shocks; and the new-product diffusion treatment of Bass (1969) invoked for category-creation cases. The customer-based brand-equity foundation is Keller (1993); the benefit-decomposition and value-proposition framework is D. Aaker (1996); meaning transfer through endorsement is McCracken (1989) and Batra (2019); brand experience is Brakus, Schmitt, and Zarantonello (2009); brand community is Muniz and O’Guinn (2001); CSR–brand fit is Sen and Lerman (2007); and word-of-mouth virality is J. Berger and Milkman (2012). Instructors should pair each case with the corresponding source and require students to connect the firm’s decision to the construct’s formal definition.





72 Case Studies in Advertising

The constructs developed in Chapter 13—the persuasion chain, the two routes to attitude change, wear-in and wear-out, and above all the incremental effect above a baseline—are theoretical objects. An advertising case study is where those objects meet a real budget, a real schedule, and a real measurement problem. This chapter does not treat cases as decorative anecdotes about clever creative. It treats them as evidence, and its central discipline is the question every empiricist must ask of a campaign: did the advertising cause the outcome, or did the firm advertise because it already expected the outcome? That question is not pedantic. It is the difference between a celebrated campaign that paid and a celebrated campaign that merely coincided with sales the firm would have made anyway.

Three cases anchor the chapter, chosen because each has been studied with unusual rigor and each isolates a distinct lesson from Chapter 13. The first is the long program of split-cable field experiments run on consumer packaged goods, which established—decades before the digital-experiments literature—both that advertising can move sales and that its average effect is small, fragile, and easy to overstate (Lodish et al. 1995). The second is the eBay paid-search experiment, in which a firm that believed search advertising was highly profitable discovered, under randomization, that most of its measured return was selection rather than causation (Blake, Nosko, and Tadelis 2015). The third is the public-health advertising case, in which the dependent variable is widened from own-brand sales to societal behavior and a credible geographic baseline recovers a large effect that own-sales elasticities would have missed (Ghosh Dastidar, Sunder, and Shah 2023). Read together, the three cases trace the same arc the parent chapter draws: advertising works, most measured returns are illusory, and what separates the two is the quality of the counterfactual.

By the end of this chapter the reader should be able to map any campaign onto the formal apparatus of Chapter 13; state the baseline a credible evaluation requires and name the bias that contaminates the estimate when that baseline is missing; and distinguish a campaign that identified an advertising effect from one that merely correlated spending with sales. As with the branding cases of Chapter 70, the organizing unit is the construct, not the firm: each case is read through one piece of theory so that the theory is exercised and the case is disciplined.


72.1 The Inferential Problem, Restated for Campaigns

Chapter 13 establishes that the naïve sales-on-advertising regression

yit=βait+𝐱it⊤𝛄+εit(72.1)
y_{it} = \beta\, a_{it} + \mathbf{x}_{it}^{\top}\boldsymbol{\gamma} + \varepsilon_{it}
 \qquad(72.1)

recovers the causal effect β\beta only when 𝔼[εitait]=0\mathbb{E}[\varepsilon_{it}\,a_{it}]=0, and that this condition fails whenever a firm sets advertising aita_{it} in anticipation of a demand shock that enters εit\varepsilon_{it}. Because firms target favorable conditions—their best markets, their peak seasons, their most promising launches—the omitted shock loads positively onto β̂\hat\beta, so observational case readings overstate effectiveness (Gordon et al. 2017; Lewis and Rao 2015). A campaign that looks brilliant in a before–after sales chart may simply have been scheduled into a quarter the firm already knew would be strong.

The corrective concept, following Gordon, Jerath, et al. (2019), is the incremental effect: the lift in behavior above the baseline the consumer would have exhibited absent the exposure. Formally, with potential outcomes Yi(1)Y_i(1) and Yi(0)Y_i(0) under exposure and no exposure, the target is the average treatment effect

τ=𝔼[Yi(1)−Yi(0)],(72.2)
\tau = \mathbb{E}\!\left[\,Y_i(1) - Y_i(0)\,\right],
 \qquad(72.2)

and the entire difficulty is that Yi(0)Y_i(0)—what would have happened without the ad—is never observed for an exposed unit. A case study earns evidentiary value precisely to the extent that it constructs a credible estimate of Yi(0)Y_i(0): a randomized control arm, a holdout of untreated markets, or a sharp discontinuity across an advertising boundary. The three traps below recur across all three cases and are worth naming once.









	Trap
	What it is
	Antidote in a case





	Targeting endogeneity
	Firm advertises where/when it expects to sell
	Randomize exposure, or hold out comparable untreated units



	Selection in attribution
	Credited touchpoints are chosen by the consumer, not assigned
	Compare to who would have converted anyway



	Survivorship
	Only the campaigns that “worked” become famous
	Ask what comparable campaigns that failed did





The arrangement of the chapter follows Figure 72.1: each case supplies relatively clean variation in one identification strategy from Chapter 13 and thereby teaches one construct with minimal confounding.
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Figure 72.1: Mapping each advertising case (left) to the identification strategy it exemplifies (center) and the construct from the Advertising chapter it teaches most cleanly (right).










72.2 Case 1 — Split-Cable Experiments: How Big Is the Effect, Really?

The longest-running attempt to measure advertising’s effect causally predates the digital era. Through the 1980s and early 1990s, the IRI BehaviorScan system ran split-cable field experiments: in test markets wired so that matched panels of households could be served different television advertising while their purchases were tracked through scanner panels, the advertiser’s weight could be raised in a randomly assigned treatment group and held fixed in a control group. This is, in the language of Chapter 13, a genuine randomized field experiment—the benchmark row of Table 13.2—because exposure is assigned rather than chosen, so the control panel furnishes a direct estimate of the unobserved Yi(0)Y_i(0) in 22. Lodish et al. (1995) analyze roughly 389 such tests and report the empirical generalizations that have disciplined the field ever since.


Increasing the weight of advertising alone, with no change in copy, media plan, or target, has no reliable effect on sales for established products; about half of the heavy-up tests show no significant sales effect at all. When advertising does work, it tends to be because something other than weight—new copy, a new media strategy, a new product, or a category-expansion message—has changed.



Two lessons from Chapter 13 fall directly out of this corpus. The first is that short-run advertising elasticities are small, consistent with the meta-analytic benchmark that the short-term advertising elasticity for established brands is on the order of 0.10.1 (Gerard J. Tellis and Wernerfelt 1987), and with the broader finding that elasticities decline over the product life cycle (Vakratsas and Ambler 1999). An established brand’s consumers already know it; additional gross rating points clear no new stage of the persuasion chain of Equation 13.1, because the presentation and attention stages were already cleared in prior years. The second lesson is wear-out: where weight increases did move sales, the effect was concentrated early and decayed with repetition, the field analogue of the laboratory wear-out Batra and Ray (1986a) document when counterargument production rises with repeated exposure. The managerial implication the Lodish et al. (1995) authors draw is therefore not “spend more” but “spend differently”—change the message rather than the weight—precisely because weight operates on stages of the chain that are already saturated for a mature brand.

The split-cable program also illustrates why famous before–after charts mislead. A brand that ran a heavy fourth-quarter campaign and saw sales rise has not identified τ\tau; it has measured 𝔼[Yi(1)∣advertised in Q4]\mathbb{E}[Y_i(1)\mid \text{advertised in Q4}] against its own pre-period, which mixes the ad effect with the seasonal shock the firm anticipated when it chose Q4. The split-cable design defeats this by holding the same weeks fixed across treatment and control panels in the same market, so the seasonal shock differences out. The following simulation reproduces the core finding: a small true weight effect, recoverable by the experiment but inflated by the naïve before–after read that targeting contaminates.


set.seed(46)

n_house   <- 4000                 # panel households
true_lift <- 0.03                 # true incremental effect of the heavy-up: +3%

# A seasonal demand shock the brand SEES and schedules its heavy-up into.
season <- rnorm(n_house, 0, 1)

# Naive "field" data: the brand heavies-up where the season looks strong, so
# exposure is correlated with the shock (targeting endogeneity).
heavy_obs <- as.integer(season + rnorm(n_house, 0, 0.5) > 0)
base_sales <- 10 + 2.0 * season
sales_obs  <- base_sales * (1 + true_lift * heavy_obs) + rnorm(n_house, 0, 1)

naive_lift <- (mean(sales_obs[heavy_obs == 1]) -
               mean(sales_obs[heavy_obs == 0])) / mean(base_sales)

# Split-cable: RANDOM assignment within the same market and weeks, so exposure is
# orthogonal to the season.
treat_rand <- rbinom(n_house, 1, 0.5)
sales_exp  <- base_sales * (1 + true_lift * treat_rand) + rnorm(n_house, 0, 1)
exp_lift   <- (mean(sales_exp[treat_rand == 1]) -
               mean(sales_exp[treat_rand == 0])) / mean(base_sales)

cat("True incremental lift      :", paste0(round(100 * true_lift, 1), "%"), "\n")
#> True incremental lift      : 3%
cat("Naive before/after read    :", paste0(round(100 * naive_lift, 1), "%"),
    " (inflated by targeting)\n")
#> Naive before/after read    : 32.5%  (inflated by targeting)
cat("Split-cable experiment     :", paste0(round(100 * exp_lift, 1), "%"),
    " (recovers the truth)\n")
#> Split-cable experiment     : 3.2%  (recovers the truth)




The naïve contrast overstates the effect because exposure correlates with the season the brand targeted; randomization within the market severs that correlation and returns the small true lift. This is the same mechanism the parent chapter simulates for the geo-baseline case, here grounded in a real measurement system. The split-cable program’s enduring contribution is that it made the smallness of the average effect credible: it came not from a skeptical regression but from hundreds of randomized tests run by advertisers who expected to find large effects.



72.3 Case 2 — eBay Paid Search: When the Return Is Mostly Selection

If split-cable taught that weight effects are small, the eBay paid-search experiment taught the deeper lesson that an entire measured return can be an artifact of attribution selection. Blake, Nosko, and Tadelis (2015) study eBay’s search-engine marketing across two designs. For branded keywords—queries containing the word “eBay”—they exploit a natural experiment created when eBay stopped bidding on its own brand terms on one engine. For non-branded keywords, they run a large randomized geo experiment, switching paid search off in a random subset of designated market areas and comparing sales to the markets where it stayed on. Both designs construct Yi(0)Y_i(0) honestly: the turned-off markets and the post-shutdown period estimate what sales would have been without the ads.

The result overturned the firm’s prior. The branded-keyword shutdown produced no measurable drop in sales: consumers who searched for “eBay” and would otherwise have clicked the paid link simply clicked the adjacent organic link to the same site, so the firm had been paying for traffic it would have received for free. The mechanism is pure attribution selection—the consumer, not the advertiser, had already selected eBay by typing its name, so the paid ad received conversion credit it did not cause. For non-branded keywords the picture was more nuanced: returns were positive for new and infrequent users but near zero or negative for the frequent users who dominate spend, so the average return on the search budget was far below the firm’s internal estimate and, on the relevant margin, negative.

The case is a clinic in why Equation 72.1 is biased even when the regression is sophisticated. The standard industry attribution model credits a sale to the last (or some weighted set of) clicks that preceded it. But the clicks a consumer makes are selected by the consumer, exactly the selection-in-attribution trap, so the correlation between paid clicks and conversions confounds the consumers the ads caused to convert with the far larger pool who would have converted regardless. The randomized holdout is what separates the two, and it revealed that the second pool dominated. The accounting is identical to the organic-versus-paid decomposition the parent chapter formalizes for the fake-news case (Equation 13.7): total demand is the sum of organic and ad-referred components, and a credible evaluation must net out the organic share that the advertising merely intercepted rather than created.

A small decision-theoretic calculation makes the managerial stakes concrete. Suppose a fraction θ\theta of paid-search conversions would have occurred organically anyway. Then the true incremental cost per acquired customer is the reported cost-per-click figure divided by (1−θ)(1-\theta) of conversions that are genuinely incremental, and the naïve return-on-ad-spend (ROAS) overstates the true ROAS by a factor of 1/(1−θ)1/(1-\theta).


set.seed(460)

clicks            <- 100000          # paid clicks purchased
conv_rate         <- 0.05            # conversions per click
margin_per_conv   <- 12              # gross margin per conversion ($)
cost_per_click    <- 0.40            # paid CPC ($)

conversions       <- clicks * conv_rate
ad_spend          <- clicks * cost_per_click
naive_roas        <- (conversions * margin_per_conv) / ad_spend

# theta: share of paid conversions that would have happened organically (the eBay
# branded-keyword lesson: for brand terms theta is close to 1).
theta_grid <- c(0.0, 0.3, 0.6, 0.9)
incremental_roas <- (conversions * (1 - theta_grid) * margin_per_conv) / ad_spend

roas_table <- data.frame(
  theta_organic    = theta_grid,
  naive_ROAS       = round(naive_roas, 2),
  incremental_ROAS = round(incremental_roas, 2),
  profitable       = ifelse(incremental_roas > 1, "yes", "no")
)
roas_table
#>   theta_organic naive_ROAS incremental_ROAS profitable
#> 1           0.0        1.5             1.50        yes
#> 2           0.3        1.5             1.05        yes
#> 3           0.6        1.5             0.60         no
#> 4           0.9        1.5             0.15         no




When θ\theta is large—as it is for branded keywords, where nearly every conversion would have arrived organically—the incremental ROAS collapses below one and the spend destroys value, even though the naïve ROAS looks handsomely positive. The eBay case is the empirical demonstration that this is not a hypothetical: a sophisticated firm spent for years on the high-θ\theta margin because its attribution model could not see θ\theta. The lesson generalizes far beyond search. Any channel evaluated by crediting observed conversions, rather than by comparison to a randomized holdout, is exposed to the same upward bias, and the bias is largest exactly where the channel reaches consumers who were already going to buy.1



72.4 Case 3 — Advertising as Public Policy: Widening the Dependent Variable

The first two cases shrink the estimated effect of advertising by measuring it honestly. The third shows the complementary move Chapter 13 recommends when own-brand sales elasticities are small and noisy: widen the dependent variable and find a setting where a credible baseline can be constructed for the broader outcome. Ghosh Dastidar, Sunder, and Shah (2023) study television advertising that carried COVID-19 narratives during the early pandemic and ask whether brand-sponsored advertising changed societal behavior—specifically, social distancing—rather than sales. The outcome is mobility measured from mobile-device data, and the identification strategy is a border design from Table 13.2: television-market (DMA) boundaries cut across county and even state lines, so two adjacent counties can sit in different ad markets and receive different advertising while sharing local conditions. Comparing mobility across that discontinuity estimates the advertising effect while differencing out the local shocks that confound a naïve comparison.

The estimated effect is large where one would least expect advertising to matter: TV ads with COVID narratives raised social-distancing behavior, and the effect was about eleven times larger in counties without government stay-at-home mandates than in counties with them. The interaction is the substantively important result. Where public policy already compelled the behavior, the marginal persuasive content of an ad added little; where policy was absent, brand-sponsored messaging substituted for the missing mandate. In the language of Chapter 13, the advertising cleared the yielding and behavior stages of the persuasion chain (Equation 13.1) for a population whose behavior was not already determined by law, and added nothing for a population whose behavior the law had already fixed.

The border design earns its credibility the way the split-cable and geo experiments earn theirs: by constructing Yi(0)Y_i(0). The untreated side of the DMA boundary estimates what the treated side’s mobility would have been absent the COVID advertising, and the boundary’s arbitrariness with respect to local conditions is the identifying assumption. What would break it is the sorting flagged in Table 13.2—if counties on the treated side differed systematically in some mobility-relevant way that also tracks the DMA boundary—which is why the design restricts attention to narrow bands around the border where such sorting is least plausible. The following simulation reproduces the estimator and its central interaction.


set.seed(4600)

n_pairs   <- 500                  # matched cross-border county pairs
true_eff_nomandate <- 0.11        # ad effect on distancing where no mandate (+11pp)
true_eff_mandate   <- 0.01        # ad effect where a mandate already binds (+1pp)

# Each pair shares a local baseline; one side is in the "treated" DMA (ran COVID ads).
local_base <- rnorm(n_pairs, 0.50, 0.08)        # baseline distancing rate
mandate    <- rbinom(n_pairs, 1, 0.5)           # does a local mandate bind?

treated_side <- local_base +
  ifelse(mandate == 1, true_eff_mandate, true_eff_nomandate) +
  rnorm(n_pairs, 0, 0.03)
control_side <- local_base + rnorm(n_pairs, 0, 0.03)

# Border estimator: within-pair difference (treated DMA minus control DMA),
# split by whether a mandate binds.
within_diff <- treated_side - control_side
est_nomandate <- mean(within_diff[mandate == 0])
est_mandate   <- mean(within_diff[mandate == 1])

cat("Effect where NO mandate (truth 0.11):", round(est_nomandate, 3), "\n")
#> Effect where NO mandate (truth 0.11): 0.109
cat("Effect where mandate binds (truth 0.01):", round(est_mandate, 3), "\n")
#> Effect where mandate binds (truth 0.01): 0.014
cat("Ratio (no-mandate / mandate):",
    round(est_nomandate / est_mandate, 1), "x\n")
#> Ratio (no-mandate / mandate): 7.7 x




The within-pair difference recovers both effects and their roughly order-of-magnitude ratio, illustrating how a discontinuity design isolates the advertising effect and the condition that moderates it. The case completes the chapter’s arc. Advertising’s own-sales effect is small and easily overstated (Case 1); much of its measured digital return is selection that a holdout dissolves (Case 2); yet when the dependent variable is widened to a behavior the firm genuinely moves and a sharp baseline is available, a real and policy-relevant effect emerges (Case 3). In every instance the verdict turns on the same thing: the credibility of Yi(0)Y_i(0), not the fame of the campaign.



72.5 Cross-Case Synthesis

Reading the three cases together produces a comparison that is more instructive than any one of them. Table 72.1 records, for each, the construct it teaches, the strategy by which it builds a baseline, and the bias that would have contaminated the estimate had that baseline been missing.




Table 72.1: Cross-case synthesis of the three advertising cases: the construct each teaches, its baseline strategy, and the bias that would arise absent a credible baseline.











	Case
	Construct taught
	Baseline strategy
	Bias absent the baseline





	Split-cable CPG (Lodish et al. 1995)
	Small, decaying weight elasticities; wear-out (Gerard J. Tellis and Wernerfelt 1987; Batra and Ray 1986a)
	Randomized panels in-market
	Targeting endogeneity inflates the effect



	eBay paid search (Blake, Nosko, and Tadelis 2015)
	Selection vs. causation in attribution
	Randomized geo / shutdown holdout
	Organic traffic credited to paid ads



	Public-health TV (Ghosh Dastidar, Sunder, and Shah 2023)
	Incremental effect on a widened outcome
	Cross-DMA border discontinuity
	Local shocks confounded with exposure










The single thread is Gordon, Jerath, et al. (2019)’s: an advertising effect is a credibly constructed increment above a baseline, and the three cases differ only in how they build that baseline—by randomizing within a market, by withholding a random set of markets, or by exploiting an arbitrary advertising boundary. None relies on the sophistication of a regression; all rely on the design of a counterfactual. The cases also rehearse the survivorship caution of Chapter 70 from the advertising side: campaigns that appear to have worked are over-represented in trade lore precisely because apparent success is what gets a campaign remembered, so a portfolio of celebrated campaigns is a sample drawn on the outcome. The corrective is the same one the split-cable program embodied at scale—measure against a control that was assembled before the result was known.

A final note connects these cases back to the behavioral theory of Chapter 13. The smallness of weight effects for mature brands (Case 1) is exactly what the persuasion chain of Equation 13.1 predicts once a brand’s consumers have already cleared its early stages; the dominance of selection in branded search (Case 2) is what one expects when the consumer has already yielded and is merely executing a known choice; and the mandate interaction in the public-health case (Case 3) is the behavior stage made visible—advertising moves behavior only where behavior is not already determined by another force. The econometrics and the psychology are not rival accounts. The identification design tells the analyst how large the effect is, and the behavioral model tells her why it is that large, and where.



72.6 Key Takeaways


	An advertising case is evidence about an effect, not proof that a campaign paid; its value is entirely in the credibility of the counterfactual Yi(0)Y_i(0) it constructs

	(Gordon, Jerath, et al. 2019).




	Decades of randomized split-cable tests established that pure weight increases for established brands usually do not move sales, and that elasticities are small and decay with repetition—wear-out made visible at scale (Lodish et al. 1995; Gerard J. Tellis and Wernerfelt 1987; Batra and Ray 1986a).

	Much of the measured return to digital advertising is selection: crediting observed conversions confounds customers the ad caused with customers who would have bought anyway, a bias that an experimental holdout dissolves (Blake, Nosko, and Tadelis 2015).

	Widening the dependent variable—from own-brand sales to societal behavior—and exploiting a sharp geographic baseline can recover large, policy-relevant effects that own-sales elasticities miss (Ghosh Dastidar, Sunder, and Shah 2023).

	Across all three, the verdict turns on the baseline, not the regression; naïve before–after and last-click reads overstate effectiveness because firms and consumers both select exposure (Gordon et al. 2017; Lewis and Rao 2015).
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1. The methodological remedy is the always-on holdout: a small, randomly withheld audience that never receives the channel, against which the treated audience is continuously benchmarked. This operationalizes 22 at the level of a live marketing program and is the production-grade descendant of the split-cable design of Lodish et al. (1995). The cost is a deliberately forgone slice of reach; the return is an unbiased estimate of τ\tau rather than a self-confirming attribution report.





Appendices

:::




73 Selected Topics in Marketing Strategy and Measurement

The chapters that precede this one each develop a single construct in depth. This one is deliberately broader. It collects a set of problems that are central to marketing science yet do not belong to any one substantive domain: how scholarly knowledge itself diffuses and accrues influence; how measurement breaks down when the unit of observation fractures across devices; how the marketing function earns and loses power inside the firm; and how a firm’s resources condition the returns to the marketing actions it takes. What unites them is a methodological posture rather than a topic. Each is, at bottom, an identification problem—an attempt to recover a causal or latent quantity from data that were not generated by a clean experiment—and each rewards the same discipline: state the estimand, write down the model that maps it to observables, and be explicit about the assumption whose failure would invalidate the answer.

The reader who finishes this chapter should be able to (i) reason about latent, time-varying drivers of an outcome using a hidden-state formalism; (ii) diagnose and sign the biases that cross-device identity fragmentation injects into advertising-effect estimates; (iii) connect organizational structure—the power of the marketing department, the mix of firm capabilities—to financial performance through mediation and contingency arguments; and (iv) frame the resource–deployment interaction that determines whether a given marketing action pays off. Throughout, intuition leads and the formalism follows in full, as the house style requires.


73.1 The Citability of Research: Influence as a Latent, Dynamic State

Marketing scholars spend their careers producing a product—published research—and then compete for its adoption by other scholars. Citations are the revealed-demand data for that product, and the question of why some papers are cited and others are not is a marketing question in the most literal sense. The overt drivers are familiar: the prestige of the journal, the substance of the article, the standing of the authors, and the self-reinforcing “Matthew effect” by which early advantage compounds into later advantage. S. Li, Sivadas, and Johnson (2015) argue that these observables miss a latent driver, which they name citability: the time-varying degree to which an article is relevant and relatable to its field, and hence the propensity with which the field draws on it.

The key word is time-varying. A paper’s influence is not a fixed attribute stamped at publication; it evolves as the field’s attention shifts, as complementary work appears, and as the article’s ideas move into or out of fashion. Modeling this requires a construct that is (a) unobserved, (b) dynamic, and (c) coupled to a count outcome—annual citations—that is frequently zero. The zeros are not incidental. A large share of articles go uncited in any given year, and a model that cannot represent uncitedness will misattribute those zeros to low intrinsic quality rather than to a transient low-citability state.


73.1.1 A Hidden-Markov Tobit Formalism

S. Li, Sivadas, and Johnson (2015) meet these three requirements with a discretized Tobit model governed by a hidden Markov process, fit to articles in seven premier marketing journals published between 1996 and 2003. The construction is worth giving in full because it is a template for any setting where a latent state drives a censored or count outcome over time.

Let Sit∈{1,…,K}S_{it} \in \{1,\dots,K\} denote the unobserved citability state of article ii in year tt. The state evolves as a first-order Markov chain with K×KK \times K transition matrix 𝐐\mathbf{Q}, whose entries

qjk=Pr(Sit=k∣Si,t−1=j)(73.1)
q_{jk} = \Pr\!\left(S_{it}=k \mid S_{i,t-1}=j\right)
 \qquad(73.1)

give the probability of moving from state jj to state kk between consecutive years. S. Li, Sivadas, and Johnson (2015) find that K=2K=2 states suffice: a high-citability and a low-citability regime. Conditional on the state, a latent citation propensity yit*y_{it}^{*} is generated as a linear function of the overt drivers,

yit*=𝐱it⊤𝛃Sit+εit,εit∼𝒩(0,σSit2),(73.2)
y_{it}^{*} = \mathbf{x}_{it}^{\top}\boldsymbol{\beta}_{S_{it}} + \varepsilon_{it},
\qquad \varepsilon_{it}\sim\mathcal{N}(0,\sigma^{2}_{S_{it}}),
 \qquad(73.2)

where 𝐱it\mathbf{x}_{it} collects journal, content, and author covariates and the coefficient vector 𝛃Sit\boldsymbol{\beta}_{S_{it}} is state-dependent—the same covariate can matter in one regime and not the other. The observed citation count is the Tobit-style censoring of the latent propensity at zero,

yit=max(0,yit*),(73.3)
y_{it} = \max\!\left(0,\; y_{it}^{*}\right),
 \qquad(73.3)

so that an article in the low-citability state produces an observed zero whenever its latent propensity falls below the threshold. This is precisely the mechanism that lets the model represent uncitedness as a state, not as evidence of permanent irrelevance.


Citability. A latent, time-varying attribute of a published article measuring how relevant and relatable it is to its field, which governs—through a hidden Markov regime—the propensity of the field to cite it, and which can shift an article between high- and low-influence states over its life.



Estimation proceeds by maximum likelihood. The likelihood of an article’s full citation trajectory 𝐲i=(yi1,…,yiT)\mathbf{y}_i = (y_{i1},\dots,y_{iT}) marginalizes over the unobserved state path using the forward–backward (Baum–Welch) recursion standard for hidden Markov models: the forward variable αit(k)=Pr(yi1,…,yit,Sit=k)\alpha_{it}(k)=\Pr(y_{i1},\dots,y_{it}, S_{it}=k) is propagated as

αit(k)=[∑jαi,t−1(j)qjk]f(yit∣Sit=k),(73.4)
\alpha_{it}(k) = \Big[\textstyle\sum_{j} \alpha_{i,t-1}(j)\,q_{jk}\Big]\,
f\!\left(y_{it}\mid S_{it}=k\right),
 \qquad(73.4)

where f(⋅∣Sit=k)f(\cdot\mid S_{it}=k) is the censored-normal density implied by Equation 73.2 and Equation 73.3, and the article-level likelihood is ∑kαiT(k)\sum_k \alpha_{iT}(k). Identification of the two regimes rests on three assumptions that the analyst must defend: the Markov order (one lag of the state carries all dynamics), the conditional independence of citation counts given the state path, and sufficient separation of the state-specific parameters (𝛃k,σk)(\boldsymbol{\beta}_k,\sigma_k) for the states to be empirically distinguishable rather than label-switched artifacts. The substantive payoff is that influence is shown to be dynamic: the same paper can move between regimes, and the overt drivers have regime-specific effects, a structure that static citation-count regressions cannot represent. Figure 73.1 assembles these pieces into a single schematic, from the latent two-state chain through the censoring that yields the observed count.
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Figure 73.1: The hidden-Markov citability model. An unobserved two-state chain (high vs. low citability) evolves via the transition matrix Q; conditional on the current state, overt drivers generate a latent citation propensity that is censored at zero to yield the observed annual citation count.










73.1.2 From Influence to Relevance

Citability concerns influence within the academic field. A distinct and equally strategic question is whether marketing scholarship is relevant outside it—to practice. Jedidi et al. (2021) operationalize this with an index of relevance to marketing, R2M, that scores publications on their relevance to practitioners along two dimensions, the topic addressed and the time horizon over which it matters. Read together, the two constructs partition the value of a marketing paper into an internal coordinate (influence on other scholars, captured by citability) and an external one (usefulness to managers, captured by R2M). The pairing is a useful reminder that “impact” is not a scalar: a paper can score high on one axis and low on the other, and the field’s incentive structure determines which axis researchers optimize.




73.2 Measurement Under Identity Fragmentation

Causal measurement in marketing presumes that the analyst can match a treatment (an ad exposure) to an outcome (a purchase) at the level of a single decision maker. Modern digital reality violates that premise. A consumer browses on a phone, researches on a laptop, and buys on a tablet, and absent perfect cross-device linkage the analyst observes three identities where there is one person. T. Lin and Misra (2022) shows that this identity fragmentation is not a nuisance to be waved away but a structured source of bias that contaminates the very advertising-effect estimates marketing most cares about. The contribution is to decompose the bias into three mechanically distinct channels and to state, for each, the exact condition under which it vanishes.


73.2.1 Three Channels of Bias

The first channel is outcome fragmentation, which produces classical attenuation. When one person’s two devices are counted as two identities, the total purchase outcome is unchanged but is now spread across an artificially inflated number of observations. The measured per-identity outcome is therefore a shrunken version of the truth, and any regression of outcome on exposure inherits the shrinkage. The disquieting implication is that this bias disappears only when the true effect is itself zero: for any genuine advertising effect, outcome fragmentation guarantees that the estimate is biased toward null.

The second channel is exposure fragmentation, which behaves like omitted variable bias. The estimand of interest is the effect of a consumer’s total cross-device exposure, but the fragmented data condition only on within-device exposure, omitting the consumer’s exposures on her other devices. The omitted cross-device exposure is correlated with both the included exposure and the outcome, so the coefficient is biased. This bias vanishes only under the implausible exclusion restriction that exposure on one device never influences purchase on another—a condition that the entire premise of cross-channel advertising denies.

The third channel is spurious covariance, which arises from device-level activity bias: consumers systematically use different devices for different stages of the funnel—browsing on one, buying on another—so device usage is correlated with purchase propensity for reasons unrelated to advertising. Differential exposure levels and cross-device substitution then induce covariance between measured exposure and outcome that is not causal. T. Lin and Misra (2022) notes that estimating a separate model for each device type can purge the device-level activity-bias component of this channel, because within a device type the differential-usage confound is held fixed. Table 73.1 summarizes the three channels, the statistical analogue of each, and the condition under which each bias vanishes.


frag <- data.frame(
  Channel = c("Outcome fragmentation",
              "Exposure fragmentation",
              "Spurious covariance"),
  `Statistical analogue` = c("Attenuation (measurement error)",
                             "Omitted-variable bias",
                             "Confounding via device-activity bias"),
  `Vanishes only if` = c("True effect equals zero",
                         "No cross-device exposure spillover",
                         "Per-device models (removes activity bias)"),
  check.names = FALSE
)
knitr::kable(frag)





Table 73.1: The three biases from identity fragmentation, their statistical analogue, and the condition under which each vanishes (after Lin and Misra 2022).











	Channel
	Statistical analogue
	Vanishes only if





	Outcome fragmentation
	Attenuation (measurement error)
	True effect equals zero



	Exposure fragmentation
	Omitted-variable bias
	No cross-device exposure spillover



	Spurious covariance
	Confounding via device-activity bias
	Per-device models (removes activity bias)
















73.2.2 A Worked Illustration of Attenuation

The attenuation channel is sharp enough to demonstrate with a small simulation. Suppose advertising has a genuine positive effect on purchase. We generate person- level data, then fragment each person into two device-identities that split the person’s exposure and outcome, and compare the naive per-identity regression slope to the truth.


set.seed(42)

simulate_attenuation <- function(frac_multi, n = 5000, beta_true = 1.0) {
  exposure <- rpois(n, lambda = 4)
  purchase <- beta_true * exposure + rnorm(n, sd = 2)
  multi    <- runif(n) < frac_multi          # which people use two devices

  # Each multi-device person is split into two identities sharing the totals.
  id_exposure <- c(exposure[!multi],
                   exposure[multi] / 2, exposure[multi] / 2)
  id_purchase <- c(purchase[!multi],
                   purchase[multi] / 2, purchase[multi] / 2)

  coef(lm(id_purchase ~ id_exposure))[["id_exposure"]]
}

fracs  <- seq(0, 0.9, by = 0.1)
slopes <- vapply(fracs, simulate_attenuation, numeric(1))

plot(fracs, slopes, type = "o", pch = 19, col = "red",
     ylim = c(0, 1.1), xlab = "Fraction of consumers using multiple devices",
     ylab = "Estimated advertising effect",
     main = "Attenuation under identity fragmentation")
abline(h = 1.0, col = "blue", lwd = 2, lty = 2)
legend("bottomleft", bty = "n",
       legend = c("Fragmented estimate", "True effect = 1.0"),
       col = c("red", "blue"), pch = c(19, NA), lty = c(1, 2))






[image: ]



Figure 73.2: Identity fragmentation attenuates the estimated advertising effect. The fragmented per-identity slope (red) lies below the true person-level slope (blue); the gap widens with the share of consumers using multiple devices.








As Figure 73.2 shows, the estimate degrades monotonically as multi-device prevalence rises, exactly as the attenuation argument predicts.1 The lesson generalizes: any pipeline that treats device-identities as exchangeable for persons will under-report advertising effectiveness, and the under-reporting is worst in precisely the mobile-heavy, multi-screen segments that advertisers most want to reach.



73.2.3 Remedies and Their Failure Modes

Three remedies are available, each buying identification at a price. Identity linking—stitching device identities back into persons—is the first-best in principle but treacherous in practice: partially linked data can be worse than unlinked data, because a linkage that resolves some persons but not others introduces a new, selection-driven heterogeneity that can dominate the original bias. Experiment-based adjustment follows Coey and Bailey (2016), who recover the true effect from an experiment under the symmetric and independent exposures (SIE) assumption—that a consumer’s device-level exposures are exchangeable and independent. The estimator is clean when SIE holds, but T. Lin and Misra (2022) shows it remains biased whenever cross-device activity variation is present, because SIE is silent about differential device usage. Stratified aggregation offers a more robust, if coarser, route: first group consumers by geography, then bin each geographic group by combinations of demographic characteristics (e.g., age, gender, education), and estimate effects within bins where the fragmentation-inducing heterogeneity is approximately constant. The choice among the three is a bias–variance trade-off, and T. Lin and Misra (2022) is best read as a map of where each method’s identifying assumption breaks.




73.3 Marketing in the Firm: Power, Capabilities, and Performance

A second cluster of work asks how the marketing function fares inside the organization and whether its standing translates into firm value. The constructs are organizational—departmental power, firm-level capabilities, cross-functional relationships—but the empirical strategy is the financial-economics one of linking a marketing variable to long-run performance while ruling out confounds.


73.3.1 The Power of the Marketing Department

Feng, Morgan, and Rego (2015) track the power of the marketing department—its influence relative to other functions—across a cross-industry panel of 612 public U.S. firms from 1993 to 2008, using an objective metric rather than survey perceptions. Two findings stand out. First, marketing-department power rose materially over the period, against a prevailing narrative of marketing’s organizational decline. Second, and more consequentially, greater power predicts superior long-run total shareholder return more strongly than it predicts short-run return on assets (ROA)—the value of marketing influence accrues over horizons longer than a single fiscal year.

The mechanism is a mediation argument built on market-based assets. Power operates through two capability channels: long-run market-based-asset building and short-run market-based-asset leveraging. These capabilities partially mediate the effect of power on long-term shareholder value and fully mediate its effect on short-term ROA. The distinction matters for inference. Under the standard mediation logic, a fully mediated effect implies that, conditional on the capability channel, the direct path from power to ROA is statistically indistinguishable from zero—so the entire short-run benefit of marketing power runs through asset leveraging. A partially mediated effect leaves a residual direct path, indicating that long-run value creation has sources the measured capabilities do not capture. Identifying mediation credibly requires the usual assumptions—no unmeasured confounding of the power–mediator and mediator–outcome links, and correct temporal ordering—which panel structure helps but does not guarantee. Figure 73.3 traces these two capability channels and the differing degrees to which each mediates the short-run and long-run performance paths.
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Figure 73.3: Marketing-department power and firm performance. Power operates through two market-based-asset capabilities: building (long-run) and leveraging (short-run). The capabilities fully mediate the effect on short-run ROA and partially mediate the effect on long-run shareholder value.










73.3.2 Capabilities and Growth as a Contingency

If power is one organizational asset, capabilities are another, and their returns are not additive. Feng, Morgan, and Rego (2017) study how three firm capabilities—marketing, research and development (R&D), and operations—interact to drive revenue and profit growth, using panel data on 612 public U.S. firms observed over 16 years across 60 industries, and framed by contingency theory: the value of a capability depends on its complements and on the environment.

The interaction structure is the substance. R&D capability amplifies the growth effect of marketing capability—innovation gives marketing something worth selling—whereas operations capability attenuates it, plausibly because an operations orientation tuned for efficiency sits in tension with the demand-expanding thrust of marketing. Crucially, these interaction signs are not fixed constants but vary with two boundary conditions: market munificence (the abundance of growth opportunities) and competitive dynamism (the volatility of the competitive environment). A formalism makes the contingency explicit. Let growth gig_i for firm ii depend on marketing (MM), R&D (RR), and operations (OO) capabilities through

gi=βMMi+βRRi+βOOi+γMR(MiRi)+γMO(MiOi)+𝐳i⊤𝛅+ui,(73.5)
g_i = \beta_M M_i + \beta_R R_i + \beta_O O_i
      + \gamma_{MR}\,(M_i R_i) + \gamma_{MO}\,(M_i O_i) + \mathbf{z}_i^{\top}\boldsymbol{\delta} + u_i,
 \qquad(73.5)

where Feng, Morgan, and Rego (2017) find γMR>0\gamma_{MR}>0 and γMO<0\gamma_{MO}<0, and where the interaction coefficients are themselves modeled as functions of munificence and dynamism, γMR=γMR(munificence,dynamism)\gamma_{MR}=\gamma_{MR}(\text{munificence},\text{dynamism}). The managerial reading is direct: the optimal capability portfolio is environment-specific, and a firm that pairs marketing with R&D in a munificent market is exploiting a different complementarity than one defending share in a dynamic one. Identification here rests on the exogeneity of the interacted capabilities to the growth shock uiu_i—a strong assumption that the panel’s within-firm variation only partly relaxes.



73.3.3 Cross-Functional Coopetition

The capability story treats functions as inputs to be combined; X. Luo, Slotegraaf, and Pan (2006) asks how the relationships among them should be configured. Marketing’s interfaces with other departments are conventionally cast as either cooperative or competitive. X. Luo, Slotegraaf, and Pan (2006) breaks that dichotomy with coopetition: the simultaneous presence of cooperation and competition between functions. Drawing on data from mid-level managers and senior executives, the study finds that cross-functional coopetition raises both customer and financial outcomes—a result that runs against the intuition that internal competition is purely destructive.

The effect is not direct. It is channeled through market learning: coopetition generates the friction and information exchange that surface market intelligence, and that learning is what improves outcomes. Mediation through learning is the identifying claim, and it reframes internal competition as a knowledge-generating mechanism rather than a coordination failure—provided the competitive element remains coupled to a cooperative one rather than degenerating into pure rivalry.




73.4 Market Share, Customers, and Shareholder Value

A third cluster connects classic strategic levers—market share, customer portfolios—to profit and to the stock market’s assessment of the firm.


73.4.1 Why and When Market Share Drives Profit

Firms routinely set market share as an objective and treat it as a scorecard, on the presumption that share causes profit. A. Bhattacharya, Morgan, and Rego (2022) interrogate that presumption by estimating, simultaneously, the three theoretical mechanisms that the literature offers for the share–profit link: market power (large share confers pricing latitude), quality signaling (share is read by buyers as a proxy for quality), and operating efficiency (scale lowers unit cost). The simultaneity is the methodological point—prior work tends to examine one mechanism in isolation, which cannot apportion the total effect.

The result is that market power and quality signaling jointly explain most of the positive share-to-profit variance, while operating efficiency contributes little. Strikingly, the same two mechanisms dominate even in the cases where share and profit are negatively related—niche firms, and firms that “buy” share through unprofitable promotion—indicating that the mechanisms are structural features of the relationship rather than artifacts of the average case. The practical corollary is that a share-building strategy pays off to the extent it strengthens pricing power or quality perceptions, and not merely because it adds volume.



73.4.2 When Firing Customers Destroys (or Preserves) Value

Not all customers are profitable, and firms sometimes manage the unprofitable ones out. Feng, Morgan, and Rego (2020) ask what the stock market makes of unprofitable customer management (UCM) and use an event study to find out: they measure the abnormal stock return in a short window around announcements of UCM strategic decisions. On average the market reacts negatively, with a short-run abnormal return of about −0.53%-0.53\%—investors do not, by default, applaud the firing of customers.

The interpretation runs through signaling theory, decomposing the announcement into properties of the signal (the UCM strategy itself), the signaler (the firm), and the signaling environment. Indirect UCM strategies—raising fees, reducing service, nudging unprofitable customers to leave—are received more favorably than direct divestment, in which the firm overtly terminates customer relationships. Moreover, specific indirect strategies, executed with clear strategic intent and backed by strong marketing capabilities and positive media coverage, can offset the average negative reaction entirely. The event-study logic is the same one developed for brand-asset transactions in Chapter 11: the abnormal return ARit=Rit−𝔼[Rit∣market model]\mathrm{AR}_{it}=R_{it}-\mathbb{E}[R_{it}\mid\text{market model}] is cumulated over the event window and regressed on signal, signaler, and environment characteristics, after screening the window for confounding announcements. Its validity rests on market efficiency over the window and on the absence of contemporaneous confounds.




73.5 Resources, Deployment, and the Returns to Marketing Action

The final cluster takes up the resource-based view (RBV) of the firm and asks a question the preceding clusters presuppose: given a firm’s resources, what determines whether its marketing actions actually pay off?


73.5.1 Planning Capability and a Productive Paradox

Strategy scholars have long debated whether formal planning helps or hinders, and the evidence is genuinely mixed. Rebecca J. Slotegraaf and Dickson (2004) resolve part of the tension by viewing marketing-planning capability through the RBV and uncovering a paradox: a strong planning capability has two opposing consequences that can both improve performance. On one hand, good planning reduces the need for post-plan improvisation—execution follows the plan, and the firm avoids costly mid-course scrambling. On the other hand, it introduces process rigidity—a well-planned firm is less able to deviate when conditions change. The paradox is that each effect can be performance-enhancing in its own right: reduced improvisation lowers execution cost, while rigidity can protect a coherent strategy from value-destroying ad hoc revision. The net effect is therefore not signed a priori, which explains why the planning-performance literature reaches conflicting conclusions—it has been estimating a composite of two channels with opposite behavioral content.



73.5.2 Resources Condition the Returns to Deployment

Rebecca J. Slotegraaf, Moorman, and Inman (2003) sharpen the central RBV question. Marketing research has tended to study either a firm’s resources or its strategic and tactical actions, but neither alone explains competitive advantage. The authors introduce market deployment—the specific marketing actions a firm takes (distribution pushes, couponing, and the like)—and ask how a firm’s resource base governs the return to deployment. The estimand is therefore an interaction: the marginal effect of an action on outcomes, as a function of the resources the firm brings to it.

Using a secondary-data design and a sequence of hierarchical regressions, they find that resources directly shape deployment returns, and that the sign depends on the type of resource. High levels of intangible marketing resources and technological resources enhance the success of deployment activities such as distribution and couponing. Higher levels of financial resources, by contrast, reduce the efficiency of those same activities—plausibly because financial slack dulls the discipline that makes deployment effective. A compact representation makes the interaction explicit. Let yiy_i be the outcome of a deployment action DiD_i for firm ii holding a resource bundle 𝐫i\mathbf{r}_i:

yi=β0+βDDi+𝛉⊤(𝐫i⊙Di)+𝐫i⊤𝛟+εi,(73.6)
y_i = \beta_0 + \beta_D D_i + \boldsymbol{\theta}^{\top}(\mathbf{r}_i \odot D_i)
      + \mathbf{r}_i^{\top}\boldsymbol{\phi} + \varepsilon_i,
 \qquad(73.6)

where ⊙\odot denotes the element-wise product of the resource vector with the deployment intensity, and the interaction vector 𝛉\boldsymbol{\theta} carries the result: positive entries for intangible marketing and technological resources, negative for financial resources. The managerial implication is that the same marketing action is not equally productive across firms—its return is contingent on the resource base—and that resource abundance is not uniformly good, since financial slack can erode the efficiency of execution.




73.6 Sustainability as a Brand-Level Action

A final, more focused result connects the resource-and-action theme to a salient contemporary lever. Olsen, Slotegraaf, and Chandukala (2014) study the brand-level consequences of introducing environmentally sustainable (“green”) new products—an increasingly common, resource-intensive marketing action—integrating social identity and framing theories. Estimating a three-stage least squares (3SLS) system over green product introductions from 75 brands during 2009–2012, they find that green launches can improve brand attitude, but that the magnitude is conditional. The volume of green-centric messaging, the product’s typology, and the credibility of the information source jointly determine how much attitude moves, and a brand’s strategic positioning together with its product category governs whether a green launch is undertaken at all. The 3SLS specification is the methodologically load-bearing choice: because the decision to introduce a green product and its effect on brand attitude are jointly determined, single-equation estimation would confound selection with effect, and the simultaneous-equations system is what restores identification of the attitude effect net of the selection into green launches.



73.7 Key Takeaways


	Latent dynamics need latent-state models. Article influence is a time-varying hidden state; a hidden-Markov Tobit (Equation 73.1–Equation 73.3) represents both the dynamics and the uncitedness that count regressions miss (S. Li, Sivadas, and Johnson 2015). Impact is two-dimensional once external relevance (R2M) is added (Jedidi et al. 2021).

	Identity fragmentation is structured bias, not noise. Its three channels— attenuation, omitted cross-device exposure, and device-activity confounding—each vanish only under a specific, often implausible, condition, and partial identity linking can make matters worse (T. Lin and Misra 2022; Coey and Bailey 2016).

	Marketing’s organizational standing is priced. Department power predicts long-run shareholder value through market-based-asset capabilities (Feng, Morgan, and Rego 2015); capability returns are contingent and interactive (Feng, Morgan, and Rego 2017); and cross-functional coopetition pays off through market learning (X. Luo, Slotegraaf, and Pan 2006).

	Share and customer decisions reach the stock market through mechanisms. Market power and quality signaling—not efficiency—carry the share–profit link (A. Bhattacharya, Morgan, and Rego 2022), and unprofitable-customer management is read by investors as a signal whose reception depends on its form (Feng, Morgan, and Rego 2020).

	Resources condition the returns to action. Planning capability cuts both ways (Rebecca J. Slotegraaf and Dickson 2004); intangible and technological resources lift deployment returns while financial slack erodes them (Rebecca J. Slotegraaf, Moorman, and Inman 2003); and green-product effects are identified only once selection into launching is modeled jointly (Olsen, Slotegraaf, and Chandukala 2014).









1. The simulation splits each multi-device person’s exposure and outcome evenly across her two identities. Uneven splits, or splits correlated with the outcome, additionally activate the spurious-covariance channel; the even split isolates the pure attenuation effect.
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