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Modeling Choice Endogeneity in Consumer Experiments

ABSTRACT

A common goal in consumer behavior research is to understand how one evaluates products filtered
through some type of screening or selection process. Typical examples include post-choice satisfaction
ratings, certain “free recall” tasks, or the development of consideration sets followed by brand choice. In
such situations, what the researcher observes is contingent not only on those alternatives being evaluated,
but the process by which they have become available, creating a selection bias. That is, there may be
pronounced choice endogeneity. When substantial endogeneity is present, gauging effect strengths through
standard methods can introduce demonstrable biases. Models accounting for endogeneity are familiar in
the economics literature (notably Heckman 1979), and are becoming increasingly important in quantitative
marketing; however, the issue is largely absent from the consumer behavior literature. Moreover, certain
formal aspects of standard endogeneity models limit their range of use in experimental studies of consumer
judgment and decision making.

In this paper, we develop a class of models applicable to a broad range of decision problems in consumer
behavior, and provide a set of tools for their estimation. In particular, we consider situations in which a poly-
chotomous selection process limits which items offer up subsequent information. We illustrate the method
by analyzing an experiment in which subjects choose among, and then evaluate, a frequently-purchased
consumer good, as well as data first examined by Ratner, Kahn and Kahneman (1999). Results indicate
not only strong endogeneity, but that traditional specifications of the choice process — independent binary
selection, no endogeneity, and interval-scaled predictions — can lead to markedly different interpretations of

variable effects. Response heterogeneity in and of itself does not alter our substantive results.

KEYWORDS: Choice Models, Consumer Behavior, Decision-Making, Econometric Models, Sample Selec-

tion, Endogeneity, Heckman Model, Markov chain Monte Carlo, Hierarchical Bayes



1 Introduction

Sample selection bias is a common problem in academic disciplines characterized by field research — labor
economics and sociology, for example — in which it is not often possible to guarantee a random sample of
the population of interest. In these fields, researchers have come to rely on statistical models designed to
correct for the effects of self-selection and endogeneity. There is a long history of such models in economics,
dating back to the classic papers of Tobin (1958) and Heckman (1976, 1979), and recently there has been a
surge of interest in the topic among quantitative researchers in marketing, starting with the pioneering work
of Villas-Boas and Winer (1998) (see Draganska and Jain 2003 for a comprehensive review).

Endogeneity has recently become a concern in a wide variety of marketing-related contexts: consumer
choice dynamics under partial observability (Erdem, Imai and Keane 2003), share response in contiguous
areas (Bronnenberg and Mahajan 2001), competitive pricing (Besanko, Gupta and Jain 1998) and/or ad-
vertising (Chintagunta, Kadiyali and Vilcassim 1999), as well as promotional (Boatwright, Dhar and Rossi
2003) and retail pricing effects (Huang, Hardie and Putsis 2001). Chintagunta (2001) found that ignor-
ing endogeneity can even have a greater impact on estimated price elasticities than ignoring the effects of
heterogeneity. It has been long known that field data require careful treatment to circumvent potential endo-
geneity effects, a central motivator of the “structural economic modeling” approach (e.g., Berry, Levinsohn
and Pakes 1995; Reiss and Wolak 2002).

By contrast, corresponding demonstrations and methods suitable for studies in experimental consumer
research are very much lacking. Because they often have the luxury of randomly assigning subjects to
experimental conditions, laboratory researchers have been considered largely exempt from the need to be
concerned with problems of selection and endogeneity. Degeratu, Rangaswamy, and Wu (2001) suggest
that, to study internet purchase patterns, one “would ideally need to conduct a randomized experiment in
which some people are assigned to shop online and some are assigned to shop offline.” They underscore the
endogenous nature of field data, contrasting it with the controlled experimental settings typical to behavioral
researchers. If people were randomly exposed to products (without giving thought to which they might
like best), or were somehow randomly assigned to try some set of alternatives, product choice would be
exogenous: literally outside their control. Random assignment in experimental settings is thus supposed to
control for endogeneity. While in many cases it does, in others it does not.

In this paper, we show that choice endogeneity should be considered even in well-designed experimental



settings, and that selection or screening processes are frequently a critical, if unheralded, part of experimental

research in marketing. For example, consider the following situations:

e A consumer chooses among alternatives, then indicates satisfaction with his/her choice, either on a
continuous scale (Ratner, Kahn, and Kahneman 1999), or on a more limited or discrete one, such as a

1-to-7 scale (Brown 2003, Shiv and Huber 2000, Zhang and Fitzsimons 1999);

e A consumer chooses among alternatives, then makes a follow-up choice (Iyengar and Lepper 2000), or
decides whether to switch to another brand (Fitzsimons 2000); or a consumer chooses what product

information to examine, then chooses a brand (Braun 1999);

e A consumer develops a consideration set then makes a final choice (Haiibl and Trifts 2000); or a
consumer makes a sequences of choices reducing the set of alternatives by stages until only one remains

(Tversky 1972, Levin et al. 1991, 1998).

These are commonly encountered experimental situations in which selection bias may be relevant, because
only certain items ‘survive’ the selection to be observed at a later stage: we observe a post-choice satisfaction
rating for Brand X only if it is the brand actually selected; we can observe a switch away from Brand Y
only if Brand Y has indeed been chosen in the first place; we can observe choice of Brand Z only if Brand Z
made it into the consideration set. Other consumer situations that have received less experimental attention
may involve selection phases, such as rank-ordering a list of alternatives then choosing from the ranked list
(as with web-based intelligent agents). In short, results stemming from later stages of such processes are of
great interest to behavioral researchers, yet the earlier stages are rarely systematically accounted for.

One encounters three types of difficulties in applying the classic Heckman-type specification, consisting
of a binary selection submodel and an OLS prediction submodel, to the consumer behavior examples above.
First, the binary selection submodel assumes that each item in a choice set is considered independently of
others. This is seldom the case when studying individual decision making: for example, in making a single
choice among two alternatives, the choice of one eliminates the possibility of choosing the second, no matter
how appealing it may be. Secondly, the OLS prediction submodel is predicated on a continuous, unbounded
and linearly-related dependent variable. Evaluative outcomes in psychology and consumer research are
generally measured on a discrete, limited scale that possesses only ordinal properties. Finally, selectivity
models supported in standard software rarely allow for heterogeneity in consumer sensitivities, and never in

whether selectivity itself differs across subjects.



Our main goals in this paper, therefore, are: to develop models that, while similar in spirit, are more
directly applicable to the problems typically encountered in marketing, and other disciplines where choices
and evaluative processes are commonly studied; to provide tools for their estimation; and to present empirical
evidence for their importance using laboratory choice data. We take into account two processes: that by
which items are valued or chosen (what we will call “selection”) and that by which items are evaluated
(“prediction”).

We start by briefly reviewing the standard selectivity (Heckman type) model, cataloguing its strengths and
weaknesses as a tool for analyzing consumer decisions. This will lead to extensions in both submodels, and we
show how the resulting class of models can be readily estimated, both classically and through more general
Bayesian techniques. The models’ relative implications are explored by analyzing experimental data on
choice and post-choice satisfaction for a frequently-purchased consumer good, as well as data first examined
in Ratner, Kahn and Kahneman (1999). Results not only indicate strong endogeneity, but also that more
“traditional” specifications of the process (independent binary selection, no endogeneity, and interval-scaled
predictions) lead to substantially different interpretations of variable effects, though response heterogeneity,
intriguingly, does not. We conclude by illustrating how the same basic modeling and estimation approach

readily applies to a number of alternative specifications useful for experimental applications.
1.1 Endogeneity and the Heckman Framework

The standard Heckman (1979) selectivity model is typically given by a two-stage system of the following

type:
Vi = Xofstes, (1)
Y, = X,B,+o0e ifY,>0, (2)
(€s;p) ~ N[0,0,1,1,p]. 3)

The (second-stage) prediction variable, Y}, is observed only in cases where the (first-stage) selection variable,
Y, is positive. Each equation has its own set of regressors, {X,, X, }, so that each could be readily estimated
separately were their errors uncorrelated. The full system (1)-(3) is ordinarily estimated by maximum
likelihood techniques, though early lack of computation power spawned an extensive literature on two-step
estimation approaches (Nelson 1984); Lee (1983) and Winship and Mare (1992) provide numerous examples,
as well as discussions of their shortcomings. Hay (1980) and Dubin and McFadden (1984) introduced

similar selectivity models relying on two-step estimation techniques. When endogeneity, as measured by p,



is substantial, the two-step approach can be quite inaccurate (Puhani, 2000), and so we use full information
maximum likelihood (Nawata 1994) and modern MCMC methods instead.

It is important to highlight the role of p, which ‘picks up’ the correlation between the stochastic compo-
nents of the selection and prediction submodels. Blundell and Powell (2003) suggest that “the analysis of
data with endogenous regressors ... is arguably the main contribution of econometrics to statistical science.”
They further point out that while “endogeneity can arise from a number of different sources, including mis-
measured regressors, sample selection, heterogeneous treatment effects, correlated random effects in panel

)

data, etc.,” at its core, the endogeneity problem makes itself known through correlations in observed or,
in the case of latent variables, unobserved errors. The Heckman model reduces the issue to measuring a
single error correlation, p, and doesn’t aim to directly pinpoint the source of that correlation, for example
(as per Blundell and Powell), heterogeneity, omitted or mismeasured variables. Much literature attempts
to address these other sources of misspecification, particularly in limited dependent variable models, and we
direct readers to the recent paper of Honore and Hu (2002). In empirical applications using laboratory data,
it is important that researchers explicitly check whether supposed endogenous effects — as captured by error
correlations such as p in (3) — are robust to included exogenous regressors and coefficient heterogeneity. In
the two data sets we examine herein, findings of endogeneity are indeed robust in these ways, though this
cannot be presumed in general.

For all its elegance and successful application throughout macroeconomics, the system given by (1)-(3),
has a number of limitations when applied in other domains. Two are directly relevant for the present study:

a binary selection mechanism, and an interval-scaled dependent variable in the prediction equation. We

consider these in turn.

1.1.1 Polychotomous vs. Binary Selection Submodels

The nature of the binary Selection submodel (1) dictates that each item entered into the selection equation is
considered independently of all other items. This is justified when each of a set of items is considered on its
own merits, as when one offers admission to a graduate program for any and all students surpassing a certain
weighted index of standardized exam scores, past grades, and the like (Dawes 1979). Students are therefore
never directly compared with one another, so that the qualities of one student might render another less
likely to, literally, ‘make the cut’, at least once the cut is set (Feinberg and Huber 1996). In most marketing
contexts, however, items do compete for inclusion. Consider choosing an entrée from a menu. Whether the

restaurant is of high quality (many of the entrées are appealing) or poor (few or none are appealing), we do



not choose multiple items in the first case or zero in the second, but one in each. In terms of the selection
submodel, then, we choose exactly one item from a given set, and all that will matter is the between-item
comparison. Such a mechanism is foundational in brand choice models, which seek to explain which of a set
of competing brands will be chosen, given that a single choice is observed.

We therefore consider a ‘polychotomous’ selection submodel appropriate to marketing contexts in which
items compete for choice. That is, selection operates through a multinomial probit (discrete choice) model,
as opposed to the (independent) binary probit mechanism of (1). While these may appear superficially
similar, we will find that using a binary selection mechanism when a polychotomous one is called for can

yield markedly different conclusions regarding effects strengths.

1.1.2 Continuous Interval-Scaled Prediction Submodel

The second-stage Heckman Prediction submodel (2) is based on an OLS framework, suited to an interval-
scaled dependent variable. More common in marketing research, however, is a discrete, ordered scale with
a limited number of points (such as brand attitude measured on a 1-to-7 scale). Treating such dependent
variables as though they were interval-scaled creates a number of problems, for example, ceiling effects and
out-of-range predictions. Interval scaling also assumes that “a 6 vs. a 5” and “a 7 vs. a 6” represent
identical increases in consumer attitude. Presuming that each covariate comprising X, produces identical
unit changes throughout its range is an extraordinarily strong assumption, one which we shall empirically
test against. We thus extend (2) to account for ordinal predictions, which we take to be generated by
an underlying continuous reference variable, subject to cutoffs (as defined subsequently). By setting these
cutoffs to evenly-spaced values on the unit interval, we can directly test for underlying response linearity,
while still accommodating an ordinal observable.

Both submodels have been treated extensively in the econometric literature (Maddala 1983, Amemiya
1985, Agresti 1990). Our purpose is to examine them in the case where observation in the second stage is

contingent on the outcome of the first, and when their errors cannot be presumed independent.

2 Data and Notation

To simplify exposition, it is helpful to refer to data for two specific subjects, who are faced with choice sets

that may differ in composition and/or size:



Respondent Number Selection : Prediction : Selection Prediction

Number Choices Polychotomous Ordinal Covariates Covariates
r ky Y Y, X Xp
1 2 1 10 Xs1,[1:2] Xp,1,1:2]
1 2 0 - 5,1,[2:2] Xp,1,12:2]
2 3 1 9 Xs.2,[1:3) Xp,2,11:3]
2 3 0 - Xs,2,[2:3] ,2,[2:3]
2 3 0 - Xs,2,[3:3] ,2,[3:3]

We denote selection and prediction estimates as U ;. ik,] = Xs,r,[i:k,)8s and Uy 1 ji:6,] = Xp r [i:k,]8p- The
r subscript can be suppressed where clarity is not sacrificed, and, for simplicity, we number the alternative
chosen (i.e., selected) by each subject as [1 : k,.] or simply as 1. We therefore observe second-stage values

only for ¢ = 1, so that we refer unambiguously to U, |1.x,] or Uy 1.
2.1 Full Model: Polychotomous Selection, Ordinal Prediction and Endogeneity

As in the standard Heckman model (1)-(3), endogeneity is accounted for by considering joint error draws
from a standard bivariate normal distribution, (es,€,) ~ N [0,0,1,1,p].! The dependent measure in the
prediction submodel, Y}, is ordinal, and takes on consecutive integral values. This is modeled in the standard
manner, as probabilities of falling between cutoffs, {y;}, which are estimated. Thus, the joint probability

for a particular observation is:2

P Us,[l:k] + €s,[1:K] > {Us,[i:k] + Es,[i:k]}i>1 and Hij—1 < Up,[l:k] + O€p,[1:k] < :u']:| ) (4)

where o is an estimated dispersion parameter and the observed categorical response is j. In practice,
for identification purposes, we estimate only a subset of these, setting the upper cutoff for the smallest
observation in the data to zero and the lower cutoff for the largest to one. Thus, for ¢ ordinal response
categories, we estimate ¢ — 3 cutoffs in (0, 1), as well as the dispersion parameter o, with the convention that
po=—00, 41 =0 < pig < ... < ple_1 =1, pte = 00.3

If {637[i:k]} are multinormal with zero mean and identity covariance matrix, (4) can be readily evaluated

by integrating across €, [1.x]; because its only correlation is with €, 1.4}, the likelihood contribution is:

5(0) (H@ 10— (U — Usm]) A, [@ [“” ~Upiia) = “”9H &, 6
R

g
i>1 P

It is possible to impose a hierarchical specification on p itself, or to allow it its own (exogenous) covariates. We will explore
the former possibility empirically.

2For conciseness, we use T > {y;} to mean > max; y;.

3This scaling for cutoffs differs slightly from the standard one, which sets ¢ = 1 and leaves p._1 free. We avoid this scaling
because, all else equal, fixing o to unity allows the degree of error in the prediction submodel to determine the overall scale
for not only the cutoff values, but for the elements of 3, so that prediction submodels with smaller error will appear to have
larger effects coefficients. Setting the range of estimated cutoffs to (0,1) prevents this. Substantively, the two scalings are
interchangeable, differing only by a constant multiple.



where A; is the difference operator, A; [f (z;)] = f(x;) — f (z;—1). It is straightforward to estimate the
parameters implied by (5) using quadrature, simulated likelihood or other (classical) methods. If {Es,[i: k]} are
multinormal with arbitrary to-be-estimated (positive definite) covariance matrix, estimation is complicated
substantially, and one can appeal to Bayesian (MCMC) methods. In the Appendix, we show that it
is possible to choose a scaling for this estimated covariance matrix which preserves the joint distribution
(€s,€p) ~ N[0,0,1,1, p], and further, that this ‘sets the scale’ of the estimated effects coefficients {g;, 5, }

for model identification purposes.*

2.2 Model Specifications and Estimation

We compare models according to a 2 x 2 x 2 x 2 ‘design’, where the Selection submodel is either Binary
or Polychotomous, the Prediction submodel is either Linear-based or Ordinal, p is either fixed to zero or
estimated, and heterogeneity is allowed for or not. By “linear-based”, we mean a model whose cutoffs are
deliberately set apart at constant intervals; because the prediction submodel is identified up to linearity
(i.e., location and scale), the actual distance between cutoffs is not important, so we evenly subdivide the
unit interval, rendering the results directly comparable to the ordinal cutoff scaling. Note that this is not
equivalent to the more common OLS-based prediction submodel, which would be an a prior: misspecification:
while it most certainly would treat the dependent variable as linear, it would also presume not only continuity,
but boundedness.
Thus, the eight resulting joint models (each of which can include various forms of heterogeneity) are:

Model Selection Prediction FEndogeneity Model Selection Prediction FEndogeneity

Mpro Binary Linear p=0 Mpro Poly Linear p=0
Mpr, Binary Linear p#0 Mpp Poly Linear p#0
Mpo,o Binary Ordinal p=0 Mpo,o Poly Ordinal p=0
Mpo,, Binary Ordinal p#0 Mpo,p Poly Ordinal p#0

The non-endogenous (p = 0) models presume that the selection and prediction submodels are indepen-
dent, and can therefore be estimated separately. They serve as benchmarks, and we will not discuss them
other than in this capacity. For the polychotomous selection models, because all comparisons are between-
item, there is no estimated constant; for the binary probit selection models, a constant is required. Note that
the ordinal models nest the linear ones; the endogenous models nest those where p = 0; but the polychoto-

mous and binary models are not comparable in this manner.® Finally, any of the models can be estimated

4We are indebted to Terry Elrod for this derivation, as well as for the WINBuGs code which exploits it for efficient estimation
purposes. Extensive simulation studies — including several using the same number of categories and regressors as in the
forthcoming experiment, but varying regressor intercorrelation and degree of error correlation — verified estimation accuracy.
Simulation results for all models estimated here are available from the authors.

5Polychotomous models will appear to fit dramatically better than binary ones, because the sample space under binary



with and without heterogeneity. For this, we use a hierarchical specification, with a normal random effect
for each estimated parameter; for brevity, we include results only for the best-performing models, Mpo,,
and M po,p.6

We take the somewhat strong position that model Mpo , is ‘correct’, in the sense that whatever mis-
specifications it may be guilty of are present in all the other models as well, so any deviations are due to
parameter restrictions (e.g., linear cutoffs, p = 0) or overt misspecifications (binary probit selection). Note
that, for the non-endogenous models, the selection and prediction submodels can be estimated indepen-
dently, and so corresponding coefficients agree across models.” We have successfully estimated subsets of
the 8 models using numerous packages, specifically Tsp, LIMDEP, STATA and MATLAB; the polychotomous,
endogenous models — Mpo , and its linear variant Mpy, , — were estimated classically in TSP and from a
Bayesian perspective in WINBUGS.®2  We report posterior means for all parameters, noting that standard
MLE estimates correspond to a posterior mode under a flat prior, while we used highly diffuse, but weakly

informative, conjugate priors for our MCMC runs.
2.3 Model Comparison

Nested non-heterogeneous models can be compared classically through a likelihood-ratio (or Wald) test,
and we rely on such tests when they are applicable. However, the heterogeneous forms of the models are
not amenable to classical tests, and a variety of methods have appeared in the Bayesian literature. While
Bayesian model-testing is straightforward in theory, practice is another matter, with a good deal of debate
over numerical recipes for integrated likelihoods, as well as appropriate comparisons for hierarchical models
in which, to quote Spiegelhalter et al. (2002), “the number of parameters is not clearly defined”.

Although Damien and Walker (2002) give lie to the “myth” that the most complex of a set of candidate

selection consists of all 32 possible five-tuples with binary entries, while that for polychotomous selection further conditions on
there being but a single 1 among them. Thus, they have different observables, and cannot be compared using likelihoods or
measures relying on them, such as DIC.

6Recent work (e.g., Andrews, Ansari, and Currim 2002; Wedel et al. 1999) comparing finite mixture, hierarchical Bayes and
other heterogeneity models indicates that, substantively, they offer roughly equal performance in a variety of empirical settings.
In our applications, latent classes led neither to improvements nor alternate conclusions.

"Specifically, coefficients agree: for Selection in {]\lpo,o, Z\VIPL,O} and {]\130,0, ZWBL,O}; and for Prediction in
{Mpo,0,Mpo,0} and {Mpr,o, Mpr,o}. Thus, the tests for ordinality vs. linearity (Mpo,o vs. Mpr,0, MBo,o vs. MBL,o)
are identical.

8We achieved four significant digit agreement on restricted joint models estimable in at least two of Tsp, LimpEP, WINBuGS
and MATLAB; for the last, models were estimated using constrained optimization using both quadrature and simulated likelihood.
We further implemented the model using quadrature alone in the spreadsheet program EXCEL which, though hardly ideal,
demonstrates the potential for wide applicability. We consider this agreement encouraging evidence of both convergence
and accuracy of coefficient estimates for the endogeous models Mpo , and Mpyp ,. TsP offers an attractive platform for
quadrature-based model estimation, as it computes gradients and Hessians analytically from the likelihood function. WINBuas
is a powerful platform for applying MCMC methods, monitoring numerous quantities of interest to the empirical researcher;
all hierarchical Bayes models here were estimated in WINBuas. We wish to thank Clint Cummins of TSP International
(http://www.tspintl.com) for his help in efficiently programming the likelihood optimizations, and Terry Elrod for lending his
expertise in WINBuaGs. All code is freely available at http://(removed for review).



models must fare best, it is very likely to without properly accounting for the number of free parameters in
each. Spiegelhalter et al. (1998, 2002), using decision-theoretic arguments, derive the Deviance Information
Criterion (DIC), which allows comparison across (Bayesian) models of arbitrary complexity. It is readily
calculated from MCMC output, and we use it for model comparison when various forms of heterogeneity are
accounted for through hierarchical specifications. Because p lies in (—1,1), one cannot assume asymptotic
normality for estimates. It is therefore customary (e.g., STATA or LIMDEP) when using selectivity models
to report means and standard errors for atanh(p), which takes values on the whole line, along with a
corresponding point estimate for p. This is expedient when, as in our second data set, we wish to impose a
normal hierarchical specification for endogeneity, readily accomplished for atanh(p), but inappropriate for p
itself.

In comparing models for a particular data set, one point can’t be stressed too strongly: the Prediction

submodel does not itself change.’

Rather, our main concern is how the (often presumed irrelevant) Selection
model affects deductions based on the Prediction model. Specifically, as we look across models, we will ask

to what degree conclusions about effects strengths (i.e., coefficients) for the Prediction model are affected by

the specification for the Selection model, in terms of polytomy, heterogeneity and, above all, endogeneity.

3 Empirical Applications

We illustrate the model, and the importance of accounting for choice endogeneity, by applying it to two
datasets. The first was collected specifically for this purpose, while the second derives from Ratner, Kahn
and Kahneman (1999). Our goal is not to engage in a substantive re-examination of these data, but to
use them as a basis for comparison across a set of candidate models. Our descriptions of the data are
deliberately concise. We note that the dependent variable differs in the two studies — ordinal in the first
case, continuous (linear or interval-scaled) in the second — but we shall not otherwise distinguish among data

types for observables except where necessary.
3.1 Application I: Effects of Choice Set Composition on Evaluation

We examine data on choices among candy bars from a pilot study conducted by Brown (2003). The
experiment was described as a “candy preferences study” in which the researchers were interested in what

types of candy were preferred by the university’s students. Seventy-eight subjects were asked to rate each

9This is true, subject to the minor exception of whether, for the ordered categorical observable, cutoffs are estimated or
evenly spaced.

10



of ten popular candies on a 1 - 7 scale with a hedonically neutral mid-point (Kahneman, Wakker and Sarin
1997; “dislike very much” - “like very much”), yielding a measure of subjects’ prior preferences for each item;
rankings were collected as well. During an unrelated 30-minute filler task, each subject’s pre-test response
was used to create a customized choice set of actual candy bars, based on his or her ratings. It was important
that not all subjects choose a favorite, so a subject’s two top-ranked items were never included in his/her set
(thus the item ranked third in the pre-test was always a “favored item”). Each subject was then presented
with either a small (two-item) or a larger (five-item) set, asked to choose one candy bar, consume it, and
rate it on the same (ordinal) 1 - 7 scale. A variety of checks (regarding the cover story, error correlation, and
the accuracy of the ‘prior’ ratings) indicated that the experimental manipulations operated as intended.
The (ordinal) dependent variable, POST, is the subject’s posterior rating, and it is observed only for the
single item chosen. Regressors for the selection model (for which brand is chosen) are HIGHRANK (whether
the brand had the highest a priori rank) and DISTANCE (distance of each brand to the highest-ranked,
in number of rating points); the single regressor for the prediction model (for the single brand chosen) is
DISTLARG (distance from the chosen brand to the lowest-rated, which is greater in the larger choice sets,
by design). A number of other covariates are available as well, but substantively altered the forthcoming
results only to the extent that they were highly collinear with some subset of the predictors above; as such

10

we present this regressor specification alone. TABLE 1 lists estimates for the eight non-heterogeneous

models, as well as for heterogeneous versions of the ‘best’ models, Mpo , Heterog a0d Mpo,p Heterog-

[TABLE 1 about here]

3.2 Comparing Implications Across Models

A number of intriguing differences deriving from the various selection and prediction submodel types are
apparent from TABLE 1. It is possible to test whether cutoffs are linearly (i.e., equally) spaced, akin to the
interval-like scaling presumed by the OLS portion of the standard Heckman formulation (1)-(3). As can be
seen from TABLE 1, such linearity can be rejected in all cases.

Substantively, however, when focusing only on the effect estimate for the Prediction model, BDISTLARG,
the pattern across the polychotomous cases (—0.159, —0.454, —0.080, —0.385) and that across the binary

ones (—0.159, —0.516, —0.080, —0.489) appear quite similar. More troubling are systematic upward biases

10Importantly, endogeneity was present in all such models. Although the extent, as measured by p, did vary across the set of
possible models, it did not do so significantly, and was always statistically significant taken on its own. This, in fact, argues
against an ‘omitted variables’ type explanation for our results.

11



in BDISTLARG when the selection method is (incorrectly) presumed binary: estimates are inflated substantially
(Linear: —0.516 vs. —0.454; Ordinal: —0.489 vs. —0.385), and we report informally that similar biases were
apparent in our simulation studies.

Of all potential misspecifications, however, ignoring endogeneity entails the greatest possibility of drawing
incorrect conclusions. In all cases, the p = 0 hypothesis can be strongly rejected (based on the Wald test).
In comparisons between the p = 0 selection submodel (i.e., no selection effects at all) and its endogenous
variant, these differences are pronounced: for the polychotomous ordinal models, allowing for endogeneity
(Mpo,,) yields Bosriane = —0.489, a significant effect; presuming there is no endogeneity (Mpo ) yields
BDISTLARG = —.080, a negligible one. For these data, failing to account for endogeneity leads to the incorrect
conclusion that the prediction model was essentially useless. Although these data indicate a rather high
degree of endogeneity, p ~ .75, even with a small sample size, evidence of its presence is exceptionally
strong.

Some prior research (e.g., Chintagunta 2001) has suggested that failing to account for heterogeneity can
lead one to misestimate — usually, to overestimate — the degree of endogeneity present; but this isn’t so for
these data. A (normal) hierarchical specification for coefficient heterogeneity suggests that there is a good
deal of variation in BDISTL arc, With a mean of —0.474 and a standard deviation of 1.082. However, the size
and significance of p are hardly affected: for the best model (Mpo,,) coefficient heterogeneity changes p
trivially, from 0.791 to 0.766.

One might question which is more ‘valuable’ here, heterogeneity or endogeneity. While any answer is
speculative in such a small data set, we can compare DIC values for the polychotomous, ordinal models.
With neither endogeneity nor heterogeneity, DIC = 339.8; with only heterogeneity, DIC = 297.0; with only
endogeneity, DIC = 277.8; and with both, DIC = 261.5. It would thus appear that, of the two, endogeneity
reduces DIC considerably more than heterogeneity, although we have not systematically confirmed this by
trying many alternate forms of heterogeneity correction.

Overall, analysis of these data provides evidence that each of the constructs involved in the proposed
model — polychotomous selection, ordinal prediction and, above all, choice endogeneity — adds substantially
to both model fit and interpretation of effects strengths. Moreover, heterogeneity isn’t the root cause of
these findings; it neither diminishes nor amplifies them substantially when it’s accounted for. We next take
up the issue of whether p itself differs across respondents, by examining data in which there are multiple

observations for each.
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3.3 Application II: Preference for Varied Experience

A number of studies (c.f., Simonson 1990) suggest that consumers can behave as if varied sequences — of
products or other experiences — were intrinsically superior to repetitive ones. And, so the logic goes, they
will consume items they are less fond of to achieve that ‘variedness’. Contrary to the hypothesis that one’s
tendency to choose less-preferred items stems from satiation on frequently-consumed favorite items, Ratner,
Kahn, and Kahneman (1999; henceforth RKK) demonstrated that more varied sequences of popular songs
resulted in diminished enjoyment during consumption (even though participants “did not become satiated
with top-ranked songs”). RKK’s analysis made use of straightforward statistical methods and, because
the focus of their paper did not include choice endogeneity, no Heckman- or Tobit-type corrections were
considered.

RKK (Experiment 5) studied the effects of variety and frequency of consumption on ratings of popular
songs.'!  Each of 59 subjects provided a sequence of 20 real-time ratings, on a 100-point scale, for 12
popular songs that were presented to them through a computer program. Subjects were first presented with
either a set of 3 items (ranked 1,3,6 or 2,4,7 according to subjects’ prior ratings) or a set of 6 (those ranked
2,4,7,10,11,12 or 1,3,6,8,9,10), chose, listened to and rated the song of their choice, also on a 100-point scale;
this was done 10 times. For an additional 10 occasions, subjects were presented with the other-sized choice
set. Because these data involve two phases — choice (of which song one listens to) from sets of varied sizes,
and ratings (of satisfaction or liking of the chosen song) — it is perfectly suited to the models developed here,
and the potential for choice endogeneity.

Our re-analysis is narrowly focused, on whether the act of having chosen (Selection) affects the degree to
which one is satisfied with one’s choice (Prediction). To this end, we predict posterior ratings (RATINGS)
using prior ones (PRIOR) and the size of the choice set (VARIETY: either 3 or 6 songs), while ‘endogenously
correcting’ for the choice process by accounting for whether a favorite was chosen (FAVORITE) and, again,
prior ratings (PRIOR).!2 The only change in the model involved the form of the observed variable, RATINGS,
which lies on a 100-point scale, and so may be taken as continuous, as opposed to the ordinal scaling of the

previous example. Although it is possible to appeal to a parsimonious specifications for ordinal variables

11'We thank the authors for allowing us to re-analyze their experimental data.

12Note that it is acceptable to include the same covariates in the Selection and Prediction submodels, particularly so when,
as here, theory suggests doing so. In particular, omitting PRIOR in the selection model might literally create a large value of p.
Note, however, that it is impossible to include VARIETY in the selection model, as it takes constant values within each choice set,
and so can only drive evaluations between them, not within them. Many alternative forms are possible for either model; the
one presented here is that among those proposed by theory which offered the most parsimonious pattern of significant effects.
Endogeneity, as measured by p, was significant in all such models.
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— such as Rost’s (1985) rank-order binomial set-up — we find no empirical differences between this and the
more natural continuous specification, and so make use of the latter.'> Model estimates are given in TABLE

2.
[TABLE 2 about here]

We do not engage in a substantive re-interpretation of the very rich RKK data, which also contains a
temporal component which we do not model here, not to mention the numerous companion studies in that
paper. We can, however, consider model implications strictly from the vantage point of endogeneity, which
appears to be overwhelmingly present in these data, regardless of which model is used. Whether this is truly
the effect of classic endogeneity — caused by allowing subjects to choose their own songs to rate — or a more
subtle effect of some omitted variable, is open to question. However, endogeneity was strongly indicated in
a variety of other regressor specifications for both the prediction and selection submodels, arguing against
the latter possibility.

We include two examples of (heterogeneous) binary selection models for comparison purposes; because
they are overtly misspecified, fit worse and entail incorrect signs for some of the Prediction effects, we won’t
refer to them again. We discuss five forms of the polychotomous model; in order of their appearance in
TABLE 2: (1) neither endogeneity nor heterogeneity; (2) S-heterogeneity only; (3) endogeneity only; (4)
endogeneity and S-heterogeneity; (5) endogeneity, S-heterogeneity and p-heterogeneity. In this way, one
can ‘decompose’ the influences of the various modeling constructs systematically.

Substantively, the selection model is of lesser interest, and effect strengths across the various polychoto-
mous models (listed RKK1-5 in TABLE 2) are very close; they in fact are not statistically distinguishable. A
very different story emerges across the Prediction models: while the effects of PRIOR ratings are always quite
strong (and of roughly equal strength), the effects of VARIETY, the main construct under study, are vastly
different. When there is no endogeneity (p = 0, RKK1), the effects of VARIETY are very weakly negative,
Byantery = — 0.063 (ns). That is, if one analyzed only the RATINGS (i.e., Prediction) data, choice set size
could be confidently claimed as insubstantial. However, when endogeneity is accounted for (p # 0, RKK3),

we see that VARIETY has a very strongly positive effect, BVARIETY = 2.605. A posteriori, in comparing a

131t is not difficult to accommodate different variable types for the Prediction submodel. When observations are continuous,
a subject’s likelihood contribution is:

—-U, . — opb
1_BER(p(e)(H@[(Us,[l;k]—UsM)+e]>¢>{(y i) Z 0P8 4y

p i>1 op
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choice set of size 3 to one of size 6 (as RKK did), chosen items are rated nearly 8 points higher when chosen
from the larger set. An important effect is therefore entirely missed when the Ratings data are analyzed in

the absence of an associated model for choice.4

3.3.1 The Effects of Heterogeneity in 8 and in p

One can legitimately ask to what extent this “important effect” may be an artifact of heterogeneity; perhaps
some people react strongly, while others don’t, or perhaps only some exhibit endogeneity at all. Thus, we
consider the analogs of the two previous models (RKK1, 3) when S-heterogeneity is introduced (RKK2, 4)
and when p-heterogeneity is further introduced (RKK5). On its own, S-heterogeneity doesn’t reverse the
pattern of results: the mean of BVARIETY is 0.026 with no endogeneity (RKK2), but 1.744 when it is accounted
for (RKK4). 1In both cases, however, there is a great deal of heterogeneity, as the standard deviation —
which estimates the variation across respondents — is about 2.7 in each case. It would therefore appear that
response to VARIETY is itself quite varied. Note that none of these quantities is very sharply estimated;
while there is a great deal of data (59 subjects, 20 choices each), there were relatively few subjects.

The presence of multiple choices per subject allows us to assess whether the degree of endogeneity itself
varies across subjects. As discussed previously, we accomplish this by placing a normal hierarchical speci-
fication on atanh(p), as well as on 3. The results are intriguing: although the mean degree of endogeneity
(p) doesn’t change (and is, in fact, very strong), allowing it to vary across subjects has an obvious impact
on VARIETY (though not so on PRIOR, nor on the Selection model itself). Specifically, when both - and
p-heterogeneity are allowed in the endogenous model (RKKS5), the mean of the effect for VARIETY drops
further, to 1.085, a great reduction from [-heterogeneity alone (RKK4; Buanmry = 1.744) and the non-
heterogeneous model (RKK2; BVARIETY = 2.605). We can conclude that lack of appropriate heterogeneity
correction, in both 8 and in p, appears to inflate mean effects estimates.

One is left with the question of which model represents the data best and, on this, both LL (using the
harmonic mean estimator) and DIC (which is preferred for model selection) are unequivocal: the value
of the latter, for RKK1-5, are {12727,12059,9792, 8870,8268}. The most complex model thus more than
compensates for its additional complexity, and both forms of heterogeneity are important. ~We note in
closing that the non-endogenous models fit exceedingly poorly, as indicated by DIC and the large value of p

in all endogenous versions of the model.

14While space precludes the presentation of numerous other alternative specifications, we can report that this finding is robust
to the inclusion of additional predictors in either model, as well as standard transforms.
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4 Conclusions and Potential Extensions

Selectivity models developed by Heckman, Tobin, and others have clarified the effects of failing to account
for endogeneity. However, these models are restricted to the form most typically faced in the economics
literature — binary selection coupled with continuous, interval-scaled prediction. Our intent in this paper has
been to demonstrate that similar selectively mechanisms are intrinsic to a broad class of decision problems
common in consumer and psychological research, and to show how researchers can account for them in a
general setting.

Although we have not reported on them in this paper, we have successfully extended the model to allow
for different types of selection and prediction types, including ‘pick-any’ and ranked selection (i.e., the field
is narrowed not to just one, but to several, options, which may be ranked) and discrete choice prediction
(i.e., we observe only what was finally chosen, but not any rating or evaluation of it). A common example
of such extensions is the process of purchasing a car, which typically involves several distinct phases —
information-gathering, visiting dealers, test driving — before a choice is made. Researchers ignoring the
individual-specific selection phase(s) preceding eventual choice may be led astray in gauging just what drives
the market. For example, price may determine which cars are eliminated early on, and may thus appear
relatively unimportant if only later stages of the purchase process are analyzed. Applying an appropriate
member of this class of models would allow one to disentangle the effects of (perhaps multiple phases of)
selection, as well as a discrete choice prediction, while accounting for multiple sources of heterogeneity.

We can envision several fruitful extensions of the basic methodology. For example, ‘selection’ in our
model requires full knowledge of available options and item covariates, which are rarely available in field
data, and require care and foresight in experimental settings. We have also not explored, other than by
trial and error, how one chooses the best regressor set for models with an endogenous selection phase, and
whether analogs to stepwise or ridge regression might be useful. ~Although our hierarchical formulation
of heterogeneity is fairly general, we cannot claim that it works well beyond the two data sets studied
here. Nevertheless, we do describe a class of endogenous extensions to standard models broadly applicable
to studies of judgment and decision-making, and hope that their ease of use will encourage experimental

researchers to apply them.
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5 Appendix: Model Identification and Likelihoods

We wish to show that there is a ‘canonical’ scaling for the multinomial probit (selection) model which allows
conditioning on a single (independent) standard normal variate to calculate model likelihoods.'® Let us
consider the standard set-up for an MNP error process (e.g., McCulloch, Polson and Rossi 2000). The

probability that Item 1 is in fact chosen would then be:

P |:Us,[1:k] + €s,[1:K] > {Us,[i:k] + Es,['i:k]}i>1 | {Es} ~ N [07 Ze] ) (6)

with X, positive definite. It is well known that estimating the elements of X, entails (linear) scale and
location indeterminacies, in that a constant can be added to each of the Uj [;.4), and the entire system can
be divided by any positive constant. We wish to re-write the error process {€s} in terms of an independent,
standard normal draw for €; [1.), and a non-degenerate MVN error process for {%,[i;k] }i>1. Because 3. is
positive definite, all eigenvalues are positive, so we consider the smallest, and call it A\. By definition, this
solves the characteristic equation det (3, — A[) = 0. It further shows that ()\*126 -1 ) is singular and,
because )\ is the smallest eigenvalue, the eigenvalues of (/\_126 -1 ) must be positive, except for a single
zero. Therefore, we can rescale all quantities in (6) by A~1/2 50 that we have independent error processes,
{vs} ~ Ni[0,I] and {&} ~ Ni_1[0,%¢], and ¢ is the sub-matrix of ()\_125 — I) formed by deleting the

first row and column:

PN Y2U, g + vs 1 > {Ail/QUs,[i:k] + Vs [i:k] +55,[¢:k]}i>1] . (7)

This provides the independent standard normal variate vy [;.x) as the sole error component for the focal
item in (7). It can then be unambiguously correlated with the error component in the Prediction model,
€p,[1:k]- Further, because the error process {{,} is MVN with (positive definite) covariance matrix ¥¢, and
is independent of {vg}, MCMC can proceed with ordinary Wishart draws. Lastly, for the special case when
errors are independent, we can skip MCMC steps for {{s} entirely, and (7) reverts to the form used in the

likelihood, (5).

15We are grateful to Terry Elrod for proposing this derivation and general approach.
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