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Because most conjoint studies are conducted in hypothetical situations
with no consumption consequences for the participants, the extent to
which the studies are able to uncover “true” consumer preference struc-
tures is questionable. Experimental economics literature, with its empha-
sis on incentive alignment and hypothetical bias, suggests that more
realistic incentive-aligned studies result in stronger out-of-sample predic-
tive performance of actual purchase behaviors and provide better esti-
mates of consumer preference structures than do hypothetical studies.
To test this hypothesis, the authors design an experiment with conven-
tional (hypothetical) conditions and parallel incentive-aligned counter-
parts. Using Chinese dinner specials as the context, the authors conduct
a field experiment in a Chinese restaurant during dinnertime. The results
provide strong evidence in favor of incentive-aligned choice conjoint
analysis, in that incentive-aligned choice conjoint outperforms hypotheti-
cal choice conjoint in out-of-sample predictions. To determine the robust-
ness of the results, the authors conduct a second study that uses snacks
as the context and considers only the choice treatments. This study con-
firms the results by providing strong evidence in favor of incentive-
aligned choice analysis in out-of-sample predictions. The results provide
a strong motivation for conjoint practitioners to consider conducting stud-
ies in realistic settings using incentive structures that require participants 

to “live with” their decisions.

Incentive-Aligned Conjoint Analysis

Conjoint analysis, which has developed into a widely
applied methodology for making inferences about con-
sumer preferences and for uncovering empirical demand
functions (Carrol and Green 1995), has many substantive
applications in marketing, such as those for new product
development (e.g., Kohli and Mahajan 1991), pricing (e.g.,
Mahajan, Green, and Goldberg 1982), segmentation (e.g.,
Green and Krieger 1991), and positioning (e.g., Green and
Krieger 1992). Conjoint analysis also has been applied suc-
cessfully in practice (Cattin and Wittink 1982; Wittink and
Cattin 1989; Wittink, Vriens, and Burhenne 1994), and
there is extensive literature on the subject (for reviews, see
Green, Krieger, and Wind 2001; Green and Srinivasan

1978, 1990). As a result, there are many variants of conjoint
analysis based on the way preference scores are elicited
(e.g., ratings, rankings, self-explicated, constant sum,
choice), the type of designs used (e.g., full factorial, frac-
tional factorial, adaptive), the type of models estimated
(e.g., regression, logit, probit, hierarchical Bayes), and the
estimation procedures used to make inferences (e.g., maxi-
mum likelihood, Markov chain Monte Carlo). Despite these
differences, most methods have certain common elements.
Data collection requires consumers to rate, rank, or select
alternative products, and the goal of the data analysis is to
find the set of partworths that, given a compositional rule, is
most consistent with the respondent’s overall preferences
(Green and Srinivasan 1978).

Although early research on conjoint analysis rarely used
out-of-sample predictions to assess model validity, scholars
have suggested that such predictions are the strongest
means to assess the validity of conjoint studies (Green and
Srinivasan 1990). As a result, three types of validation or
prediction tasks—aggregate-level market share predictions
(e.g., Srinivasan et al. 1981), individual-level predictions of
purchase intentions (e.g., Leigh, MacKay, and Summers
1984), and individual-level predictions of actual behaviors
(e.g., Srinivasan 1988; see also Green and Srinivasan
1990)—have dominated the conjoint landscape. However,
each method has limitations.
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1Another setting in which consumers have an incentive to act in a man-
ner that reveals their “true” preference is Internet-based, mass-
customization efforts that use consumers’ preference ratings to personalize
a decision support system. We thank an anonymous reviewer for highlight-
ing this point.

First, scholars have attempted to predict real-world cur-
rent (e.g., Davidson 1973; Page and Rosenbaum 1987) or
future (e.g., Robinson 1980; Srinivasan et al. 1981) market
share using conjoint tasks. Such aggregate-level predictions
have confounding problems that are related to the effects of
marketing-mix variables other than product design. For
example, in his conjoint study of North Atlantic Air, Robin-
son (1980) uses airfares, discounts, and travel restrictions,
in addition to information obtained from the conjoint exer-
cise, to predict future market shares. In such exercises, it
becomes difficult to separate the marketing-mix effects,
such as advertising and promotions, from the conjoint task
effects.

Second, predictions of purchase intentions are unreliable
because stated preferences often differ from revealed pref-
erences, which are derived from actual purchase behaviors
(Green and Srinivasan 1990). Although attempts have been
made to improve the reliability and validity of purchase
intention predictions by using Pareto optimal choice sets in
the prediction tasks (i.e., choice sets in which none of the
alternatives is dominated by the remaining alternatives)
(e.g., Elrod, Louviere, and Davey 1992; Johnson, Meyer,
and Ghose 1989), these attempts have not always been suc-
cessful, because non-Pareto, traditional holdout sets can
sometimes be more difficult to predict than Pareto choice
sets (Green, Helsen, and Shandler 1988). In addition, Pareto
optimal choice sets offer no way to link purchase intention
to actual purchase behavior.

Third, individual-level predictions of actual behavior
usually are carried out through intervention studies in which
the researchers perform a conjoint exercise while con-
sumers are involved in actual decision making. For exam-
ple, Srinivasan (1988), Srinivasan and Park (1997), and
Wittink and Montgomery (1979) predict the jobs that MBA
students will choose among multiple offers on the basis of
self-explicated and rating scores. Wright and Kriewall
(1980) predict whether high school seniors will apply to
certain universities on the basis of student preferences
revealed through a conjoint task. Because these intervention
studies involve real decisions that are likely to affect the
respondents in profound ways (e.g., the job preferences of
MBA students; Wittink and Montgomery 1979), partici-
pants are likely to be motivated to reveal their “true” prefer-
ences.1 Despite the merits of intervention studies, they often
are not practical, because, in general, intervention tasks are
not feasible.

In hypothetical data-collection exercises, participants
may not experience strong incentives to expend the cogni-
tive efforts needed to provide researchers with an accurate
answer. A rich literature in experimental economics argues
that such data can be inconsistent, erratic, and, in many
cases, untrustworthy (e.g., see metastudies on the role of
incentives; Camerer and Hogarth 1999; Smith and Walker
1993). The theoretical underpinning of this argument is
based on the induced value theory (Smith 1976), which
states that three conditions must be satisfied to solicit

2Monotonicity means that respondents must prefer more reward to less
reward and not become satiated as the reward increases. This requirement
is satisfied easily if money is used as the reward. Dominance requires that
the respondents’ utilities from the experiment come predominantly from
the reward medium and that other influences are negligible. A salient
reward must be great enough to satisfy the dominance requirement.

incentive-compatible behavior: monotonicity, salience, and
dominance.2

The most relevant condition for conjoint analysis is
salience, which requires that the reward be directly related
to the decisions the participant makes during a study. Most
practitioners of conjoint studies pay consumers some
money for participation. However, paying a respondent a
fixed amount is not salient, because there is no relationship
between the respondent’s performance/actions and the
reward (money) he or she receives. As a result, there is no
reason to expect that the respondent’s behavior during a
study will be consistent with his or her behavior during a
similar, real-world, economic activity. (In other words,
there are neither rewards nor penalties for respondents to
correctly or incorrectly state their preferences.) On the basis
of a metastudy of 74 research papers, Camerer and Hogarth
(1999, p. 8) find that salient incentives tend to “shift behav-
ior away from an overly socially desirable presentation of
oneself to a more realistic one: when [salient] incentives are
low participants say they would be more risk-preferring and
generous than they actually are when [salient] incentives are
increased.”

A related stream of literature explicitly studies hypotheti-
cal bias in the context of the contingent valuation method
(for a review, see Diamond and Hausman 1994). The con-
tingent valuation method suggests that what participants say
they would do in hypothetical situations does not necessar-
ily correspond to what they actually do; that is, stated pref-
erences do not always match revealed preferences. For
example, in the context of deer-hunting permits, Bishop and
Heberlein (1986) find that willingness-to-pay values were
significantly overstated in the hypothetical condition than in
the actual cash condition. List (2001) shows that sports-card
dealers significantly overstated their bids for a sports card
in a hypothetical condition compared with the real action
($107.89 versus $59.56). Finally, List and Shogren (1998)
find that the selling price for a gift is significantly higher in
real situations than in hypothetical situations.

On the basis of the literature on incentive alignment and
hypothetical bias, we hypothesize that state-of-the-art con-
joint data-collection techniques may fail to uncover prefer-
ences that align with actual purchase behavior because of
the hypothetical settings in which the data are collected. In
hypothetical research settings, respondents may discount
their budget constraints or simply state preferences that are
inconsistent with their actual behavior (e.g., because of a
preference structure expected by peers). To induce realism
in hypothetical tasks, we propose to use incentive structures
that align with actual purchase behaviors. On the basis of
the induced value theory (Smith 1976), we expect that an
incentive-aligned conjoint analysis outperforms traditional
hypothetical conjoint analysis in predicting actual behav-
iors. As a consequence, we also expect that the preference
structure that incentive-aligned conjoint uncovers is differ-
ent from the preference structure of hypothetical conjoint
analysis. Specifically, as the contingent valuation method
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(Diamond and Hausman 1994; List 2001) suggests, budget
constraints tend to be discounted in hypothetical situations,
so we expect that price plays a more prominent role in
incentive-aligned conjoint. In addition, socially desirable
answers, such as lower preference for red meats or higher
willingness to donate money to social causes, are less likely
in incentive-aligned conditions (Camerer and Hogarth
1999), which may result in greater heterogeneity for
socially desirables attributes. In other words, both partici-
pants who want and those who do not want to choose a
socially desirable alternative will tend to choose that alter-
native during a hypothetical setting, but in an incentive-
aligned setting, those who do not want to choose the
socially desirable alternative will tend to reject that alterna-
tive, which will result in increased heterogeneity. In sum-
mary, we expect that incentive-aligned conjoint (1) outper-
forms traditional hypothetical conjoint in out-of-sample
predictions of actual behaviors and (2) results in preference
structures that give greater importance to price and may
exhibit greater heterogeneity for socially desirable product
attributes in the incentive-aligned condition.

To test these hypotheses, we conducted two field experi-
ments. The first experiment, Study 1, had four conditions:
the conventional (hypothetical) choice conjoint; the conven-
tional (hypothetical) contingent valuation, or stated-price,
method; and their corresponding incentive-aligned versions.
The context we used was Chinese dinners. Study 2 had two
conditions: the conventional (hypothetical) choice conjoint
and its corresponding incentive-aligned version; Study 2
used snacks as its context. The results from the experiments
demonstrate that conventional conjoint analysis exhibits
hypothetical bias and that incentive-aligned choice conjoint
significantly improves the out-of-sample predictions of
actual purchase behaviors. The structure of partworths and
the relative importance of various attributes also differ for
incentive-aligned conditions compared with traditional
hypothetical conditions.

STUDY 1: CHINESE DINNER SPECIAL

To examine the possibility of hypothetical bias, we required
a research context that (1) represented a real economic deci-
sion for the participants (undergraduate and graduate students
at a major U.S. university); (2) had a large set of attributes,
each with several levels; (3) could generate new products
easily through different combinations of the attributes; and
(4) provided an easy means to induce realism in the product
category as a result of ease of implementation. Chinese din-
ner specials meet these four criteria: (1) university students
are interested in Chinese food, (2) Chinese dinner specials
have a sufficient number of attributes, (3) these attributes
can be used to generate product options, and (4) Chinese
food can be prepared easily in real time and consumed by
the participants right after the experiment. Therefore, Chi-
nese dinner specials serve as the context for this study.

Qualitative Investigation

We first conducted qualitative investigations to under-
stand the key attributes of Chinese dinner specials. Using an
actual menu from the Chinese restaurant in which the
experiment was conducted, we interviewed 10 undergradu-
ate students to determine the attributes of a Chinese dinner
special that were important to them and that they perceived
as important to their peers. We then summarized the results
and used them to develop a formal survey, which we gave to

two groups of undergraduate marketing students (50 stu-
dents in total) to obtain a better understanding of attribute
importance and to assess the appropriate levels for the attrib-
utes. On the basis of the survey, we identified a total of eight
important attributes associated with Chinese dinner spe-
cials: two attributes had two levels, five attributes had three
levels, and one attributes had four levels (see Appendix A).

Experimental Design

We developed four different experimental treatments,
namely, hypothetical choice conjoint, hypothetical contin-
gent valuation method, incentive-aligned choice conjoint,
and incentive-aligned contingent valuation method. Partici-
pants in the hypothetical treatments were not bound by their
responses with regard to various tasks, but the participants
in the incentive-aligned treatments were told that they had
to live with their choices. (In this case, through certain ran-
dom mechanisms, they were given one of the dinner spe-
cials they selected.)

In line with Lazari and Anderson (1994), to manage
respondent fatigue, we used a fractional factorial design,
which generated 108 profiles (Chinese meals). In the choice
conditions, we therefore created three groups of 12 choice
sets. Each choice set had three profiles (Chinese meals) and
a “none of the above” option. We randomly assigned 9 par-
ticipants to each of the three groups in the choice conditions
(hypothetical and incentive aligned), which resulted in a
total of 27 participants in each of the choice-based treat-
ments. To ensure that the contingent valuation method was
based on the profiles used for the choice method, we evenly
divided the choice profiles (without the price attribute) into
nine groups of 12 profiles. Then, for the hypothetical con-
tingent and incentive-aligned contingent valuation methods,
we randomly assigned 3 participants to each of the nine
groups, which resulted in a total of 27 participants in each
contingent valuation treatment. Because this was a
between-subjects design, each participant appeared in only
one of the four treatment groups.

The treatments constitute Part 1 of the experiment; the
exact instructions given to the participants are included in
Appendix A. Part 2 of the experiment, which was the same
for all participants, was a holdout task. During the holdout
task, each participant chose a meal from a menu of 20 dif-
ferent Chinese dinner specials (none of which appeared in
Part 1; see Appendix B) or chose nothing at all (a total of 21
options). For all the participants, the choice made during
Part 2 was real; that is, the restaurant served the meal they
chose, and the cost of the meal was deducted from the $10
each participant received for the experiment. For partici-
pants in the incentive conditions, we used a random device
to determine whether the meal they received came from Part
1 or Part 2 of the study. Finally, Part 3 comprised a brief
exit survey that captured information about demographics,
prior experience with Chinese food, and whether the partic-
ipant understood the instructions in Parts 1 and 2.

Pilot Experiment

One of the reasons that conjoint analysis may not per-
form well is because the respondents are not serious about
the purchase at the time of the study but answer the hypo-
thetical questions as if they were. The incentive-aligned
methods (incentive-aligned choice conjoint and incentive-
aligned contingent valuation method), by definition and
unlike the hypothetical methods, will not result in purchase
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if the participant is not serious about purchasing, and the
methods will automatically identify those participants. We
conducted a pilot study to understand the existence and
scope of such participants. Specifically, we recruited 41
participants for the hypothetical choice conjoint and used
conditions that mirrored the settings common in conjoint
studies. The differences between this pilot study and the
main study are as follows: (1) We conducted the pilot study
in a classroom, whereas we conducted the main study in a
restaurant; (2) we conducted the pilot study during regular
class time, whereas we conducted the main study at dinner-
time; (3) the holdout task (Part 2) of the pilot study con-
sisted of four choice tasks that were similar to those in Part
1, in that one of the four options was randomly chosen and
the participant was given a coupon for his or her preferred
meal plus the difference between $10 and the value of the
coupon, whereas in the main study, participants chose from
a menu of 20 specials; (4) participants received a coupon
for a Chinese dinner special to be redeemed at a future date
in the pilot study, whereas in the main study, participants
consumed the meal at the end of the experiment; and (5) we
did not screen participants in the pilot study, whereas in the
main study, we instructed participants during recruiting that
they should come only if they were interested in eating a
Chinese meal.

The results confirm our assertion. For Part 1 of the pilot
study, the hypothetical conjoint portion consisted of 12
choice tasks in which participants chose among four
options (three different dinners or “none of the above”).
Every participant selected at least one dinner from the 12
choice sets, and participants chose the “none of the above”
option 25% of the time. For the four choice tasks in Part 2,
participants chose among four options (three different din-
ners or “none of the above”) and were told that the
researchers would randomly select one of the choice tasks
and that they would have to buy the chosen meal. In Part 2,
slightly more than half (21 of 41) of the participants
selected “none of the above” for each of the four choice
tasks. Overall, the participants chose the “none of the
above” option 67% of the time. Thus, in Part 1, the hypo-
thetical condition, the respondents behaved as if they were
interested in the Chinese dinner specials by preferring a
meal to the “none of the above” option, but they behaved
differently when asked to make a real purchase decision
(Part 2).

Although the results provide evidence that the incentive-
aligned approach induces different behavior, particularly
among participants who are not serious about purchasing
the product, the results do not answer a more important and
insightful question: Does an incentive-aligned approach
improve the quality of answers even when participants are
serious about the purchase decision? In other words, even
after participants who are not interested in the product are
screened out (which constitutes a large percentage of partic-
ipants in a typical commercial conjoint study), will the
incentive-aligned approaches outperform the traditional
approaches to predict actual purchase behavior, and will the
approaches yield substantively different preference
structures?

Recruiting Participants for the Main Experiment

A recruiting e-mail was sent to a mailing list maintained
by the Experimental Economics lab at a large U.S. univer-

sity. The e-mail stated that participants were needed for a
market research experiment to be conducted during dinner-
time (5:00 P.M.–6:00 P.M., Monday–Thursday) at a local
Chinese restaurant. Participants would have a chance to
purchase a Chinese dinner special of their choice during the
experiment, which would be cooked by the restaurant and
be ready for consumption by the end of the experiment. The
e-mail explicitly stated that only people interested in eating
at this restaurant that evening, provided that they could find
the right meal at a good price, should participate. Each par-
ticipant would be paid $10 for their participation, part of
which they could use to purchase a Chinese dinner special.
A total of 108 undergraduate and graduate students partici-
pated in the main experiment, with an average of 12 stu-
dents per session. Only 11 of the 108 participants did not
choose to buy a meal in the holdout task (3 from the
incentive-aligned contingent valuation method group, 3
from the incentive-aligned choice conjoint group, and 5
from the hypothetical choice conjoint group).

Experimental Procedure

We scheduled the data-collection sessions from 5:00
P.M.–6:00 P.M., and we conducted the incentive-aligned and
nonaligned versions (incentive-aligned choice conjoint or
incentive-aligned contingent valuation method) on the same
day or on successive days to minimize sample variations.
Consistent with practices in experimental economics, we
conducted the experiment by following a written procedure,
which we describe subsequently.

For the hypothetical choice conjoint and hypothetical
contingent valuation method, the participants completed the
consent form and Parts 1, 2, and 3 in sequence, and experi-
menters collected each completed part before the next part
was distributed. The restaurant served the meal that was
selected in Part 2. Cash reimbursements ($10 less the cost
of the dinner) were paid on completion of Part 3. Partici-
pants were dismissed after they were paid, and as did the
participants in the two incentive-aligned conditions, most
ate the dinner in the restaurant, though a few took the dinner
home.

The procedure we used for the incentive-aligned contin-
gent valuation method treatment is called “BDM” (Becker,
DeGroot, and Marschak 1964). This procedure has been
used widely in economics and was introduced recently into
marketing to measure willingness to pay at the point of pur-
chase (Wertenbroch and Skiera 2002). In addition to the
consent form, participants were given written instructions
that stated that they would have two chances to select a Chi-
nese dinner special, once in Part 1 and once in Part 2. A
random device would be used to decide which selection
they would actually receive. Participants were then given
Part 1. After completing Part 1, each participant went
through a two-step process in which they chose a dinner
special by randomly selecting a number between 1 and 12;
then, they randomly drew a piece of paper from an envelope
that gave the price for that special (the possible prices
ranged from $.25 to $8 in $.25 increments). In line with the
BDM procedure, if the randomly selected price was equal
to or lower than the price stated by a participant, the partic-
ipant received the dinner special and needed only to pay the
randomly selected price. The participant did not receive a
dinner special if the randomly selected price was higher
than the stated price. This procedure ensured that it was in
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3We considered both a diagonal and a full matrix version of each model
and found that the in-sample fit criteria (Bayes factors) moderately sup-
ported a full matrix version of the model but that the out-of-sample predic-
tive performance favored a diagonal matrix version of the model.

the best interest of the participants to state their true valua-
tion for a dinner special. After completing Part 1, partici-
pants were given Part 2. After completing Part 2, each par-
ticipant randomly selected a ball from a container with two
balls (labeled Part 1 and Part 2) to decide which dinner
choice they would actually consume. Finally, participants
were given Part 3. They were given the cash balance ($10
less the cost of the special) and were dismissed after hand-
ing in Part 3.

The procedure for incentive-aligned choice conjoint was
the same as that for the incentive-aligned contingent valua-
tion method, except that the dinner special that participants
chose in Part 1 was their preferred option from a randomly
chosen choice set (which resulted from choosing a random
number between 1 and 12), and they did not need to select a
price randomly, because they paid the price of the selected
dinner. The randomizing mechanism we used to determine
which of the participants’ choices was fulfilled is called
“random lottery procedure” and is used widely in experi-
mental economics (Starmer and Sugden 1991). Investiga-
tors use this mechanism to minimize reference point and
wealth effects while collecting a large amount of data. For
this study, it also ensures realism, in that a participant is
unlikely to eat more than one Chinese meal at a given time
in his or her real consumption episode.

Estimation Procedure

To provide the best possible comparison between the
incentive-aligned and hypothetical approaches, we used
state-of-the-art models and estimation methods to assess
participants’ preferences, in-sample fit, and out-of-sample
predictions. To analyze the rating data (which resulted from
the stated price and BDM contingent valuation methods),
we used a random-effects hierarchical Bayesian regression
model that is similar to the model that Lenk and colleagues
(1996) specify. The regression likelihood is as follows:

where yit is the tth contingent valuation given by the ith par-
ticipant, = d is equal in distribution, N is the normal density,
xit describes the tth meal evaluated by the ith participant,
and βi is a vector of contingent valuation partworths for the
ith participant. We assumed a hierarchical shrinkage specifi-
cation for the individual partworths, where, a priori,

This specification allows for individual-level partworth
estimates βi but still permits an estimate of the aggregate 
or average partworths , as well as an estimate of the
amount of heterogeneity for each partworth Λ. On the basis
of in-sample and out-of-sample model performance, we
used a simplified version of the model by assuming that Λ
is a diagonal matrix.3 Furthermore, we assumed vague con-
jugate priors for , Λ, and σ2.

To analyze the choice data, we used a random-effects
hierarchical Bayesian multinomial logit model that is simi-
lar to the model that Allenby, Arora, and Ginter (1998)

β

β

( ) , .2 β βi d N= ( )Λ

( ) , ,1 2y N xit d i
T

it= ( )β σ

4As pointed out by one of the reviewers, Sawtooth’s hierarchical
Bayesian software implements a model that is similar to the model that we
implemented, which provides other researchers ready access to this model.

5As with the regression model, we considered both a diagonal and a full
matrix version of each model. For the choice models, we found that both
the in-sample fit criteria (Bayes factors) and the predictive performance
criteria favored a diagonal matrix version of the model.

6The in-sample fit criteria are only reported for completeness and are
based on the same model applied to different data sets. Note that this
approach differs from existing literature in which such comparison is usu-
ally between different models applied to the same data set.

specify.4 The probability that the ith participant chooses the
jth alternative from the tth choice set is given by

Again, we assumed a hierarchical shrinkage specification
for the individual partworths, where, a priori,

As with the regression model, we were able to estimate
individual-level partworth parameters, average partworth
parameters, and the partworth heterogeneity. Again, on the
basis of in-sample and out-of-sample model performance,
we assumed that was a diagonal matrix.5 Furthermore, we
assumed vague conjugate priors for and . (Note that
unlike the choice partworth parameters , the contingent
valuation partworth parameters do not have a price sensi-
tivity element, because the contingent valuation is given in
terms of the price that the participant is willing to pay for
the proposed product.)

We tested a range of different prior values to ensure that
the reported results were invariant to the prior specification.
In addition, we assessed the convergence properties of the
Markov chain Monte Carlo analysis to ensure that the algo-
rithm had converged to the target density, as induced by the
model specification, before making marginal summaries of
the posterior density.

Results

We assessed in-sample goodness of fit for the logit mod-
els by calculating the percentage of times the model accu-
rately identified the choice from the four alternatives (the
hit rate), among which one alternative was “none of the
above.” In addition, we estimated the marginal probability
of the data given a model (reported on a log scale) using the
estimation method that Newton and Raftery (1994) provide,
which can be used to form Bayes factors. With the logit
model, the hypothetical choice conjoint, resulted in a better
in-sample fit than did the incentive-aligned choice conjoint
(i.e., a hit rate of 32% and 41% for the incentive-aligned
choice conjoint and hypothetical choice conjoint, respec-
tively). We obtained log-marginal probability values of
–1109 and –788 for incentive-aligned choice conjoint and
hypothetical choice conjoint, respectively.6 The R-square
values of .97 and .96 for incentive-aligned contingent valu-
ation conjoint and hypothetical contingent valuation con-
joint, respectively, show good overall model fit (the log-
marginal probability values for incentive-aligned contingent

β
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7These results seem comparable to previous research that has used
actual purchase decisions as validation. For example, for natural experi-
ments involving MBA job choices, Wittink and Montgomery (1979), Srini-
vasan (1988), and Srinivasan and Park (1997) find that the first preference
predictions range from 64% to 76%, compared with random choice results
of 26% to 36%. Similarly, Dahan and colleagues (2002) report a 50% to
59% correct predictive performance for five new-to-market laptop com-
puter bags, compared with a random choice outcome of 20%. With
incentive-aligned choice conjoint, the predictions were correct 48% of the
time compared with the random choice outcome of less than 5% (1 of 21).

valuation conjoint and hypothetical contingent valuation
conjoint are –401 and –368, respectively).

The incentive-aligned data result in significantly better
out-of-sample predictions than the hypothetical results,
which supports our primary hypothesis (see Figure 1). The
incentive-aligned choice conjoint forecasts the correct pur-
chase 48% of the time, which represents a more-than-
tenfold improvement over the naive forecast rate of approx-
imately 5% and is almost twice as good as the hypothetical
choice conjoint forecast, which is correct 26% of the time.
The results for the top two choices are equally impressive,
with 59% and 26% correct predictions in the incentive-
aligned choice and hypothetical choice conditions, respec-
tively. The incentive-aligned contingent valuation method
analysis results in better out-of-sample forecasts than the
hypothetical contingent valuation method, with 15% com-
pared with 7% correct.7 We plot these out-of-sample num-
bers along with the naive baseline predictions in Figure 1.
The superior out-of-sample predictive performance of
incentive-aligned methods is evident from Figure 1. Figure
1 also provides support for the superior performance of
choice methods when compared with contingent valuation
methods. We discuss several possible explanations for this
result in favor of the choice methods in the next section.

In addition to resulting in better out-of-sample forecasts,
the aggregate parameter estimates based on the incentive-
aligned tasks are markedly different from the estimates of

8Because the choice models result in much better out-of-sample predic-
tive ability, we focus our discussion on the difference between the parame-
ter estimates from these analyses. We include the contingent valuation
results to be consistent with the practice in experimental economics of
reporting all study results.

9With an independent sample of respondents from the same population
as that in Study 1, we collected data on the social desirability of chicken,
shrimp, and beef. For each attribute, the participants responded to the fol-
lowing three statements on a 1–7 “agree–disagree” scale: (1) I think it is
socially desirable to eat beef, (2) my friends and family would agree that it
is socially desirable to consume beef, and (3) there is a general perception
that consuming beef is socially desirable. Because the Cronbach’s alpha
for the three scales exceeded .84, we averaged the three items to construct
social desirability measures for chicken, shrimp, and beef. Paired sample t-
tests showed that for the 37 respondents, eating chicken was more socially
desirable than eating beef (t = 2.91, p < .01), eating shrimp was more
socially desirable than eating beef (t = 2.12, p < .05), and there was no dif-
ference in the social desirability of chicken and shrimp (t = –.63, p > .53).
The results show that chicken and shrimp are more socially desirable
among the participant population than is beef.

the non-incentive-aligned tasks (see Table 1).8 Perhaps the
most striking finding is that, on average, the participants
from the incentive-aligned task are more price sensitive
(–1.59) than are participants from the non-incentive-aligned
task (–.99), and their price sensitivity is spread over a larger
range, as is indicated by the difference in the heterogeneity
of the slopes (.44 and .20 for the incentive-aligned and non-
incentive-aligned tasks, respectively). This finding is con-
sistent with a notion in experimental economics literature,
which suggests that participants discount budget constraints
in hypothetical conditions (Diamond and Hausman 1994;
List 2001). In addition, the average importance of the size
of the meal, given by the Quart partworth, is almost three
standard deviations above zero (2.8 = 1.29/.46) for partici-
pants in the hypothetical conjoint task and slightly greater
than one standard deviation above zero (1.03 = .40/.39) for
the incentive-aligned task, which indicates that when the
task is incentive aligned, the effect of the size of the meal
becomes negligible. An explanation is that though the addi-
tional quantity warrants higher valuation in theory, partici-
pants may be less likely to associate it with similarly high
valuation in a real purchase experience because they know
that they are unlikely to eat the additional amount (or, if
they do, that it will not do them any good).

Another notable insight is that the levels of individual
heterogeneity, as given by the diagonal elements of Λ and

are markedly different for the incentive and hypothetical
treatments. Consistent with assertions in experimental eco-
nomics literature (e.g., Camerer and Hogarth 1999), the het-
erogeneity for socially desirable alternatives should
increase when participants are presented with a real deci-
sion than when they are presented with a hypothetical deci-
sion. For example, consider the heterogeneity of the part-
worths for chicken and shrimp (which may be considered
healthier alternatives to beef). The heterogeneity of the part-
worths of chicken and shrimp is smaller for the hypothetical
choice conjoint than for the incentive-aligned choice con-
joint.9 This result suggests that in the hypothetical setting,
some participants conformed to the social norm of selecting
healthy alternatives, whereas many participants who fol-
lowed this norm in the hypothetical setting likely aban-
doned it in the incentive-aligned setting because they had to
live with (or, in this case, eat) their choice, thereby increas-
ing the heterogeneity in the incentive-aligned condition.
However, we observe a similar shift in heterogeneity of
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Table 1
STUDY 1: SUMMARIES OF PARAMETER ESTIMATES FOR CHOICE CONJOINT METHOD (RANDOM-EFFECTS LOGIT ANALYSIS)

Hot Sweet Stan-
and Egg Szech- and dard Exotic Pork

Inter- Sour Drop Brown wan Sour Vege- Vege- Spring Price
Parameterb cept Soup Soup Rice Noodles Sauce Sauce tables tables Beef Chicken Shrimp Roll Quart ($)

Incentive Conjoint
Slope (meana) 2.62 –.76 .43 .28 .42 –.17 .01 1.46 .23 2.66 3.42 2.48 –.60 .40 –1.59
Slope (standard deviationa) .65 .59 .47 .48 .54 .59 .52 .44 .52 .49 .64 .61 .47 .39 .19
Slope (heterogeneitya) .82 7.15 3.11 .99 1.18 4.91 3.13 1.02 2.99 2.07 6.14 5.44 3.74 1.26 .44

Hypothetical Conjoint
Slope (meana) .67 .56 .55 .58 –.09 .38 .14 1.85 1.00 3.65 4.11 3.28 –.80 1.29 –.99
Slope (standard deviationa) .57 .45 .50 .52 .52 .41 .36 .44 .55 .91 .93 .91 .51 .46 .26
Slope (heterogeneitya) 1.55 1.58 3.46 3.05 3.44 1.78 .89 .49 3.84 1.76 2.68 4.53 2.90 2.93 .20

aPosterior mean and standard deviation of ; heterogeneity and posterior mean of diagonal of . Note that a simple t-statistic calculation, (posterior mean)/(posterior standard deviation), gives guidance with
respect to whether the marginal posterior density for each parameter is far from zero or whether the estimates have influence.

bSoups are compared with no soup, brown rice and noodles are compared with white rice, sauces are compared with brown sauce, vegetables are compared with no vegetables, meats are compared with no meat,
pork spring roll is compared with vegetable spring roll, and quart size is compared with pint size.
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beef, even though the magnitude of the change in hetero-
geneity is much smaller (the magnitude of change in the
heterogeneity of beef is approximately .3 compared with
3.5 for chicken and .9 for shrimp). Nonetheless, these
notions on social desirability need further exploration.

Furthermore, the heterogeneity of exotic vegetables (a
riskier option than standard vegetables) reduces from 3.84
for hypothetical choice conjoint to 2.99 for incentive-
aligned choice conjoint. This decrease in heterogeneity is
accompanied by a decrease in the average partworth weight
from 1.00 in the hypothetical choice conjoint to .23 in the
incentive-aligned choice conjoint. Some participants in the
hypothetical choice conjoint may have chosen exotic veg-
etables to try new items, but in the incentive-aligned choice
conjoint, the participants seem to be more risk averse and
do not prefer the novel exotic vegetable attribute. Similar
insights hold for the regression-based parameter estimates
(see Table 2).

According to the pilot study, it is almost certain that had
we not screened out participants who were not serious
about the purchase decision, the incentive-aligned contin-
gent valuation method would have performed better than
the hypothetical contingent valuation method and that the
incentive-aligned choice conjoint would have performed
better than the hypothetical choice conjoint. It is informa-
tive that the incentive-aligned methods outperform their
hypothetical counterparts, even after participants who are
not serious about purchase have been excluded from the
study. This result suggests that it is important to find ways
to use incentives that are aligned with purchase behavior in
conjoint studies.

STUDY 2: SNACK COMBO

To test the robustness of the Study 1 findings, especially
the strong increase in out-of-sample forecasting accuracy,
we conducted a second study that focused on the choice
conjoint. The task context for this second study was a snack
combo. Specifically, participants identified their prefer-
ences for a snack combo that could have one (or none) of
the following four attributes: a drink (water, Coca-Cola,
Diet Coke, iced tea, or orange juice), a cookie (peanut but-
ter, chocolate fudge, or oatmeal raisin), a Korean cereal bar
(white, dark, or strawberry chocolate), and a piece of fruit
(banana or apple). Each snack combo was priced at one of
three levels ($1.00, $1.75, or $2.50).

We chose the snack combo context because, as were the
Chinese dinners in Study 1, a snack combo is a familiar
context for our participants and because we could choose
multiple levels easily for each attribute. However, the snack
combo context is also appealing because it differs from the
Chinese dinner special context in several ways. First,
because the attributes in the snack combo are different
snack categories (e.g., cookies and fruit), they are less likely
to interact with one another than the attributes in the Chi-
nese dinner special (e.g., the value of a particular sauce is
likely to interact with a specific meat or vegetable). Second,
there is neither uncertainty nor inconsistency with regard to
the product quality in Study 2. The quality of the Chinese
dinner special depended on the restaurant and the cook,
which added to the uncertainty of the conjoint study and the
holdout task in Study 1. In contrast, the snack combo con-
sisted of items that could be bought at a grocery store and,

except for the fruit, were prepackaged, brand-name
products.

To assess the robustness of the results, we changed the
study design in several ways. First, we included an unfamil-
iar attribute: the Korean cereal bar. With this attribute, we
can test risk preference and willingness to try new things
explicitly. Second, we used an orthogonal design to gener-
ate a total of 27 conjoint tasks (each task had four choices,
three snack combos, or “none of the above”), which enabled
us to ask every participant to complete all 27 tasks, whereas
in Study 1, we divided the total tasks into three groups, and
each participant evaluated only one-third of the profiles.
Therefore, in Study 1, we needed to pool information across
participants to obtain the parameter estimates. Third, we
divided the participants into two sessions. Although the
experiments for each session were the same, the 30 snack
combos in the holdout task appeared in different sequences
to minimize the impact of any potential order effects.

Experiment

We visited stores and cafés frequented by the participants
to identify popular brands of drinks and cookies and to
obtain reasonable price levels. To ensure that our Study 1
risk preference results could be generalized to a context in
which the attributes were completely new to the participants
(in contrast to the exotic vegetables in Study 1), we visited
a local Oriental-foods store and chose three varieties of a
Korean cereal bar. According to the store owner, the bar had
just been introduced to the local market and was not avail-
able in mainstream channels (e.g., chain grocery store,
which we verified). We used the built-in routine in SPSS to
generate 27 conjoint tasks (with three snack combo profiles
in each task, for a total of 81 different snack combos) and
another 30 unique snack combos for the holdout task.

We recruited 59 senior undergraduate students from the
same U.S. university as in Study 1. We conducted the
experiment over two sessions, and we randomly assigned
participants in each session to either the incentive-aligned
choice conjoint or the hypothetical choice conjoint. We
brought snacks into the room before the start of each ses-
sion. We packaged food items in each snack combo in a
large freezer bag, and we stored the drinks in a cooler with
ice. Participants knew precisely the brand and quality of
snack they could buy.

The experimental procedure for both the incentive-
aligned and the hypothetical choice conjoint conditions was
similar to that in Study 1 (Appendix C). After the partici-
pants completed the conjoint task, we gave them instruction
for the holdout task (Appendix D) in which they selected 1
of the 30 possible snack combos or no snack combo. The
participants in the hypothetical choice conjoint condition
received $3, out of which they could buy any of the 30
snack combos in the holdout task. We also gave the partici-
pants in the incentive-aligned choice conjoint condition $3,
and they had two opportunities to buy a snack combo, one
in the conjoint task (selected using a random lottery, as in
Study 1) and one in the holdout task. We randomly selected
one of the opportunities for each participant, and we then
fulfilled his or her choice. At the completion of the experi-
ment, we gave the participants the snack combo of their
choice, and they received the balance of $3 less the price of
the snack combo they chose.
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Table 2
STUDY 1: SUMMARIES OF PARAMETER ESTIMATES FOR CONTINGENT VALUATION METHOD (RANDOM-EFFECTS REGRESSION ANALYSIS)

Hot Sweet Stan-
and Egg Szech- and dard Exotic Pork

Inter- Sour Drop Brown wan Sour Vege- Vege- Spring Price
Parameterb cept Soup Soup Rice Noodles Sauce Sauce tables tables Beef Chicken Shrimp Roll Quart ($)

Incentive Conjoint
Slope (meana) 2.36 .27 .55 .05 .13 –.05 .16 .48 .37 1.14 1.06 .89 .19 .64 .66
Slope (standard deviationa) .38 .29 .30 .29 .29 .27 .27 .27 .27 .35 .30 .32 .28 .27 .10
Slope (heterogeneitya) 2.06 1.23 1.04 1.01 1.05 1.02 1.02 1.06 1.11 1.69 1.23 1.61 1.64 1.18 —

Hypothetical Conjoint
Slope (meana) 2.88 .34 .12 .02 –.02 .07 .09 .45 .21 1.23 1.28 1.67 .05 .86 .55
Slope (standard deviationa) .32 .27 .28 .28 .26 .26 .25 .25 .30 .31 .27 .28 .21 .25 .10
Slope (heterogeneitya) 1.23 1.03 1.14 .98 .94 .97 .96 .96 1.81 1.22 .91 1.07 .77 1.00 —

aPosterior mean and standard deviation of heterogeneity and posterior mean of diagonal of Λ. Note that a simple t-statistic calculation, (posterior mean)/(posterior standard deviation), gives guidance with
respect to whether the marginal posterior density for each parameter is far from zero or whether the estimates have influence.

bSoups are compared with no soup, brown rice and noodles are compared with white rice, sauces are compared with brown sauce, vegetables are compared with no vegetables, meats are compared with no meat,
pork spring roll is compared with vegetable spring roll, and quart size is compared with pint size.
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10Again, the in-sample fit criteria are only reported for completeness
and are based on the same model applied to different data sets. Note that
this is different from the existing literature, which usually compares differ-
ent models applied to the same data set.

Results

Using the same estimation approach in terms of in-
sample hit rate and log-marginal probability,10 we find that
the incentive-aligned choice conjoint condition (hit rate:
39%; log-marginal probability: –2619) outperforms the
hypothetical choice conjoint condition (hit rate: 32%; log-
marginal probability: –2795) for the snacks data set, in con-
trast to the in-sample results in Study 1. For out-of-sample
predictions, the incentive-aligned choice conjoint condition
(top choice: 18%; top two choices: 36%) also outperforms
the hypothetical choice conjoint condition (top choice:
13%; top two choices: 16%), in support of our hypothesis
that incentive-aligned conjoint predicts actual purchase
behavior better than does hypothetical conjoint. In Figure 2,
we plot the out-of-sample predictive performance of
incentive-aligned choice conjoint and hypothetical choice
conjoint relative to the naive baseline prediction (i.e., 1 of
31 for top choice and 2 of 31 for top two choices). This fig-
ure confirms the findings of Study 1 that incentive-aligned
choice conjoint is superior to its hypothetical counterpart.

As we did in Study 1, we find markedly different aggre-
gate parameter estimates for incentive-aligned and hypo-
thetical tasks. Participants were more price sensitive in the
incentive-aligned condition (–4.18) than in the hypothetical
condition (–2.61). Price heterogeneity appears much higher
in the incentive-aligned condition (5.60) than in the hypo-
thetical condition (.90). Similarly, as we show in Table 3,
the slope and heterogeneity parameters differ for other
attribute-level combinations. For the novel attribute (i.e.,
Korean cereal bars), we find lower slope and heterogeneity
in the incentive-aligned condition than in the hypothetical
condition. The results suggest that in a hypothetical setting,
participants tend to overstate their levels of risk preference
and willingness to try new things than they do when they

11In both studies, we attempted to ensure that the experiments focused
on individual decision making. The participants were not allowed to com-
municate and/or see one another’s decision in either study. In the Chinese
dinner study, we required participants who arrived in a group to sit at dif-
ferent tables.

12We thank an anonymous JMR reviewer for this suggestion.

are in a real purchasing environment. Indeed, this conjec-
ture about risk preferences and other conjectures about
social desirability bias merit further scrutiny.

GENERAL DISCUSSION

We rely on the literature of induced value theory (Smith
1976) and hypothetical bias (Diamond and Hausman 1994)
to imply that contemporary conjoint-based methods may
poorly identify consumer preference. Specifically, tradi-
tional conjoint techniques deal with hypothetical situations,
and experimental economics literature suggests that a hypo-
thetical setting does not motivate participants sufficiently to
reveal their “true” preferences. We propose overcoming this
weakness with incentive-aligned conjoint methods, specifi-
cally, the use of incentive-aligned versions of choice-based
conjoint and the contingent valuation method.

Our results across the two studies provide strong evi-
dence in favor of the incentive-aligned choice conjoint in
terms of out-of-sample predictions of purchase decisions.
We also find that participants in the incentive-aligned
choice conjoint condition have systematically different
preference structures than do participants in other condi-
tions. Notably, the participants in the incentive-aligned
choice conjoint condition, as compared with those in the
hypothetical condition, have higher price sensitivity, exhibit
lower risk seeking and willingness to try new things, and
are less prone to socially desirable behaviors.

The benefits of incentive-aligned conditions for market-
ing researchers are evident and substantial. Marketing
researchers should use incentive-aligned conjoint, and mar-
keting academics should study incentive-aligned conjoint
further to better understand the linkages between stated
(hypothetical) and revealed (incentive-aligned) preferences.

The strong findings across both studies in favor of incen-
tive alignment for individual decision making suggest that
marketing academics should also investigate incentive
alignment for both group decision making in consumer
markets for which group norms can play an important role
(e.g., family decision making) and organizational decision
making in business markets.11 Furthermore, academics
should explore whether use of hypothetical and incentive-
aligned conditions in combination improves out-of-sample
predictions. For example, a conceivable research design
could involve three stages: (1) hypothetical conjoint, (2)
incentive-aligned conjoint, and (3) a holdout task.12 In addi-
tion to providing potential prediction benefits, such a
research design may suggest the manner in which people
change their preferences. Comparative studies with process
measures for both hypothetical and incentive conditions
could illuminate the differences in the decision-making
tasks in the two conditions.

From a managerial perspective, the most relevant issue is
to identify and test various implementation strategies that
align peoples’ incentives for a wide range of products. We
believe that the basic guidelines can be implemented for
various product categories, especially when the attributes0
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Table 3
STUDY 2: SUMMARIES OF PARAMETER ESTIMATES FOR CHOICE CONJOINT METHOD (RANDOM-EFFECTS LOGIT ANALYSIS)

White Dark
Chocolate Strawberry Chocolate

Inter- Oat Chocolate Peanut- Korean Korean Korean
cept Diet Orange Ice meal Fudge butter Snack Snack Snack Price

Parameterb (Coke) Coke Juice Tea Water Cookie Cookie Cookie Bar Bar Bar Banana Apple ($)

Incentive Conjoint
Slope (meana) 2.11 –1.84 .16 1.10 1.43 1.87 2.27 2.15 .35 .38 .47 .88 .62 –4.18
Slope (standard deviationa) .92 1.24 .63 .41 .78 .58 .50 .51 .30 .36 .35 .57 .53 .57
Slope (heterogeneitya) 12.96 40.37 8.56 2.26 11.14 6.49 3.73 3.59 .50 1.08 2.03 5.71 4.69 5.60

Hypothetical Conjoint
Slope (meana) 1.48 –3.94 –.44 –.29 –.13 .57 2.22 2.80 .63 .73 .79 1.44 .85 –2.61
Slope (standard deviationa) .59 .90 .49 .59 .63 .51 .49 .54 .41 .34 .36 .30 .26 .25
Slope (heterogeneitya) 5.79 18.79 5.52 8.57 9.35 4.49 4.82 5.95 3.16 1.97 2.56 1.32 .91 .90

aPosterior mean and standard deviation of ; heterogeneity and posterior mean of diagonal of . Note that a simple t-statistic calculation, (posterior mean)/(posterior standard deviation), gives guidance with
respect to whether the marginal posterior density for each parameter is far from zero or whether the estimates have influence.

bCookies are compared with no cookie, Korean snacks are compared with no Korean snacks, and fruits are compared with no fruit.
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are well understood and the product can be made available.
However, a serious implementation challenge remains for
expensive or complex products (e.g., automobiles) and for
novel products for which a prototype may not exist. In the
case of expensive products, it may not be cost effective to
offer a real product to each study participant. Therefore,
market researchers must ensure that the potential earning is
greater than the opportunity cost. For example, an automo-
bile company interested in an incentive-aligned conjoint
study only needs to offer one or two automobiles to one or
two randomly selected participants, as long as the potential
earning (value of the car multiplied by the likelihood of
winning) is greater than each person’s opportunity cost.
However, key to this lottery approach is that the winning
participant must receive the car that matches his or her
stated preference in the study. Another challenge is to
obtain a sample that is interested in the product at the time
of the exercise. By recruiting only participants who self-
select (as we did in the Chinese dinner special context) as
being interested in the product at the time of the exercise,
this challenge may be met. In addition, to help eliminate
participants who are only interested in monetary payments,
part of the compensation should be the product rather than
cash.

For novel products, incentive alignment can be truly dif-
ficult, as can other issues such as forecasting. Borrowing a
page from Urban and colleagues (1997), virtual representa-
tions, such as information acceleration, may enable
researchers to collect data (though hypothetical) on new
product concepts. By tabulating the necessary adjustments
to make hypothetical conjoint consistent with incentive-
aligned conjoint for various existing product categories,
researchers could then conduct hypothetical conjoint exer-
cises and adjust the preference structure by using products
similar to the new product. Thus, calibrating hypothetical
conjoint with incentive-aligned conjoint becomes a critical
research issue.

In conclusion, for managers, the guiding principle is sim-
ply to align respondents’ interests to the actual decision out-
come and to ensure that the incentive is not trivial compared
with their opportunity cost. For example, the participant
could receive a coupon redeemable only for the preferred
choice he or she made during the study. As is apparent by
the Nobel Prize given to Vernon Smith for his pioneering
work in experimental economics, and as our results demon-
strate, incentive alignment can significantly improve con-
joint analysis. Our research suggests that marketing
researchers should use incentive alignment to assess con-
sumer preferences and should continue to conduct further
research in the context of conjoint and other experiments
that pertain to consumer behavior.

APPENDIX A: EXPERIMENT INSTRUCTION FOR
STUDY 1 (PART 1)

In Appendix A, we provide the exact instructions for the
experiment conducted in Study 1. Each participant first read
the “General Instruction,” followed by “Specific Instruc-
tions” for the experimental condition to which he or she
was assigned. We also include one conjoint task example
and one contingent valuation task example.

General Instruction (for all Experimental Conditions)

You are about to participate in an experiment designed to
understand how people like you value a variety of different
Chinese meals (dinner specials). We would ask that you pay
close attention to the different meals being offered and
determine an accurate value for each meal.

You will receive $10 for participating in this experiment.
Before proceeding with the remainder of the study, we

would like to familiarize you with the type of meals that
you will be considering. Each dinner special will be
described by eight attributes: (During the course of the
study, you may wish to refer to the following table.)

Attribute Levels

Soup No soup Hot and sour Egg drop 
soup soup

Rice/noodle White rice Brown rice Noodles

Sauce Brown Szechwan sauce Sweet and 
sauce (hot and spicy) sour sauce

Vegetables No Standard Tofu and exotic 
vegetables vegetablesa vegetablesb

Meat No meat Beef Chicken Shrimp

Spring roll Vegetable spring roll Pork spring roll

Quantity Pint Quart (two pints)

Price $3.99 $4.99 $5.99

aStandard vegetables include common vegetables that you would find in
a supermarket (e.g., broccoli, green peppers, green beans, mushrooms,
snow peas, etc.).

bExotic vegetables include vegetables usually found in Asia (e.g., bam-
boo shoots, Shanghai bokchoy, green mustard, Chinese egg, among others).

Specific Instructions

Non-incentive-aligned conjoint. You will be shown 12
sets of three meals. For each set of three meals, imagine that
you were asked to choose between no meal and one of these
three different meals at the stated price. Select the most
attractive option (which could include not selecting any of
the meals).

Incentive-aligned conjoint. You now have an opportu-
nity to select a Chinese dinner special and have it cooked
here in the restaurant before you leave. Here is how it
works. You will be shown 12 sets of three meals. For each
set of three meals, please choose between no meal and one
of these three different meals at the stated price (which
could include not selecting any of the meals). After you
complete your selection, we will randomly choose a set
from these 12 sets, and your choice for that set will be ful-
filled. If you have selected no meal for that set, you will be
given $10 cash to take home; if you have selected a meal
for that set, the restaurant will cook that meal for you, and
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you will be given $10 minus the price of that meal as
stated.

An Example of the Conjoint Task

Choice Set 1

Attributes Meal 1 Meal 2 Meal 3

Soup Hot and sour Hot and sour Hot and sour
Rice/noodle Noodles White rice Brown rice
Sauce Brown sauce Szechwan Sweet and 

sauce sour sauce
Vegetables No vegetables Standard Tofu and 

vegetables exotic
vegetables

Meat No meat Beef Chicken
Spring roll Vegetable Pork Pork
Quantity Pint Pint Quart
Price $3.99 $5.99 $5.99

Please indicate which meal you would choose (circle your choice).

•Meal 1
•Meal 2
•Meal 3
•None of the above

Non-incentive-aligned contingent valuation. You will be
shown 12 different meals. For each meal, imagine that you
were to state the price you would be willing to pay for the
meal, and then write down the price for the meal.

Incentive-aligned contingent valuation (BDM
procedure). You will be presented with 12 meals in this part
of the experiment; please tell us the highest price you would
be willing to pay for each meal. After you state your maxi-
mum prices for all 12 meals, we will determine which meal
you will actually buy and how much you will pay for it
based on the following procedure.

First, you will be asked to draw a ball from an envelope,
which contains 12 balls labeled 1–12. You will be able to
purchase the meal that has the same number as the one writ-
ten on the ball.

Next, you will be asked to draw a ball/ticket from another
envelope. The balls/tickets are labeled with different prices;
the range of these prices is reasonable for a Chinese dinner
special, neither too high nor too low. If you draw a price
that is less than or equal to the price you choose for that
meal, you will have to buy the special for the price you
drew from the envelope. If the price you draw is greater
than the price you choose, you will not be able to buy that
particular meal. This procedure ensures that it is best for
you to truthfully reveal the maximum price you are willing
to pay for each meal. If you choose a price that is high, you
may actually have to pay that high price. If you choose a
price that is low, you may be disappointed if you can’t buy
the meal at the low price because you drew a price that is
higher than the price you choose but lower than your “true”
price. Note that you cannot influence the purchase price
with the price you choose. Because you draw the purchase
price from the envelope, it is completely random and inde-
pendent of whatever you choose. For example, if you state
that your maximum price for Meal 3 is $7.24, and you draw
a price of $2.30, you will receive Meal 3 for $2.30 and
receive the remaining $7.70 ($10 – $2.30) in cash.

13The participants in the incentive-aligned conditions were informed
that a random device would be used to determine the meal that they would
consume, which would come from their choice in Part 1 or Part 2 of the
experiment.

14In the Appendices B–D, the original instructions have been slightly
modified to present the tables according to the requirements of JMR.

An Example of the Contingent Valuation Task

Meal 1

Attributes Description

Soup Egg drop
Rice/noodle Noodles
Sauce Brown sauce
Vegetables Tofu and exotic vegetables
Meat Beef
Spring roll Vegetable
Quantity Pint

Please indicate how much you would be willing to pay for the above
meal: $______.

APPENDIX B: HOLDOUT TASK FOR STUDY 1 
(PART 2)13

Now you have to choose a single meal out of the 20 pos-
sible dinner specials presented in this part of the experi-
ment. You may choose to select none of the 20 meals and
thereby elect not to purchase. If you choose a meal, you will
have to pay for it. For example, if you select to purchase the
third dinner special meal at $4.99, we will give you $5.01
($10 – $4.99) in cash, and the restaurant will cook that meal
for you while you wait.

Please examine the meals on the next two pages [see
Table B1]14 and indicate your choice below:

•Choose Meal No. ______.
•Do not wish to purchase any of the 20 dinner specials ______.

APPENDIX C: EXPERIMENTAL INSTRUCTIONS FOR
STUDY 2

In Appendix C, we provide the exact instructions for the
experiment conducted in Study 2. Each participant read the
specific instructions for the experimental condition to
which he or she was assigned. We also include one conjoint
task example.

Instruction for Hypothetical (Traditional) Conjoint

You are about to participate in an experiment designed to
understand how people like you value a variety of snacks.
We would ask that you pay close attention to the different
snacks being offered and determine an accurate value for
each meal. You will be shown 27 sets of three snack com-
bos. For each set of three combos, imagine that you were
asked to choose between no snack and one of these three
different snacks at the stated price. Select the most attrac-
tive option (which could include not selecting any of the
snacks).

Instruction for Incentive-Aligned Conjoint

You are about to participate in an experiment designed to
understand how people like you value a variety of snacks.
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Table B1
DESCRIPTION OF POSSIBLE MEALS

Attributes Meal 1 Meal 2 Meal 3 Meal 4 Meal 5 Meal 6 Meal 7 Meal 8 Meal 9 Meal 10

Soup None Hot and Egg drop soup None Hot and None None Egg drop soup Hot and Egg drop soup
sour soup sour soup sour soup

Rice/noodles Brown rice Brown rice Noodles Brown rice Brown rice White rice Brown rice White rice Noodles White rice

Type of sauce Brown sauce Sweet and Brown sauce Sweet and Brown sauce Brown sauce Szechwan Sweet and Sweet and Szechwan 
sour sauce sour sauce sauce sour sauce sour sauce sauce

Type of vegetables Tofu and exotic No vegetables Standard Tofu and exotic Standard Tofu and exotic Standard Standard Tofu and exotic Standard 
vegetables vegetables vegetables vegetables vegetables vegetables vegetables vegetables vegetables

Type of meat No meat Shrimp Chicken Shrimp Shrimp Beef Beef Shrimp Shrimp No meat

Spring roll Pork spring roll Vegetable Vegetable Vegetable Pork spring roll Vegetable Vegetable Vegetable Pork spring roll Vegetable 
spring roll spring roll spring roll spring roll spring roll spring roll spring roll

Quantity Pint Quart Quart Pint Pint Quart Quart Quart Pint Quart

Price $4.99 $5.99 $4.99 $5.99 $4.99 $3.99 $4.99 $5.99 $3.99 $4.99

Attributes Meal 11 Meal 12 Meal 13 Meal 14 Meal 15 Meal 16 Meal 17 Meal 18 Meal 19 Meal 20

Soup Hot and Hot and None Egg drop soup Hot and None Egg drop soup Hot and Hot and None
sour soup sour soup sour soup sour soup sour soup

Rice/noodles White rice White rice Noodles Noodles Brown rice White rice Noodles Noodles Noodles Noodles

Type of sauce Brown sauce Szechwan Szechwan Brown sauce Sweet and Brown sauce Sweet and Brown sauce Szechwan Sweet and 
sauce sauce sour sauce sour sauce sauce sour sauce

Type of vegetables Tofu and exotic Tofu and exotic No vegetables Standard Tofu and exotic Standard Standard No vegetables Tofu and exotic Tofu and exotic 
vegetables vegetables vegetables vegetables vegetables vegetables vegetables vegetables

Type of meat Beef Shrimp Beef Beef Shrimp No meat Chicken Beef Chicken No meat

Spring roll Vegetable Pork Pork Pork Vegetable Vegetable Vegetable Pork Pork Vegetable 
spring roll spring roll spring roll spring roll spring roll spring roll spring roll spring roll spring roll spring roll

Quantity Pint Pint Pint Quart Quart Pint Pint Quart Quart Pint

Price $3.99 $4.99 $3.99 $5.99 $5.99 $3.99 $3.99 $4.99 $5.99 $4.99
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We would ask that you pay close attention to the different
snacks being offered and determine an accurate value for
each combo. You now have an opportunity to purchase a
snack combo. Here is how it works. You will be shown 27
sets of three combos. For each set of three combos, please
choose between no snack and one of these three different
combos at the stated price. After you complete your selec-
tion, we will randomly choose a set from these 27 sets, and
your choice for that set will be fulfilled. If you have
selected no snack for that set, you will be given $3 cash; if
you have selected a snack combo for that set, you will be
given $3 minus the price of that combo as stated, in addition
to the actual snack combo.

Remember, the choice you make here in the experiment
will be fulfilled (you will receive the actual snack combo
selected by you) [see Table C1 for an example of a conjoint
task].

APPENDIX D: HOLDOUT TASK FOR STUDY 2

You will receive $3, and you can use it to purchase the
snack. Please select the combo [see Table D1] that you will
be interested to buy (just one) or, in the case you are not
interested in any of them, indicate as such.

I want to buy Combo # ______.
I do not want to buy any combo ______.

Table C1
AN EXAMPLE OF THE CONJOINT TASK

1 $2.50 Water Peanut butter Korean strawberry cereal bar Banana
2 $1.75 Orange juice Peanut butter No Korean cereal bar Apple
3 $2.50 Diet Coke Chocolate fudge Korean white chocolate cereal bar Banana

Please indicate your most preferred choice:
______ Combo 1
______ Combo 2
______ Combo 3
______ Don’t want to purchase any combo from this page.

Table D1
30 AVAILABLE SNACK COMBOS

Item # Price ($) Drink Included Cookie Included Korean Cereal Bar Included Fruit Included

1 1.00 Coke No cookie No Korean cereal bar Banana
2 1.00 Ice tea Oatmeal raisin Korean white chocolate cereal bar Banana
3 1.75 Coke Chocolate fudge No Korean cereal bar Apple
4 2.50 Coke Oatmeal raisin No Korean cereal bar No fruit
5 1.75 Ice tea Chocolate fudge Korean white chocolate cereal bar Banana
6 1.75 Coke Chocolate fudge Korean dark chocolate cereal bar Apple
7 1.00 Water Chocolate fudge Korean dark chocolate cereal bar Apple
8 1.00 Coke Peanut butter Korean dark chocolate cereal bar No fruit
9 2.50 Orange juice Chocolate fudge Korean dark chocolate cereal bar Apple

10 2.50 Water No cookie Korean strawberry cereal bar Banana
11 2.50 Diet Coke No cookie Korean white chocolate cereal bar Apple
12 1.00 Diet Coke Peanut butter Korean white chocolate cereal bar No fruit
13 2.50 Orange juice Peanut butter No Korean cereal bar Apple
14 1.75 Water Oatmeal raisin No Korean cereal bar No fruit
15 2.50 Orange juice Peanut butter Korean dark chocolate cereal bar Apple
16 2.50 Diet Coke No cookie Korean dark chocolate cereal bar No fruit
17 2.50 Orange juice Chocolate fudge No Korean cereal bar Banana
18 1.00 Coke Chocolate fudge Korean strawberry cereal bar No fruit
19 2.50 Orange juice Oatmeal raisin Korean white chocolate cereal bar No fruit
20 1.75 Ice tea No cookie Korean dark chocolate cereal bar No fruit
21 1.75 Water Peanut butter Korean white chocolate cereal bar Banana
22 2.50 Diet Coke Peanut butter Korean dark chocolate cereal bar No fruit
23 1.00 Ice tea Chocolate fudge Korean strawberry cereal bar No fruit
24 2.50 Water Chocolate fudge No Korean cereal bar No fruit
25 1.75 Ice tea Peanut butter Korean dark chocolate cereal bar Banana
26 2.50 Ice tea Chocolate fudge Korean white chocolate cereal bar Banana
27 2.50 Coke No cookie Korean strawberry cereal bar Banana
28 2.50 Coke Oatmeal raisin Korean strawberry cereal bar No fruit
29 1.75 Ice tea Chocolate fudge Korean dark chocolate cereal bar Banana
30 1.75 Orange juice No cookie Korean strawberry cereal bar No fruit
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