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The authors present a polytomous item randomized response model
to measure socially sensitive consumer behavior. It complements established methods in marketing to correct for social desirability bias a posteriori and traditional randomized response models to prevent social
desirability bias a priori. The model allows for individual-level inferences at
the construct level while protecting the privacy of respondents at the item
level. In addition, it is possible to incorporate covariates into various parts
of the model. The proposed method is especially useful to study social
issues in marketing. In the empirical application, the authors use a twogroup experimental survey design and ﬁnd that with the new procedure,
participants report their sensitive desires more truthfully, with signiﬁcant
differences between socioeconomic groups. In addition, the method performs better than methods based on social desirability scales. Finally, the
authors discuss truthfulness in data collection and conﬁdentiality in data
utilization.
Keywords: randomized response, item response theory, item randomized
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Reducing Social Desirability Bias Through
Item Randomized Response: An
Application to Measure Underreported
Desires
Ever since early articles by Churchill (1979) and Anderson and Gerbing (1988), marketing has developed systematic and rigorous approaches to quantify latent constructs
in surveys. Such latent constructs in marketing include the
goals, attitudes, desires, emotions, and intentions of consumers, managers, and ﬁrms, which are intrinsically unobservable and for which self-reports are the prime source
of information. However, especially for more sensitive topics, these data are often contaminated by socially desirable
responding (SDR; Mick 1996)—that is, participants’ tendency to describe themselves in favorable terms by adhering to socioculturally sanctioned norms. Socially desirable

responding has been recognized as a serious problem that
can adversely affect the validity of studies in many social
science disciplines. To cope with this, various approaches
have been proposed to control for SDR bias in marketing
research.
First, there are attempts to check for social desirability
bias after the data have been collected using dedicated SDR
scales, such as the Marlowe–Crowne scale or Paulhus’s
(2002) balanced inventory of desirable responding (for
applications in marketing, see Mick 1996; Podsakoff et al.
2003; Steenkamp, De Jong, and Baumgartner 2010). However, the use of SDR scales has been contested (Paulhus
2002; Smith and Ellingson 2002). The primary reason is the
difﬁculty of separating valid personality content in the SDR
measures from the bias they are meant to measure (Paulhus 2002; Steenkamp, De Jong, and Baumgartner 2010).
In addition, SDR scales are general traitlike measures and
may have small effects on domain-speciﬁc surveys.
Second, there are various approaches to prevent SDR
from biasing the measures in the ﬁrst place, such as
by using indirect questioning and bogus pipeline techniques (e.g., Aguinis, Pierce, and Quigley 1993; Fischer
1993; Hill, Dill, and Davenport 1988; Jones and Sigall
1971; Roese and Jamieson 1993; Tourangeau and Smith
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1996). Although they may partially alleviate SDR, the
effectiveness of these techniques is limited because they
may introduce other biases (indirect questions), and their
implementation may be expensive and prone to ethical
issues (bogus pipeline) (Tourangeau, Rips, and Rasinski
2000).
Therefore, randomized response (RR) methodologies
have been proposed to prevent SDR effectively (Clark and
Desharnais 1998; Lamb and Stem 1978; Lensvelt-Mulders
et al. 2005; Reinmuth and Geurts 1975; Warner 1965).
These methodologies aim to prevent SDR bias during data
collection by providing privacy protection through a randomization mechanism, after which statistical techniques
are used to infer the true responses of the participants on
the measures. However, a major drawback of RR models to
date is that only aggregate-level inferences can be obtained,
but no individual-level inferences. This prevents insights
into the possible determinants and consequences of the sensitive construct under study and is an explanation why RR
methods, despite their introduction into the marketing literature, have not been widely applied yet (Lamb and Stem
1978; Reinmuth and Geurts 1975).
Here, we propose an item RR model that does not suffer
from this limitation. The model combines RR techniques
(Fox and Tracy 1986; Lensvelt-Mulders et al. 2005; Warner
1965) with item response theory (IRT) (Lord and Novick
1968). The essential idea is to provide privacy protection
to survey participants at the level of the individual items in
multi-item measures. However, by relating multiple intercorrelated items, it is still possible to make individual-level
inferences at the level of the latent construct (Böckenholt
and Van der Heijden 2007; Fox 2005).
We contribute to the literature in the following ways:
First, to the best of our knowledge, the current study is
the ﬁrst to introduce item RR models to marketing, in
which socially sensitive responding is commonly at stake.
Second, whereas existing item RR models only accommodate dichotomous items, the proposed model is designed
for polytomous items. Because items in marketing research
typically have ﬁve-point or seven-point ordinal response
formats (Bearden and Netemeyer 1999; Brunel and Hensel
1992 [and subsequent volumes]), an extension to polytomous item formats is crucial. In addition, our proposed
model is fully explanatory (De Boeck and Wilson 2004)
by allowing for the inclusion of covariates in both the
structural model and the measurement model. Jointly, this
enables individual-level inferences about the antecedents
and consequences of the construct of interest, as well as
explanations of the determinants of the speciﬁc item parameters. Another distinguishing aspect of the model is that
we allow for a distinct group of respondents who do not
follow the instructions and thus would bias the ﬁndings if
they remain undetected. Finally, we provide an easy method
to check model ﬁt. We compare the performance of the
item RR model with the yardstick approach in marketing—
namely, the use of SDR scales.
Our method is especially suited to survey social issues in
marketing (e.g., responsible behavior with respect to public
health issues, true behavior with respect to environmental issues) and to measure sensitive issues in transformative consumer behavior (e.g., tobacco, alcohol, and other
drug consumption; gambling; ﬁnancial and medical decision making). In these domains, threats to consumers can
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be either extrinsic, if certain responses carry the risk of
legal sanctions (e.g., possession of black money), or intrinsic, if the questions pertain to topics that are personal to
the respondents.
Within this domain of research, our empirical application pertains to the economically and socioculturally important but virtually uncharted domain of adult entertainment
(Cronin and Davenport 2001), focusing on consumers’
desires for products and services in this domain. Although
the adult entertainment industry is one of the largest and
most proﬁtable industries worldwide,1 little is known about
individual-level consumption and desires for the category.
Not only is research on the topic scarce because of its low
regard in marketing and the social sciences at large (Cronin
and Davenport 2001), but (crucially) the consumption of
adult entertainment is also perceived as almost “immeasurable” by organizations such as ACNielsen. In general,
society stigmatizes people who openly admit such desires,
so survey participants tend to be hesitant to provide honest
answers to direct questions that probe this taboo.
RR MODELS
When responses to questionnaires are inﬂuenced by
SDR, people consciously provide untruthful, distorted
answers to present themselves in a better light or to prevent threats to image and self-esteem, and these response
tendencies harm measurement validity. Because RR techniques can prevent SDR from biasing survey research
(Lensvelt-Mulders et al. 2005) and because recent advances
in modeling the data from RR techniques (Böckenholt
and Van der Heijden 2007; Fox 2005) hold considerable
promise for marketing, we discuss these techniques more
extensively here. We begin by illustrating the aggregate
RR model, starting with a description of the aggregate
RR model for dichotomous survey items, because this is
the way the method has traditionally been used and it is
the most straightforward to understand. Subsequently, we
present the RR model for polytomous items, which is most
relevant for marketing (Bearden and Netemeyer 1999).
Univariate Dichotomous Data
There are two main classes of RR techniques: the
related question method (RQM), also known as Warner’s
(1965) method, and the unrelated question method (UQM;
Greenberg et al. 1969). To describe the procedures brieﬂy,
suppose that a researcher wants to estimate the proportion
of people who buy a certain sensitive product X. In the
RQM, people are required to respond “yes” or “no” to one
of two statements: (1) “I buy product X,” or (2) “I do not
buy product X.” The interviewees select one of the two
statements with probabilities p and 1 − p using a random
device (e.g., a coin, dice, cards), but they do not reveal
their true answers. In the UQM, the second statement is
not related to the ﬁrst and is completely innocuous (e.g.,
whether a person’s birthday is before a certain day of the
year). Greenberg and colleagues (1969) show that the UQM
is more efﬁcient than the RQM without needing to reveal
the true individual answers.
1

See http://internet-ﬁlter-review.toptenreviews.com/internet-pornographystatistics.html (last accessed November 2008).
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There are two well-known modiﬁcations of the UQM
that are statistically equivalent. In both variations, the population prevalence of the unrelated (innocuous) question is
known. This is possible by using an innocuous question
with known prevalence or by using the forced response
method. In the forced response method, participants are
asked to answer the sensitive question (with probability p1 ,
or a forced response is given (with probability 1 − p1 . If
a forced response is given, a random device determines
whether a forced “yes” response is given (with probability p2  or whether a forced “no” response is given (with
probability 1 − p2 . In this case, the forced responses represent answers to an unrelated question with known population prevalence. The forced response method is known
to be one of the most efﬁcient RR designs, and it is easily
implemented (Fox 2005). For these reasons, we use it in our
proposed methodology. The other modiﬁed version of the
UQM requires (multiple) innocuous questions with known
population prevalence, which may be difﬁcult to obtain in
practice.
A simple example provides the idea behind the forced
response method. People are asked whether they buy a
certain sensitive product, using a simple yes/no response
format (dichotomous). In addition, participants ﬂip a coin.
The interviewer does not observe the coin ﬂip. People
are instructed to answer the question truthfully if the coin
comes up heads. Otherwise, they can ignore the question
and just say “yes,” no matter what their true opinion would
have been. Thus, the coin ﬂip serves as a mechanism to
protect the participant. This simple setup provides full privacy protection because the interviewer (who does not see
the coin ﬂip) cannot know whether a “yes” means that a
person buys the product or whether the coin came up tails.
Despite the impossibility of knowing the true answers
of individual participants, it is still possible to estimate the
proportion of the sample who would privately admit to buy
the product. Let  denote the unknown proportion who
has actually bought the product, and let  the observed
proportion of “yes” responses. It follows that  = /2 +
1/2, and the reason for this is straightforward: It is known
that participants who ﬂipped heads and have bought such
products answered “yes” and that participants who ﬂipped
tails are instructed to answer “yes” regardless of whether
they are engaged in the behavior. As a result,  = 2 − 1.
Although RQM and UQM and their modiﬁcations allow
for aggregate statements on the sample level, nothing
can be said about individual-level responses, and thus no
individual-level inferences can be made, such as relating
the answers to potential determinants or consequences. Furthermore, the techniques are restricted to univariate binary
response data, and they do not allow a hierarchical analysis
of the RR data when, for example, participants are nested
in groups and responses from members of one group are
likely to be correlated.

1999). For such cases, a multiproportions version of the
RR technique can be applied. In particular, the more efﬁcient forced response method is easily modiﬁed to more
than two response categories—for example, c = 1     C
response categories.
To illustrate, suppose that a question is asked about
the frequency with which consumers have certain desires,
with a ﬁve-point response format: “never,” “rarely,” “sometimes,” “regularly,” and “often.” Next, a randomization
device could be used so that with a known probability p1 , a
true response should be given, and with probability 1 − p1 , a
forced choice should be given. Conditional on the requirement to give a forced choice, the probability of a certain
response option is p2c . One way to operationalize the randomization process for such polytomous items is to use
dice throws by consumers, but coin tosses or other randomization devices could be used as well. Figure 1 presents
a ﬂowchart for such a procedure, which forms the basis
of our subsequent empirical illustration. The probability of
obtaining “often” on the scale is higher than the probability of obtaining “never” to “regularly” because both the
outcomes 5 and 6 of the die are mapped onto response
option “often,” which is readily accommodated statistically.
We deﬁne the probability  of response c c = 1     C as
follows:
(1)

c = PY = c = p1 c + 1 − p1 p2c 

where p1 is the probability of being required to answer honestly (in our example, p1 = 4/6), c is the true probability of
response c when directly and honestly answering the question, and p2c is the probability of some forced response
c given that a forced response must be provided. For the
die, the probability p2c is equal for the response options
Figure 1
ILLUSTRATING RR TECHNIQUES FOR ORDINAL ITEMS BASED
ON DICE THROWS
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Polytomous Data
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“never,” “rarely,” “sometimes,” and “regularly” and is different for response option “often.” The likelihood of the
data is then given by a multinomial likelihood:
n

(2) L1      C  Y =

C

n!
i i
n
n n
11 22 · · · CC = n!

n1 !n2 ! · · · nC !
c = 1 ni !

where nc is the number of participants in cell c. Because
p1 and p2 are known, being set by the researcher, it is easy
to obtain the parameters c , framed within the c . Note
again that though this method allows for aggregate samplelevel statements, in this case of polytomous items, nothing
can be said about individual-level responses. Moreover, the
method can only handle nonnested univariate response data.
ITEM RR MODEL
Originally developed for single items, RR techniques
can also be used for multiple, correlated items, and this
is important. Item response theory models for polytomous
data can place participants on a continuum that represents
their true score on some latent variable (construct) based
on multiple RR items. Our proposed model uses IRT to
make individual-level inferences from multiple correlated
RR items. We ﬁrst discuss the most popular IRT model for
polytomous data.
Samejima’s IRT Model
Item response theory models have been developed to
relate a set of either dichotomous or polytomous items to an
underlying latent construct. Such models are nonlinear in
nature and have several advantages over classical test theory (Churchill 1979), such as item-free calibration, sampleindependent item parameters, incorporation of the ordinal
nature of the data, separation of item and person parameters, incorporation of ﬂoor and ceiling effects, enabling
of complex sampling designs, and incorporation of missing
data processes (see De Jong, Steenkamp, and Fox 2007; De
Jong et al. 2008).
We model the ordinal data that typically arise in marketing from Likert, semantic differential, and similar items
based on the work of Samejima (1969). The model speciﬁes
the operating characteristic Pc  i  of an item response—that
is, the probability of a particular response c as a function of
a latent construct i . We deﬁne the operating characteristic
for a particular item as follows:
(3)

1 a i−
Pc  i  = √
2 a i −

c − 1
c



1
exp − t 2 dt
2

where the parameter a is the “discrimination” parameter
and the parameter
is a “threshold” parameter, both of
which can vary across items. The thresholds govern the
frequency with which items are endorsed and obey the following order restriction: 1 <    < C . The discrimination
parameters indicate how well items reﬂect (“load on”) the
latent construct. Indexing the operating characteristic by k,
we have the normal ogive variant of Samejima’s graded
response model given by the following:
(4)

PỸik = c  i  ak  kc − 1  kc 


1
1  ak i − kc − 1
exp − t 2 dt
=√
2
2 ak i − kc
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where Ỹik is a latent response (i.e., it is latent because the
true response is randomized before it is observed) and i is
the latent score of individual i on the latent construct. This
model speciﬁes the conditional probability that participant i
provides response category c c = 1     C for item k. The
thresholds kc are measured on the same scale as i and
determine the difﬁculty of responding above a certain category c. The threshold kc is theoretically deﬁned as the
value on the latent scale, so the probability of responding
above a value c is .5, for c = 1     C − 1.
A Polytomous Item RR Model
Aggregate RR models thwart individual-level inference
because they focus on single items only. However, such
inferences become possible by considering multiple items
that are each inﬂuenced by i and that are each measured
by RR techniques, and this idea is the basis of the proposed
polytomous item RR model. We formulate our basic model
as follows:
(5)

PYik = c = p1 ikc + 1 − p1 p2c
ikc = PỸik = c  i  ak 

kc − 1 

kc 

The ﬁrst part of the equation speciﬁes the RR component,
and the term ikc captures the IRT part of the model (the
parameter ikc depends on the response category, item, and
participant). Note the difference between Ỹik and Yik : The
former is the latent response and is unobserved because it is
randomized before observation. The RR process inﬂuences
Yik but not Ỹik . The complete response process for a ﬁvepoint ordinal item k appears in Figure 2 (the parts of the
tree resulting from ik4 and ik5 are not displayed).
Consider the upper part of the tree. When confronted
with an item k, individual i answers Ỹik = 1 with probability ik1 . This choice is observed only with probability
p1 because with probability 1 − p1 , a forced response must
be given because of the RR procedure. When a forced
response must be given under the RR mechanism, the probability of each response is p2c . The interpretation of the
rest of the tree follows the same logic.
An IRT analysis of RR data is an important extension
of traditional RR techniques, and there are several notable
advantages: (1) It enables the separation of item characteristic parameters (difﬁculty and discrimination) and person
characteristic parameters (trait levels), (2) different sets of
items can be used to measure people on one common scale,
(3) it handles measurement error at the individual level in
a natural way, and (4) a robust trait estimate is obtained.2
We can extend the basic model in Equation 5 in straightforward ways. For example, if antecedents of the latent trait
are of interest, a structural model can simultaneously be
imposed on top of it:
(6)

i

= Xi  + i 

where Xi contains K covariates,  is a K-dimensional
parameter vector, and i ∼ N0  2 ) is random error. In an
explanatory IRT framework (De Boeck and Wilson 2004),
2
The amount of bias resulting from a dishonest response can be statistically derived, and the main conclusion is that as a result of the multivariate
response structure, a robust estimate of the underlying trait is obtained.
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Figure 2
PROBABILITY TREE OF RESPONDING TO AN ORDINAL ITEM UNDER RR
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where Wk is a vector of item characteristics and k is a
random error. Finally, it is possible to accommodate situations in which a subgroup of respondents does not follow
the procedure, thus preventing such respondents from biasing the results.3 That is, some people might always give a
safe, socially desirable response regardless of whether the
randomization mechanism tells them to provide a truthful
or a forced response. To deal with this, we can specify two
distinct latent classes. The ﬁrst class of respondents will
choose the socially safe response no matter what, whereas
the second class follows the RR procedure (see Böckenholt
and Van der Heijden 2007). Respondents belong to the ﬁrst
class with probability  and to the second class with probability 1 − .
3

We thank an anonymous reviewer for suggesting this.
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variation in item parameters can be added as well. For
example, we could impose that the ﬁrst threshold varies as
a function of certain item characteristics:
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In summary, the proposed polytomous item RR model
guarantees complete conﬁdentiality to the participants
regarding their responses to sensitive questions. It is tailored to the ordinal response scales that are common in
marketing and incorporates predictors at the item and person side, which allows for structural analyses. Finally, not
everybody necessarily needs to follow the procedure.
Estimation and Model Fit
The likelihood L, under a random sampling of people,
can be marginalized over the latent construct. Maximum
marginal likelihood methods, in combination with Gauss–
Hermite quadrature, can be used, but the order constraints
in the thresholds are difﬁcult to embed in the likelihood.
Therefore, we opt for a fully Bayesian approach instead,
which speciﬁes prior distributions for all model parameters. We specify a slightly informative inverse gamma
prior for the variance components and a Beta1 1 prior
for the parameter  governing the latent classes. The
prior for the discrimination parameters is ﬂat and subject to the constraint that the parameters must be positive
(details are available in the Web Appendix A at http://www.
marketingpower.com/jmrfeb10).

Reducing Social Desirability Bias Through Item Randomized Response
The ﬁt of the model and model assumptions can be evaluated with Bayesian residual analysis. Although such analyses have been proposed for binary IRT models, we provide
extensions here for the case of polytomous data. The posterior distributions of the residuals provide information about
the magnitudes of these residuals, which can be used to
make posterior probability statements about the values of
the residuals. Here, a Bayesian residual is deﬁned as the
difference between the latentresponse and the expected
(latent) response, rik = Ỹik − Cc = 1 c × ikc , which needs
to be estimated from the RR data. However, the estimation of the Bayesian residuals is easily integrated in the
Markov chain Monte Carlo (MCMC) algorithm for estimating the model parameters (see Web Appendix A at
http://www.marketingpower.com/jmrfeb10). In each iteration, Bayesian residuals are computed using the sampled
values of the augmented latent response data and the model
parameters given the RR data. The computed sequences
of Bayesian residuals can be viewed as draws from their
marginal posterior distributions. We considered two functions of sums of squared residuals 
to evaluate the ﬁt of
n
2
the
items
and
of
the
people:
Q
y
=
k
i = 1 rik , and Qi y =
K
2
r
,
respectively.
We
used
both
functions
as a disk = 1 ik
crepancy measure in a posterior predictive check:
(8)
=



P Qk yrep  ≥ Qk y  y
I Qk yrep  ≥ Qk y pyrep  ydyrep 

where yrep denotes replicated RR data under the model. The
(estimated) extremeness of the realized observed discrepancy is evaluated with replicated data under the model. A
relatively high function value corresponds to a poor ﬁt of
the corresponding item or person in which the sampling
distribution of the replicated data is used to quantify the
extremeness of the realized discrepancy.
A test for local independence can be performed by computing the conditional covariance between Bayesian residuals pertaining to two items given the person parameters.
That is, let rk y  denote the vector of residuals for item k
given the RR data and the person parameters. Subsequently,
the covariance between two vectors of item residuals is
denoted as kk y  = cov rk y  rk y  , which can
be computed within each iteration of the MCMC algorithm using the expected a posteriori estimate for the person
parameters. The MCMC sequence can be used to estimate kk y , and its corresponding posterior distribution
can be used to check whether this estimate is signiﬁcantly
different from zero, which indicates a violation of local
independence.
APPLICATION TO ADULT ENTERTAINMENT DESIRES
Adult entertainment is one of the largest and most profitable industries worldwide.4 Despite its economic and
sociocultural impact, surprisingly little is known about
individual-level consumption and desires to consume adult
entertainment, and there is even less theorizing about the
4

See http://internet-ﬁlter-review.toptenreviews.com/internet-pornographystatistics.html (last accessed November 2008).
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topic (Cronin and Davenport 2001). Surveys of adult entertainment consumption have mostly used direct questioning
to explore isolated, speciﬁc topics, such as attitudes toward
pornography (Evans-DeCicco and Cowan 2001), searching sexually explicit material on the Internet (Goodson,
McCormick, and Evans 2001), or patronage of sex workers (Traen, Eek-Jensen, and Stigum 2005). Adult entertainment represents an ideal setting to test our methodology
because it elicits strong self-conscious emotions, such as
embarrassment, shame, and guilt. When querying people
directly, they might feel the urge to respond in culturally accepted ways, without displaying their deeper sexual desires and activity. Our focus in the survey was on
desires because these are intimately linked to deep-seated
preferences (Baumeister, Catanese, and Vohs 2001; Schmitt
2003) and inﬂuence consumption behavior over extended
periods of time (Perugini and Bagozzi 2001, 2004).
Survey of Adult Entertainment Desires
Sample and design. A randomly drawn sample of 1260
members of the CentERdata panel of Tilburg University
participated voluntarily in a study about desires for adult
entertainment. The panel is nationally representative for
people over 16 years of age. Panel members, who live
in the Netherlands, received questionnaires electronically,
completed them at home on their personal computers, and
then returned them.
Panel members were assigned to a condition of a twogroup between-subjects experimental design. The direct
question group n = 684 answered questions without any
randomization mechanism, and the RR group n = 576
used a randomized procedure when answering the questions (following the rationale in Figure 1), for which they
received a die at home by regular mail, one week before
participating in the survey. We illustrate the usefulness of
the proposed model by comparing the responses of the
two experimental groups on the observed items and the
underlying latent desire construct and by relating these to
underlying socioeconomic variables of interest. Information
was available about participants’ gender (male/female), age
(<28, 28–45, and >45), and net monthly income (<E700,
E700–E1700, >E1700). These variables can test the validity of the method by relating them to adult entertainment
desires as main effects and to examine whether and how
these characteristics potentially interact with question technique (direct versus RR) to inﬂuence reported adult entertainment desires, as we describe subsequently.
Questionnaire and instructions. To lower the threat to
participants, we used descriptive terms and natural language for all instructions, items, and other communication with participants, which is further supported by using
(nonpersonal) electronic data collection (Tourangeau, Rips,
and Rasinski 2000). We developed a multi-item measure
of adult entertainment desires, building on the work of
Perugini and Bagozzi (2001, 2004) on desires in general
and that of Schmitt (2003) on desires for sexual variety
more speciﬁcally. Perugini and Bagozzi (2004, p. 71) deﬁne
desires as “a state of mind whereby an agent has a personal motivation to perform an action or achieve a goal.”
Desires differ from related constructs, such as intentions,
because the former are less connected to immediate action
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and are framed over longer time horizons, with the feasibility of the action or goal attainment being less relevant. Desires also differ from fantasies because the former
have survived some reality check, whereas the latter do not
require this. Importantly, there is evidence that all traditional determinants of behavioral intentions and subsequent
volitional behavior are mediated by desires (Perugini and
Bagozzi 2001).
To cover the domain of adult entertainment desires,
we examined the academic literature on the topic (e.g.,
Cronin and Davenport 2001; Evans-DeCicco and Cowan
2001; Goodson, McCormick, and Evans 2001), Web sites
dedicated to the adult entertainment industry (e.g., www.
avnonline.com; http://newsstats.sextracker.com; http://internetﬁlter-review.toptenreviews.com/internet-pornogaphy-statistics.
html), and international suppliers of adult entertainment
products and services (http://www.beate-uhse.com). On
the basis of this examination, we identiﬁed 15 desires
that span the domain of legal (in the Netherlands) adult
entertainment consumption (for further details, see Web
Appendix B at http://www.marketingpower.com/jmrfeb10):
(1) free Web sites; (2) paid Web sites; (3) pay-perview television channels in the home; (4) pay-per-view
television channels out of the home; (5) magazine and
books; (6) videotapes, DVDs, CD-ROMS, and similar
media; (7) telephone services; (8) dating sites or telephone
services; (9) toys; (10) sex stimulating or prolonging
products; (11) erection stimulating products; (12) clothing;
(13) clubs; (14) opposite-gender prostitution; and (15)
same-gender prostitution.
The items cover, respectively, private consumption of
prepackaged products and services (Items 1–6), consumption through interaction with distant others (Items 7–8),
instruments in sex activity with others (Items 9–12), and
consumption of customized sex services (Items 13–15).
Item selection aimed to reﬂect ordinality in the intensity of adult entertainment desires, such that participants
endorsing more difﬁcult items (e.g., Items 13–15) in the
set should have a greater probability to endorse easier
items (e.g., Items 1–6), similar to the principles of Mokken
and Guttman scales. Note that difﬁculty scaling using a
broad spectrum of items has been advocated for sexual
behavior scales (Hennessy et al. 2008) to achieve validity (see Grello, Welsh, and Harper 2006; Meston et al.
1998). Although the use of a priori item design is relatively new to the ﬁeld of marketing, it is consistent with
recently developed psychometric models by De Boeck and
colleagues (see De Boeck and Wilson 2004). Incorporating item effects introduces dual sources of variation in the
observed scores, which facilitates the understanding of how
person- and item-related factors contribute to adult entertainment desires, as we show subsequently.
The introduction to the desire measurement instrument
in the questionnaires read as follows:
This questionnaire is about your desires and wishes
with respect to paid forms of sex and pornography,
and with respect to products and services related
to this. Sex is the act of intercourse. Pornography
covers all words, images, objects, symbols and so
forth that explicitly refer to, describe or depict acts
of intercourse. Desires and wishes cover things that
you would like to do or achieve, if the circumstances
would be right.

For participants in the direct questioning group, this general instruction was followed by the 15 adult entertainment
desire items, each with the following sentence stem: “If
no one would ever discover this, then I would like to  ”
(underlining in the original). Respondents assessed these
items on ﬁve-point response categories: (1) “strongly disagree,” (2) “disagree,” (3) “neither disagree nor agree,”
(4) “agree,” and (5) “strongly agree.”
RR procedure. Participants in the RR group received
an additional instruction, directly following the general
instruction and before receiving the questions. The instruction on the computer screen read as follows (we used separate screens to parcel the information):
Because the topic of this survey may be sensitive
to you, we want to protect your answers. To this
aim, for each of the following questions, you can
sometimes give your true answer and sometimes an
answer that depends on a die (one dice). We now
explain how this works. It is essential that you follow the procedure exactly, even if you have some
reservation to provide a truthful answer on a certain
question, or when the die provides an outcome that
you do not like. Please now take the die that has
been sent to you. Procedure:
1. For each question, you throw the die.
2. If the ﬁrst throw of the die gives a 1, 2, 3, or
4, then please provide your truthful answer to
the question.
3. If the ﬁrst throw of the die gives 5 or 6, then
throw the die again.
4. If the second throw of the die gives a 1, then
provide the answer 1 to the question.
5. If the second throw of the die gives a 2, then
provide the answer 2 to the question.
6. If the second throw of the die gives a 3, then
provide the answer 3 to the question.
7. If the second throw of the die gives a 4, then
provide the answer 4 to the question.
8. If the second throw of the die gives a 5 or 6,
then provide the answer 5 to the question.
By following this procedure carefully, it is impossible for CentERdata to know your real answers to
the questions, because only you know the outcome
of each throw of the die.
If CentERdata sees a 4 as an answer to a certain
question, then this may be because your ﬁrst throw
of the die gave a 1, 2, 3, or 4, and you provided
your truthful answer, which was 4, but it could also
be that your ﬁrst throw with the die gave a 5 or 6,
and your second throw with the die gave a 4.
This procedure is known as the “Randomized
Response” technique, and it is used in research like
this. By using this technique, we can make inferences for each question aggregated across respondents (because we correct for the answers due to
the die) but not anymore for any individual participant in the survey. CentERdata can therefore never
detect what your true answer to any of the following
questions is. Therefore, you can, with all your heart,
provide your true answer to a question if the die tells
you to. Therefore, please follow the instructions that
you have just been provide strictly.
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Establishing Validity
Relationships with other variables. Improvements in
truthful responding as a result of RR techniques can be
unequivocally assessed when objective, external data exist
to verify the veracity of the survey responses. Yet, such
objective, external data are often not available when constructs are intrinsically unobservable, as is common in marketing. Thus, the validity of RR techniques in uncovering
consumers’ true answers needs to be assessed indirectly by
relating the target construct to other variables (Churchill
1979; Roese and Jamieson 1993; for similar arguments in
the domain of sexual behavior, see Hennessy et al. 2008).
We take this approach here. Speciﬁcally, we derive and
test predictions about the relationships among gender, age,
income, and erotic desires and how these relationships are
inﬂuenced by social desirability biases. Finding the theoretically derived relationships in the data supports the nomological validity of our methodology.
First, because of its sensitive nature, the overall level
of adult entertainment desire should be lower in the
direct question group than in the RR group, conveying
underreporting in the former. Second, and more speciﬁcally, women are expected to report lower levels of adult
entertainment desire than men. This is in line with the
conclusions from Baumeister, Catanese, and Vohs’s (2001)
literature review of gender differences in sex drive and with
Baumeister and Vohs’s (2004) recent social exchange theory of heterosexual interaction, which argues that women
are sellers and men buyers of sex and that the former
are prone to keep the desired resource in short supply
to exert power. Thus, men across countries report overall
higher desires for sexual partners than women do (Schmitt
2003), and male students are more likely than female students to report having watched sexually explicit material
on the Internet and to have masturbated while watching
this (Goodson, McCormick, and Evans 2001). Importantly,
however, we expect question technique to interact with gender, such that the increase in reported desire in the RR
group will be higher for women than for men. That is,
women should not only hold their scarce resource in short
supply but are also socialized to communicate the lowered drive, which gives rise to the short supply (Baumeister
and Vohs 2004), in turn making reports of their true desire
for adult entertainment more sensitive. Thus, more so than
men, women should underreport adult entertainment desire
in direct questioning compared with RR questioning. However, the ﬁnal desire of women should still be signiﬁcantly
lower than that of men because of evolutionary and other
factors, even under RR.
Third, we expect age to affect desires for adult entertainment in a nonlinear way. That is, desires for adult entertainment should be lowest for the highest age group >45
years of age), for whom overall sex drive and mating urges
are reduced for biological and other reasons, followed by
the youngest age group (<28 years of age), who have sufﬁcient opportunities through noncommercial forms of sexual
activity and have not yet satiated these. Desires should be
highest in the middle age group (28–45 years of age), for
whom sexual urges are still strong and satiation lurks in
longer but not yet fully stabilized marital and other intimate
relationships, as reﬂected in higher marital inﬁdelity and
divorce rates in this age group (Treas and Giesen 2000).
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Moreover, we expect question technique to interact with
age, such that the increase in desires under RR questioning will be the lowest for the oldest and youngest age
groups and the highest for the 28–45 age group. That is,
because actual desires for adult entertainment are presumably lowest for the youngest and, in particular, the oldest
age group, reporting these lower desires poses little threat
to self-esteem. Instead, sensitivity to adult entertainment
desires should be much higher for the 28–45 age group
because of the implications for strain on marital and other
intimate relationships.
Finally, we are not aware of prior research on the role of
income in adult entertainment consumption and desires and
thus explore its potential inﬂuence. Because our items covered free (Item 1), low-priced (e.g., Items 3, 5, and 6), and
higher-priced forms of adult entertainment (e.g., Items 13,
14, and 15), the income–desire relationship is another noteworthy topic for exploration.
Effects of instruction. Improvements in truthful responding due to RR techniques could be caused merely by
the different introduction section compared with the direct
questioning condition (Tourangeau, Rips, and Rasinski
2000). Indeed, the detailed introduction could act a signal that privacy concerns and responses to the survey are
taken seriously, which by itself might induce respondents
to answer more truthfully than respondents in the direct
questioning condition. In this case, improvements in truthful responding in the RR group would be partly due to
other, namely instructional, factors, which would compromise construct validity.
To examine this possibility, we randomly split the direct
questioning group into two subgroups, one n = 336
receiving the standard instructions before the speciﬁc information about the survey topic and the other n = 347
receiving a more extended version of the instructions. We
described the standard instructions (35 words) previously.
The extended instructions (100 words) also emphasized that
respondents’ participation in the study was essential, that
relevant new insights might be gained because of the speciﬁc information provided, and that strict conﬁdentiality in
handling the responses to the questions was assured.
Analyses of variance revealed no differences between
the two instruction groups on the desire for adult entertainment construct (mean latent desire = 022 versus mean
latent desire = −023, p > 50) nor any signiﬁcant interaction effects between the two instruction groups and the
sociodemographic variables on the construct (all Fs < 100).
We conclude that priming truthfulness and conﬁdentiality
by providing speciﬁc instructions to respondents did not
inﬂuence the target construct in this survey, and therefore
we decided to analyze the data across the two instruction
groups.
RESULTS
Effects of Question Technique and Socioeconomic
Characteristics
Model 1 estimates the main effect of question technique
on adult entertainment desires. Models 2–4 estimate the
interaction between question technique and, respectively,
gender, age, and income, while controlling for their main
effects on adult entertainment desires. In all models, the
estimated Bayesian residuals did not show a signiﬁcant
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percentage of extreme residuals, and the estimated item
discrepancy measure did not detect any item misﬁts. Less
than 5% of the respondents were detected as misﬁts, meaning that their response patterns can be considered extreme
under the model. We detected no signiﬁcant violations of
local independence. Taken together, this implies that the
scale is unidimensional and that the model ﬁts well.
For Model 1, the latent scores of the direct questioning group and the RR group are simultaneously derived
through the graded response IRT model. The difference is
that for the RR group, there is an additional randomization process that inﬂuences the observed scores, but this is
incorporated into the MCMC algorithm. Because participants were randomly assigned to conditions of the experimental design, differences in group means can only be due
to the RR technique. Regressing latent desire on a dummy
variable (RR), which is 1 for participants in the RR group
and 0 otherwise, reveals that in the RR condition, participants report signiﬁcantly higher desires for adult entertainment than under direct questioning (posterior mean RR =
507, zero not included in the 95% credible interval; see
Model 1 in Table 1). In addition, the latent class structure
in the model indicates that the number of people who do
not follow the instructions is fairly small (posterior mean
 = 103%). Although this latent class size is fairly small,
not accounting for it would reduce the estimate of the difference in mean latent desire by .152 to an estimate of
.355, which is large. These ﬁndings are in line with other
research that has related univariate and multivariate binary
direct questioning data with RR data showing the validity
increases under such designs (Fox and Tracy 1986; Fox
2005; Lamb and Stem 1978; Lensvelt-Mulders et al. 2005;
Locander, Sudman, and Bradburn 1976).
Table 1
INFLUENCE OF QUESTION TECHNIQUE AND
SOCIOECONOMIC CHARACTERISTICS ON ADULT
ENTERTAINMENT DESIRE
Inﬂuence on Adult
Entertainment Desires
Predictors

Model 1 Model 2 Model 3 Model 4

Question technique
RR = 1 RR 
I (age < 28) (age < 28 a
I (age > 45) (age > 45 
Gender (female = 1 (Gender 
I (income < 700) (income < 700 
I (income > 1700) (income > 1700 
Interactions
RR × gender (RRGender 
RR × I (age < 28) (RRage
RR × I (age > 45) (RRage
RR × I (income < 700)
(RRincome < 700 
RR × I (income > 1700)
(RRincome > 1700 

493

545

497

−263
−567
−740
−208
−060

−455
−603
−646
−181
−030

−308
−560
−631
−346
−045

199


45 

< 28
>

Latent class probability ( (%)
a

507

484
102

446
039

10.3

10.3

10.0

9.7

The I· function is an indicator function that equals 1 if the logical
expression in it is true and 0 if otherwise. Thus, I (age < 28) would be 1
for age < 28 and 0 for age ≥ 28.
Notes: Bold estimates do not contain 0 in their 95% credible interval.

We estimated Models 2–4 to investigate potential biasing
effects on the relationships between socioeconomics and
desire. In the models, we included main effects of question technique and sociodemographics, and we added the
interactions between question technique (dummy RR) and
a particular socioeconomic variable, one at a time. In all
models, the estimates for the latent class parameter are similar to Model 1.
Model 2 shows that in support of the predictions, women
have a clearly lower desire for adult entertainment than
men (posterior mean gender = −740, zero not included in
the 95% credible interval). However, and also in support
of the predictions, the gender desire gap visibly narrows
under the RR condition (posterior mean RRgender = 199,
zero not included in the 95% credible interval). Tracy and
Fox (1981), who investigated self-reported police arrests,
also ﬁnd that women are more likely to underreport. So,
perhaps the tendency might transcend speciﬁc domains and
generalize to norm-deviating behavior more generally. Yet,
even under RR, women have less of a desire for adult entertainment, as we hypothesized.
Model 3 documents the age effect, with the middle age
group (28–45 years) as the baseline. The analysis shows
that this group indeed has the highest desire, in support
of our hypothesis. More speciﬁcally, the younger and, in
particular, the older age groups score signiﬁcantly lower
than the middle age group (posterior means are, respectively, age < 28 = −455 and age > 45 = −603, zero not in
the 95% credible interval). The interaction with question
technique indicates that the youngest participants have the
highest increase in reported desire RRage < 28 = 484,
which is unexpected. The gap in adult entertainment desires
between the youngest and the middle age groups disappears
completely under RR. This reﬂects that younger consumers
have an equally strong adult entertainment desire but are
more susceptible to normative pressures to underreport this
under direct questioning, perhaps because desires for commercial forms of sexual activity are perceived to indicate a
failure to sustain healthy, noncommercial, sexually satisfying relationships.
Finally, Model 4 reveals a main effect of income and
an interaction effect of question technique and income
on adult entertainment desires. Speciﬁcally, compared
with the other income groups, lower-income participants
report signiﬁcantly lower desires for adult entertainment
(income < 700 = −346, zero not in the 95% credible interval), but the strength of their desires increases signiﬁcantly
under RR (RRincome < 700 = 446, zero not in the 95%
credible interval). This ﬁnding may reﬂect the normative
pressures perceived by lower-income groups to adhere to
the social norm against consumption and desires for adult
entertainment and how the RR technique alleviates these
strains. Although the ﬁnding is new, it is consistent with
Tracy and Fox’s (1981) ﬁnding that low-income consumers
have greater tendencies to underreport illegal activities.
Item-Level Desires for Adult Entertainment
We intentionally selected items to reﬂect different content and different intensities (or “difﬁculties”) of desire for
adult entertainment (Hennessy et al. 2008). That is, all
items tap a libidinistic and utilitarian appetite, but it is much
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Table 2
OPERATING CHARACTERISTICS OF ADULT ENTERTAINMENT DESIRE ITEMS
Item Characteristics
Adult Entertainment Desire Items
Item
Item
Item
Item
Item
Item
Item
Item
Item
Item
Item
Item
Item
Item
Item

1: free pornographic Web sites
2: paid pornographic Web sites
3: pay-per-view television channels in the home
4: pay-per-view television channels out of the home
5: pornographic magazines or books
6: pornographic videos, DVDs, and so forth
7: erotic telephone services
8: sex dating sites or telephone services
9: sex toys
10: sex stimulants and prolongations
11: erection stimulants
12: erotic clothing
13: sex clubs
14: opposite-gender prostitution
15: same-gender prostitution

Discrimination

Threshold 1

Threshold 2

Threshold 3

Threshold 4

1301
1985
1443
2002
1991
1996
1472
1212
905
1218
1604
1083
1173
1813
768

059
1013
886
1079
328
296
1335
1612
365
1001
905
643
1061
1147
2881

545
1465
1341
1570
803
656
1815
2152
869
1486
1357
1167
1568
1635
3444

1077
2022
1908
2115
1385
1282
2364
2652
1428
1921
1968
1740
2128
2153
3947

1680
2570
2451
2695
1927
1894
3003
3332
2007
2581
2583
2357
2671
2800
4555

Notes: Item number indicates the position of the item in the survey (i.e., Item 1 means that this item was the ﬁrst item administered).

“easier” for a person to browse free Web sites in the privacy of his or her own home (Item 1) than to pay a visit
to a specialized sex club (Item 13). In theory, only participants who are very high on desire would yearn for more
difﬁcult forms of commercial sex. Table 2 presents the posterior means of the discrimination and threshold parameters for all adult entertainment desire items for participants
in the RR condition. Items 2, 4, 5, 6, and 14 best reﬂect
the desire construct, as shown by their high discrimination
parameters. The threshold parameters are particularly noteworthy because they reﬂect the “difﬁculty” of passing a
certain response option. For example, if a participant has
a desire value higher than the ﬁrst threshold, it means that
the participant is likely to have answered 2 or higher on
the response scale. Item 1 (free Web sites) has the lowest
and Item 15 (same-gender prostitution) has the highest ﬁrst
threshold value. All other items fall somewhere in between
the ﬁrst and the last items, lending support for our choice
of items.
To know the percentage of consumers choosing a 4 or 5
response on a particular item, simulations must be used. We
simulated data based on our model to establish how many
people would indicate agreement, or strong agreement, with
the statement that they would like to visit free Web sites if
nobody would ﬁnd out. The percentages under direct questioning and RR appear in Table 3 and are based on a simulation using 1,000,000 respondents to examine population
proportions.5 We obtain the direct questioning percentages
by shifting the desire trait with an amount equal to the
mean difference between the two experimental groups and
using the same item parameters. Under RR, approximately
25% of the participants would like to display this type
5
Interest is in population proportions, and with a small sample, there
can be substantial variation. In addition, the threshold values and the latent
desire trait are measured on the same scale, and a large ﬁrst threshold for
an item implies that very few people would display the desire as described
in the item. Thus, a small sample will not reliably indicate the population
proportions.

of behavior. This shows a substantial difference compared
with the direct questioning group. For some of the other
items, the differences in agreement are also large. Note that
the largest differences between the direct questioning and
the RR groups are for desire items of the highest difﬁculty.
Other noteworthy ﬁndings are revealed when we consider the item-level predictors, which is a completely different perspective on the data. Similar to De Boeck and
Wilson (2004), we used an a priori item design with groups
Table 3
AGREEMENT WITH THE DESIRE ITEMS FOR THE DIRECT
QUESTION AND RR GROUPS
Percentage Agreement
Adult Entertainment Desires:
“I would like to consume  ”
Item: free pornographic Web sites
Item: paid pornographic Web sites
Item: pay-per-view
television channels in the home
Item: pay-per-view television
channels out of the home
Item: pornographic magazines or books
Item: pornographic videos,
DVDs, and so forth
Item: erotic telephone services
Item: sex dating sites or
telephone services
Item: sex toys
Item: sex stimulants and prolongations
Item: erection stimulants
Item: erotic clothing
Item: sex clubs
Item: opposite-gender prostitution
Item: same-gender prostitution

Direct
Question
Group (%)

RR Group (%)

149
101
76

247
187
142

93

175

159
165

275
283

47
18

94
39

90
55
79
67
46
75
03

149
105
149
121
88
143
08

Notes: Agreement is response 4 (“agree”) or 5 (“strongly agree”).
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of items. In other words, we intentionally constructed the
scale on the basis of item properties, and they are an integral part of our “test blueprint.” This enables us to explore
whether certain item properties are related to the threshold values, which we do by entering one covariate at a
time into the ﬁrst threshold equation.6 Item groups were
consumption of prepackaged products and services (Items
1–6), consumption through interaction with distant others
(Items 7–8), instruments in sex activity with others (Items
9–12), and consumption of customized sex services (Items
13–15). Of these four groups, the effect of prepackaged
products and services and the effect of customized service
were signiﬁcantly related to the ﬁrst threshold. The posterior mean of prepackaged is −71 SE = 36, while the posterior mean custom is 1.03 SE = 40. Not unexpectedly,
this reveals that participants ﬁnd it difﬁcult to give a high
score to items that involve explicit sexual behavior with
other people, while it is much easier for them to simply
buy products and services to enhance sexual activity.
Dedicated SDR Scales
Although there are problems with dedicated SDR scales
because they tap both trait content and response style and
though measuring style but not content is their aim (Paulhus
2002; Smith and Ellingson 2002), we nonetheless also performed an analysis with these scales because they are often
used in marketing as covariates in direct question surveys (e.g., Bearden and Netemeyer 1999; Mick 1996). We
assessed social desirability in a separate wave (three weeks
interspersed) among the direct question group using the
impression management (IM) scale of Paulhus’s balanced
inventory of desirable responding (see also Mick 1996).
Prior research indicates that IM might affect SDR in sexual
matters (Meston et al. 1998). The scale consists of 20 ﬁvepoint “disagree/agree” items, but because of the length of
the instrument, we administered only a subset of 10 items
to measure social desirability (we omitted potentially offensive and/or inappropriate items while retaining the balanced
structure of the scale; 5 positively and 5 negatively worded
items). The reliability of our IM measure is .70, which
is acceptable. We used the average IM score M = 320
SD = 62 in the analyses, after reversing negatively formulated items such that higher scores indicate higher levels
of IM.
We examined the relationship between the desire construct and sociodemographic variables using regression
analysis. To the extent that the relationships between desire
and these other variables change signiﬁcantly after accounting for the social desirability measures, these relationships
are biased (Podsakoff et al. 2003; Tourangeau, Rips, and
Rasinski 2000). To examine this possibility, in Step 1 of
the analysis, we regressed the scores on the desire construct
on the ﬁve dummy variables representing the sociodemographic variables. Next, in Step 2, we added the score on
the IM scale (see Table 4). In Step 2, IM was signiﬁcantly
related to the desire construct (estimate −275, t = −466,
p < 001), indicating that expressed desires for adult entertainment are indeed reduced when IM is higher. Crucially,
6

Although it would be preferable to include all item predictors simultaneously, the number of observations is too small for that.

Table 4
INFLUENCE OF SDR SCALE AND SOCIOECONOMIC
CHARACTERISTICS ON ADULT ENTERTAINMENT DESIRE IN
DIRECT QUESTION GROUP
Inﬂuence on Adult
Entertainment Desires
Predictors
Intercept 0 
I (age < 28) age < 28 a
I (age > 45)(age > 45 
Gender (female = 1) (Gender 
I (income < 700) (income < 700 
I (income > 1700) (income > 1700 
IM (IM 
Interactions
IM × gender (RRGender 
IM × I (age < 28 (RRage
IM × I (age > 45 (RRage
IM × I (income < 700)
(RRincome < 700 
IM × I (income > 1700)
(RRincome > 1700 

Model 1

Model 2

Model 3

1185 (.133)
−391 (.130)
−505 (.072)
−547 (.072)
−188 (.104)
−043 (.079)

1983 (.198)
−460 (.127)
−460 (.071)
−511 (.071)
−165 (.102)
−037 (.077)
−275 (.052)

2377 (.674)
−598 (.681)
−425 (.370)
−791 (.375)
−505 (.619)
026 (.414)
−398 (.210)

< 28 
> 45 

087 (.229)
050 (.114)
−011 (.116)
101 (.186)
−019 (.128)

a
The I· function is an indicator function that equals 1 if the logical
expression in it is true and 0 if otherwise. Thus, I (age < 28) would be 1
for age < 28 and 0 for age ≥ 28.
Notes: n = 684. Parameter estimates with standard error.

however, none of the parameter estimates of the sociodemographic variables changed signiﬁcantly between Step 1
and Step 2. That is, all signiﬁcant t-values remained significant, and all insigniﬁcant t-values remained insigniﬁcant;
there were no sign changes; and the largest absolute difference in t-value was .6.
Finally, in Step 3, we included all ﬁve (one for gender, two for age, and two for income) interactions between
the IM scale and the sociodemographics. None of the
interactions were signiﬁcant (all ps > .11), regardless of
whether they were entered separately or jointly as a group.
This shows that though social desirability tendencies, as
assessed by the IM scale, were signiﬁcantly associated with
the desire construct, they did not signiﬁcantly change its
relationships with important predictors, whereas questioning technique did.
DISCUSSION
Surveys with self-report measures obtained from consumers are routinely employed in marketing research to
inform decision makers about important managerial issues.
In view of the importance of surveys, it is no surprise that
issues in data collection and survey validity have been of
long-standing interest to marketers. Among the most pervasive response styles is SDR (Paulhus 2002), especially,
but not only, for sensitive questions. We introduced a new
item RR model into the ﬁeld of marketing and applied it
to the adult entertainment category. The model allows for
(1) polytomous measures, (2) individual-level inferences,
(3) structural analyses of potential individual-level determinants and consequences of these constructs, (4) item predictors, (5) a group of respondents who always give socially
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desirable answers (i.e., they do not follow the RR instructions), and (6) easy checking of model ﬁt. Our empirical
application demonstrated not only that respondents found it
difﬁcult to openly admit having desires for adult entertainment and were likely to give untruthful answers if queried
directly but also that truthfulness systematically improved
under randomized responding and in directions predicted
by substantive theory.
When and How to Use Item RR Models
Implementation of the item RR technique can be costly.
Our item RR method requires dice, and the required sample size is relatively large (in the hundreds). In addition,
careful attention should be paid to issues of comprehension, and clear sets of instructions are important for participants to understand their task. This may make the technique
less suitable for less educated or very young consumers
or for special populations, such as social welfare offenders (Lensvelt-Mulders et al. 2005). The current application
was on the general population over the age of 18, which
alleviates these concerns. Finally, the analyses cannot yet
be performed using standard software packages.
There are some ways to reduce the costs of RR. In our
research, we sent dice to respondents. Nonetheless, there
might be cheaper alternatives, such as the use of virtual dice
on the Internet or sending preannouncements to respondents in which they are told to obtain a dice (either they
already have dice or they can obtain them from a neighbor or friend). We conducted an informal study in three
regions (United Kingdom: N = 277; Singapore: N = 264;
and Poland: N = 282 [all general population]) to explore
how many people are able to obtain dice easily. The market research ﬁrm Survey Sampling International conducted
the ﬁeldwork. The percentages in all countries were higher
than 80%, indicating that cost savings on the dice are possible, at least in these and similar countries. In addition,
other randomization devices, such as coin tosses, spinners,
or cards, can easily replace dice.
We believe that RR techniques should be seriously considered when it is important to know the exact levels of the
latent construct of interest and the relationships between
the construct and other variables, the construct’s determinants or consequences, and when the implications of deviations from true levels and relationships would be serious.
Dedicated social desirability scales cannot accomplish this.
Sensitive settings are common, especially in the ﬁeld of
transformative consumer behavior, such as tobacco, alcohol, and drug consumption; gambling; and ﬁnancial and
medical decision making (see Mick 2005). To gauge the
potential social sensitivity of surveys, and thus the need to
use RR techniques, expert panels or small-scale pilot surveys can be applied, in which the potential shamefulness
or embarrassment associated with questions about the topic
are determined.
Ethical Considerations
Honesty is paramount to warrant sustained trust in marketing research by the respondents and society at large.
The proposed new item RR model provides increased
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insight into consumers’ true responses to sensitive questions. Truthfulness in data collection and conﬁdentiality in
data utilization are two central ethical considerations.
Truthfulness. Our survey avoided deception, which otherwise could have been a source of respondent mistrust.
Survey respondents can be misled, for example, by suggesting to them that a procedure or measure cannot do what it
actually can or by suggesting that it can do what it actually cannot. Randomized response techniques, including
our procedure, cannot infer the true answers of individual
respondents to each sensitive question, and the introduction
in the survey explained this. This privacy protection stimulates respondents to give honest answers to potentially
embarrassing questions. With classic RR techniques, only
the aggregate responses of the sample as a whole to the
sensitive questions can be inferred, not the disaggregate
responses of individual respondents to the speciﬁc sensitive questions. By applying our item RR model, researchers
can now infer the disaggregate scores of respondents on the
latent construct of interest, but respondents’ true answers to
the each speciﬁc sensitive question can still not be inferred.
Thus, anonymity is preserved at the item level, and respondents are truthfully informed about this, which is important for ethical, methodological, and disciplinary reasons
(Kimmel and Smith 2001).
This conforms to the codes of conduct of professional marketing and survey research organizations. For
example, the American Association for Public Opinion
Research, the professional organization of public opinion
and survey research professionals in the United States,
states in its code of professional ethics and practices
(http://www.aapor.org/aaporcodeofethics) that “1. We shall
avoid practices or methods that may harm, humiliate, or
seriously mislead survey respondents, and 2. We shall
respect respondents’ concerns about their privacy.” In
a similar vein, the European Society for Opinion and
Marketing Research, states the following in its code
of conduct (http://www.esomar.org/index.php/professionalstandards.html): “(a) Market researchers shall not abuse
the trust of respondents or exploit their lack of experience
or knowledge. (b) Researchers shall not make false statements about their skills, experiences or activities, or about
those of their organization.” Respondents in RR studies
using our model should be clearly and fully informed about
which information can and cannot be obtained from their
responses to the questions.
However, the use of the bogus pipeline, which has been
advocated as an alternative technique to alleviate social
sensitivity (Aguinis, Pierce, and Quigley 1993; Derakshan
and Eysenck 2005; Roese and Jamieson 1993; Tourangeau,
Rips, and Rasinsky 2000) is deceptive and violates the
codes of conduct of professional organizations. By using
these techniques, respondents are misled to believe that
researchers and their organizations can do what they actually cannot. In a typical bogus pipeline study, respondents
are connected to a fake lie detector and are informed that
it can sense dishonest responses, which it actually cannot. A meta-analysis across 31 studies in various domains
has shown that the technique is an effective means of
lowering SDR (Roese and Jamieson 1993). Yet, it asks
researchers to deceive respondents to prevent the respondents from lying to the researchers, which is ironic. Such a
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breach of trust seems to violate professional codes of conduct, endangers the reputation of marketing research, and
can be harmful to the respondent (Frankel 1976). Whether
deception is acceptable in academic marketing research
under controlled, laboratory conditions, with full disclosure of information after completion, informed consent, and
other safeguards, is a different issue (Kimmel and Smith
2001). Some reports indicate that students—typical potential participants of academic marketing research—perceive
the bogus pipeline as a useful and acceptable technique
if the topic under study is important (Aguinis and Henle
2001). Even then, the cost of using fake lie detectors in
large-scale consumer and marketing research is a practical
drawback of the technique (Roese and Jamieson 1993).
Conﬁdentiality. No information about individual identiﬁable respondents in our survey was disclosed to third
parties, and respondents were informed about this. That
is, the survey data were used only for model building
and theory testing about the levels of constructs for consumer groups and relationships between them, and these
data were reported—not the data of identiﬁable respondents. Conﬁdentiality stimulates respondents to give honest answers to sensitive questions. The speciﬁc survey and
research organization (CentERdata; see www.centerdata.nl)
complies with the codes of conduct for survey marketing research and international privacy laws and regulations.
Clients only receive aggregate reports and data sets without identity information (e.g., name, address, location) of
individual respondents, and all researchers sign a nondisclosure form. This conforms to the code of standards and
ethics for survey research of the Council of American Survey Research organizations (www.casro.org) and the Marketing Research Association, including the stipulation that
researchers “[w]ill not reveal any information that could
be used to identify clients without their written authorization. Proper authorization from a client should be in written format prior to or during the data collection process.
This authorization must include that the information will
only be used for research purposes” (see http://www.mranet.org/about/codes.cfm [point 30]). This also ensures that
the survey information cannot be used for nonresearch purposes, such as direct marketing, nonconsent list generation,
credit rating, push polling, fund raising, or other marketing
or political activities. In particular, in marketing research
on sensitive topics, such as that of the current study, strict
conﬁdentiality is paramount to ensure respondents’ current
trust and avoid any potential harm.
Further Research
Given the complexity of SDR, there is still much to learn.
We studied only a single domain; differences between
direct questioning and item RR in other domains may differ. In addition, investigating the feasibility of electronic
randomization devices in Internet data collection is important. Such electronic versions of randomization devices
might evoke suspicion among participants because it is
well known that almost anything can be stored digitally. If
such electronic versions of randomization devices could be
made acceptable to participants, they could strongly contribute to the widescale use of RR techniques in the rapidly
expanding Internet and Web panels in marketing research.
Trust and effectiveness could also vary cross-culturally.

Although much remains unknown, we hope that our model
and empirical application stimulate marketing to pay more
attention to social sensitivity in research and to deal with
it appropriately.
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