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Abstract One type of paradigm commonly used in studies on
unethical behavior implements a lottery, relying on a random-
ization device to determine winnings while ensuring that the
randomized outcome is only known to participants. Thereby,
participants have the incentive and opportunity to cheat by
anonymously claiming to have won. Data obtained in such a
way are often analyzed using the observed Bwin^ responses as
a proxy for actual dishonesty. However, because the observed
Bwin^ response is contaminated by honest respondents who
actually won, such an approach only allows for inferring dis-
honesty indirectly and leads to substantially underestimated
effects. As a remedy, we outline approaches to estimate cor-
relations between dishonesty and other variables, as well as to
predict dishonesty in a modified logistic regression model.
Using both simulated and empirical data, we demonstrate
the superiority and relevance of the suggested methods.
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Dishonest, deceitful, and fraudulent behaviors incur notewor-
thy challenges for societies (Mazar & Ariely, 2006;
Rosenbaum, Billinger, & Stieglitz, 2014)—such as billions

lost annually to individual income tax evasion (Mazur &
Plumley, 2007). Whereas the study of unethical behavior
was long characterized by a normative focus, recently an up-
surge of interest has coincided with a more descriptive view.
This approach—spanning several subfields of economics,
management, psychology, and other social sciences—is now
commonly referred to as behavioral ethics (Bazerman &
Gino, 2012). Its goal is to understand the determinants, bound-
ary conditions, and underlying processes of unethical behav-
ior (especially cheating and dishonesty), and numerous recent
studies have shed light on such issues (e.g., Bryan, Adams, &
Monin, 2013; Caruso & Gino, 2011; Gino & Margolis, 2011;
Hershfield, Cohen, & Thompson, 2012; Mazar, Amir, &
Ariely, 2008; Mead, Baumeister, Gino, Schweitzer, &
Ariely, 2009; Peer, Acquisti, & Shalvi, 2014; Schurr, Ritov,
Kareev, & Avrahami, 2012; Schweitzer, Ordóñez, & Douma,
2004; Shalvi, Eldar, & Bereby-Meyer, 2012; Shalvi,
Handgraaf, & De Dreu, 2011; Vohs & Schooler, 2008;
Weisel & Shalvi, 2015; Zhong, Bohns, & Gino, 2010;
Zimerman, Shalvi, & Bereby-Meyer, 2014).

One particularly advantageous type of paradigm common-
ly used in studies on unethical behavior relies on a probabilis-
tic link between observed response behavior and cheating or
dishonesty (e.g., Abeler, Becker, & Falk, 2014; Bryan et al.,
2013; Conrads, Irlenbusch, Rilke, & Walkowitz, 2013;
Fischbacher & Heusi, 2008; Hilbig & Hessler, 2013; Lewis
et al., 2012; Nogami & Yoshida, 2013; Peer et al., 2014;
Shalvi et al., 2012; Shalvi et al., 2011): Specifically, partici-
pants take part in a lottery using some sort of randomization
device (e.g., rolling a die, tossing a coin, etc.) to determine
whether they are eligible for a reward (typically monetary
gains). Importantly, the setup ensures that the true outcome
of the randomization process is only known to the participant,
but not to the investigators (e.g., by rolling the die in secret).
Thereby, participants have both the opportunity and incentive
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to cheat by claiming to have obtained the target outcome,
despite actually having obtained a different outcome. Thus,
the actual honesty of each single participant’s response re-
mains unknown, as the only observed outcomes from using
such a paradigm are participants’ Bwin^ or Bnot win^ re-
sponses. For example, participants in a study by Hilbig and
Zettler (2015, Exp. 2) were instructed to roll a fair die in secret.
They were promised a monetary reward if they reported a
particular target number. Although the probability of
obtaining a legitimate win thus was merely p = 1/6, almost
half of the participants (45 %) reported the target number and
thus allegedly won. Given the anonymity of the experimental
situation, no statement is possible regarding whether a partic-
ular individual might have cheated. However, the proportion
of dishonest individuals can be inferred from these observed
Bwin^ or Bnot win^ responses at the aggregate level, provided
that the probability distribution of the randomization device is
known and held constant (Moshagen, Hilbig, Erdfelder, &
Moritz, 2014). To this end, it is generally assumed that (1)
dishonest respondents always claim to have won regardless
of the outcome, whereas honest respondents only report to
have won if actually having (rightfully) obtained the target
outcome, and (2) participants do not lie to their disadvantage
by denying to have won despite actually having obtained the
target outcome (but see Fischbacher & Utikal, 2011). Given
these assumptions, it is straightforward to estimate different
proportions at group level from the observed proportion of
alleged wins (see below for details).

However, the actual status of each individual who claimed
a win necessarily remains unknown. Since the observed pro-
portion of alleged wins suffers from contamination by honest
respondents who actually did win, this precludes the imme-
diate interpretation of the observed Bwin^ responses as an
indicator of cheating or dishonesty. Nevertheless, studies
employing such a paradigm consistently rely on the observed
Bwin^ responses as the dependent variable in a regression
framework. Although nothing is inherently wrong with this
approach, it allows for only indirect conclusions about dis-
honesty, because the probability of winning, not the probabil-
ity of dishonesty, is predicted. Of course, to the extent that the
observed or predicted probability of winning departs from the
baseline probability, dishonesty is a prime candidate to ac-
count for this difference—given the assumptions stated
above. Nonetheless, on a theoretical level, it would be pref-
erable to predict dishonesty, rather than alleged wins.
Moreover, ignoring that the observed Bwin^ response is con-
taminated by honest respondents leads to substantially
underestimated relationships between dishonesty and other
variables (such as the covariates reflecting different experi-
mental conditions). Although such underestimations lead to
conservative conclusions, it is obviously preferable to apply
analytic methods that would allow for an undistorted
assessment.

In light of these deficiencies, a superior approach would be
to predict dishonesty, rather than alleged wins. In the remain-
der of this article, we outline methods to estimate the propor-
tion of dishonest individuals, to compute correlations between
dishonesty and other variables, and to predict dishonesty
using an adapted logistic regression framework. We then re-
port on a simulation study demonstrating that the proposed
methods outperform traditional approaches. Finally, we also
illustrate the methods by reanalyzing published studies and
provide brief code examples to perform the described analyses
in R (see the Appendix).

Estimating the prevalence of dishonesty

Say we ask 100 participants to toss a fair coin once (in secret)
and to report only the outcome, promising an incentive for all
who report tails. Since the coin is fair, we know that half of all
100 tosses will most likely have turned up tails—that is, the
baseline probability of winning is p = .50. Suppose that 75
respondents claimed to have won, so that the observed pro-
portion of alleged wins would be q = .75. The probability of
observing a Bwin^ response is a function of the proportions of
honest and dishonest individuals as well as of the baseline
probability p, as dictated by the chosen randomization device.
Dishonest respondents are assumed to always report a win
(regardless of the actual outcome), whereas honest respon-
dents will only report a win if they have actually obtained
the target outcome. More formally,

p “win”ð Þ ¼ d þ 1−dð Þ⋅p; ð1Þ

where d denotes the proportion of dishonest individuals (so
that 1 – d is the proportion of honest respondents). Solving for
d yields

d ¼ p “win”ð Þ−p
1−pð Þ ; ð2Þ

so an estimate for the proportion of dishonest individuals can
be obtained by replacing p(Bwin^) with the observed sample
proportion of reported wins (q). In the example, the estimate

of the proportion of dishonest individuals is d̂ ¼ 075−:50ð Þ =
1−:50ð Þ ¼ :50. The associated standard error can be obtained
from

SE2 ¼ q⋅ 1−qð Þ
N− 1−pð Þ2 ; ð3Þ

and the G2 statistic for the test of whether d is equal to zero is

G2 ¼ 2⋅N ⋅ q⋅ln
N ⋅q
N ⋅p

� �
þ 1−qð Þ⋅ln N ⋅ 1−qð Þ

N ⋅ 1−pð Þ
� �� �

; ð4Þ
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which is referred to a chi-square distribution with one degree
of freedom (Read & Cressie, 1988).1 Thus, in the present
example, SE = .09, 95 % CI = .33–.67, and G2(1) = 26.16,
p < .01.

Note that d refers to the proportion of respondents who
would cheat if required (i.e., if they did not actually win),
defined contingent on the observation that winning must be
equally likely for honest and dishonest individuals. Thus, the
rate of actual cheating behavior c (the proportion of factually
untruthful responses) immediately follows from the propor-
tion of dishonest individuals, c= (1−p) ⋅d. Because d and c
are directly related and differ by a known multiplicative con-
stant (1 – p) only, either of these quantities serves the purpose
of measuring the extent of dishonest responding equally well.2

Because of this interchangeability (and because d is more
tractable), we only consider the proportion of dishonest indi-
viduals (d) in the present article.

Estimating correlations involving dishonesty

As we sketched above, cheating paradigms implement a situ-
ation that can be conceived of as observing a response variable
(alleged wins) that is a mixture of a dishonesty variable and a
disturbance term that is due to actual wins by honest individ-
uals. Stated differently, honest individuals winning the lottery
(with known probability p) add a mask with known mean and
zero variance (due to the assumption that each factually win-
ning participant also reports a win) to the responses by dis-
honest individuals. A sample estimate of the correlation be-
tween the unobserved dishonesty variable d and an observed
covariate x can be obtained from the observed Bwin^ and Bnot
win^ responses w through

rx;d ¼ rx;w
sw

sd 1−pð Þ; ð5Þ

where sw
2 is the variance of the observed Bwin^ responses. The

estimate of the sample variance of the unobserved dishonesty
variable is given by

s2d ¼
s2w−p 1−pð Þ⋅ d̂−1

� �2

1−pð Þ ð6Þ

(Fox & Tracy, 1984; Himmelfarb, 2008; Kraemer,
1980). The second term in Eq. 5 serves to correct the
correlation between the covariate and the observed
Bwin^ responses, rx,w, for the attenuation due to the
disturbance process (akin to the correction for attenua-
tion due to unreliability in classical test theory). This
correction factor increases with the probability of win-
ning, so the uncorrected correlation rx,w underestimates
the true correlation to the extent that actual winning is
increasingly likely. In contrast, as p approaches 0, the
variance of dishonesty becomes equal to the observed
variance of the Bwin^ responses, and the correction fac-
tor becomes equal to 1. Clearly, if one cannot actually
win, any Bwin^ response must be illegitimate, and thus
stem from a dishonest individual. Since rx,d is 0 if and
only if the correlation between the covariate and the
observed Bwin^ responses is 0 (rx,w = 0), it suffices to
test whether rx,w differs from 0 (by means of a simple t
test for correlations), to test whether rx,d differs from 0
(Kraemer, 1980).

Predicting dishonesty using logistic regression
analysis

Because applications of cheating paradigms yield a dichoto-
mous outcome variable, logistic (rather than ordinary least
squares) regression is the appropriate analysis strategy. In
the standard logistic regression model, the probability of a
dichotomous outcome variable y with values (0, 1) is
regressed on predictor variablesX through a logistic link func-
tion,

p y ¼ 1jXð Þ ¼ exp X0Bð Þ
1þ exp X0B0ð Þ ; ð7Þ

where B contains the regression parameters. In the present
context, an observed alleged Bwin^ response might also be
due to actual wins by honest individuals, so that the probabil-
ity of observing a Bwin^ response is p(Bwin ^) = d + (1
−d) ⋅p=p+ (1−p) ⋅d. The modified logistic regression model
accommodating this difference becomes

p “win” Xjð Þ ¼ pþ 1−pð Þ⋅ exp X0Bð Þ
1þ exp X0B0ð Þ ð8Þ

and can be estimated by standard maximization routines (for
details, see Scheers & Dayton, 1988; van den Hout, van der
Heijden, & Gilchrist, 2007). The resulting regression coeffi-
cients can be interpreted as usual—that is, as the change in the
logit of dishonesty given a unit change in the predictor.
Similarly, exp(B) can be interpreted in the usual way as the
odds ratio (OR).

1 An equivalent test would be to use a z-test comparing the observed
proportion of alleged wins with the baseline probability of winning.
2 There might be cases in which some variable is hypothesized to be a
consequence of the actual behavioral act of having cheated, but not of the
principal willingness to cheat if required (dishonesty). In such an ex-post-
facto situation, it would be inappropriate to rely on the estimated propor-
tion of dishonest individuals, because only a subset of these would have
cheated in the sense of reporting an outcome that they did not obtain.
However, in any other situation, the willingness to cheat is directly related
to the behavioral act of cheating, so that either of these measures can be
used interchangeably.
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Simulation studies

We performed two simulation studies to demonstrate the su-
periority of the proposed methods over the mere consideration
of the observed rate of alleged wins.3 The first simulation was
based on a population of N = 1,000 participants comprising a
constant proportion of either 10 %, 30 %, or 50 % dishonest
respondents. The population data included two continuous
background covariates (e.g., some personality scale or the
like). The first covariate was correlated by either ρ = .25 or
ρ = .50 with the true honest versus dishonest state. The second
covariate was created such that its true logistic regression
slope when predicting dishonesty was either β = 0.50 (OR =
1.65) or β = 1.00 (OR = 2.71). The observed Bwin^ responses
were generated by applying five different baseline probabili-
ties of winning (ranging from p = .10 to .50). The final stage
was replicated 500 times.

The mean estimated correlations between the response var-
iable and the covariate across the 500 replications are shown
in Table 1.4 As can be seen, the true underlying correlation
was consistently and substantially underestimated when sim-
ply considering the Bwin^ responses. As expected, this bias
increased with the baseline probability of winning and de-
creased with the proportion of dishonest individuals, because
both factors increase the distortion of the observed “win” re-
sponses by honest and factually winning participants. For ex-
ample, with a baseline probability of winning of p = .50 and
10% dishonest individuals, the mean correlation estimate giv-
en a true correlation of ρ = .25 was just r = .07. As is shown in
Table 2, the same effect necessarily also occurs when
predicting the Bwin^ responses (rather than dishonesty)
through a logistic regression. Simply predicting the Bwin^
responses substantially underestimates the true relationships,
especially when the baseline probability of winning is high
and the overall proportion of dishonest respondents is small.

In contrast to these findings, the modified procedures pro-
vided estimates that matched the true population parameters
very closely. Unlike the correlation between the observed
Bwin^ responses and the background variable, the means of
the corrected correlation coefficients nearly perfectly
reproduced the true correlations in all conditions (Table 1),
regardless of the baseline probability and the proportion of
dishonest individuals. Similarly, when applying the modified
logistic regression model to the simulated data, the true slopes
for the covariate used to predict dishonesty were adequately
recovered across conditions (Table 2). The performance of the
modified logistic regression model was better when there was
a larger proportion of dishonest individuals. This is to be

expected, however, given that it is more difficult to predict
dishonesty when only a few observations exhibiting the be-
havior of interest are available.

In summary, the results of the first simulation study clearly
showed that (a) merely considering the observed Bwin^ re-
sponses leads to a bias, in that the true relationships are sub-
stantially underestimated, and (b) the modified methods
outlined herein are able to provide a good recovery of the true
population parameters. However, the first simulation study
considered only a single (large) sample size of participants
in order to demonstrate that differences between the traditional
and modified approaches are not due to sampling fluctuations.
To investigate the performance of the methods at smaller—
and more realistic—sample sizes, a second simulation study
was performed in which the sample size was systematically
varied between N = 25 and N = 250. The general setup was
similar to that in the first study, in that a true correlation of ρ =
.50 for the first covariate and a true logistic regression slope of
β = 1.00 for the second covariate were used. The proportion of
dishonest participants was 30 %, and the baseline probability
of winning was p = .25.

Figures 1 and 2 show the results for the estimated correla-
tions and the estimated logistic regression slopes, respectively.
Replicating the first simulation study, the general pattern of
results shows that the traditional analyses using the observed
alleged Bwin^ responses underestimated the true relationships,
regardless of sample size. Moreover, the corrected correlation
coefficients reliably recovered the true correlations across all
considered sample sizes and only exhibited a very slight ten-
dency to overestimate the true correlation when the sample
was very small. Similar results were obtained concerning the
modified logistic regressionmodel. Overall, the true slope was
closely recovered, although the slopes tended to become
somewhat unstable when the sample was small. However,
the estimates tended to stabilize when N > 100 and closely
approached the true value. In addition, even for smaller sam-
ples, the modified procedure clearly outperformed the tradi-
tional analysis.

Empirical examples

We reanalyzed three published data sets to illustrate the rele-
vance of the methods advocated herein for substantive work.
In an online study involving N = 134 participants, Zettler,
Hilbig, Moshagen, and de Vries (2015) investigated the hy-
pothesis that dishonesty is negatively (rather than positively)
related to scores on an impression management (IM) scale. To
obtain a behavioral measure of dishonesty, participants were
instructed to toss a coin exactly twice and were rewarded with
a monetary gain if they reported exactly two successes. The
baseline probability of winning thus was p = .25. Fifty-one
(38 %) Bwin^ responses were observed. The proportion of

3 The simulation data and associated R scripts are available at https://osf.
io/wg5rc/.
4 Correlation coefficients were transformed to Fisher Z-scores, averaged,
and then back-transformed.
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dishonest respondents was estimated at d̂ ¼ :17, which is sig-
nificantly larger than zero, G2(1) = 11.1, p < .01. To test the
hypothesis concerning the relationship between dishonesty
and IM, a logistic regression predicting the Bwin^ responses
was performed. The bivariate correlation between IM and
winning was rIM,w = –.17, and the odds ratio for IM in the
logistic regression predicting the Bwin^ responses was OR =
0.56 (both p < .05). Given the comparatively low proportion
of dishonest respondents in the sample, notably different esti-
mates would be expected when using the modified procedures
described above. Indeed, the correlation between dishonesty

and IMwas estimated at rIM,d = –.29, and the odds ratio for IM
in the regression predicting dishonesty was OR = 0.16 (both p
< .05). Thus, the original analyses relying on the observed
Bwin^ responses strongly underestimated the relationship be-
tween dishonesty and IM. Whereas the original effect would
have been considered small to moderate in size, the present
estimate reflects a very large effect in terms of the effect size
conventions for odds ratios proposed by Rosenthal (1996).

Importantly, the modified logistic regression model de-
scribed above is of course not limited to a single predic-
tor. Hilbig and Zettler (2015, Exp. 2) used a cheating

Table 1 Mean uncorrected (r) and corrected (~r ) correlation estimates

10 % Dishonest 30 % Dishonest 50 % Dishonest

r
~r

r
~r

r
~r

ρ = .25

p = .100 .17 (.02) .25 (.04) .21 (.02) .25 (.02) .23 (.01) .25 (.02)

p = .167 .14 (.02) .25 (.05) .20 (.02) .25 (.03) .22 (.02) .25 (.02)

p = .250 .12 (.03) .26 (.06) .17 (.02) .25 (.03) .19 (.02) .25 (.03)

p = .333 .10 (.03) .25 (.07) .15 (.03) .25 (.04) .18 (.02) .25 (.03)

p = .500 .07 (.03) .26 (.10) .12 (.03) .25 (.06) .14 (.02) .25 (.04)

ρ = .50

p = .100 .34 (.02) .50 (.03) .43 (.02) .50 (.02) .45 (.01) .50 (.01)

p = .167 .29 (.02) .50 (.04) .39 (.02) .50 (.02) .42 (.02) .50 (.02)

p = .250 .24 (.03) .52 (.06) .35 (.02) .50 (.03) .39 (.02) .50 (.02)

p = .333 .21 (.03) .52 (.07) .31 (.02) .50 (.04) .36 (.02) .50 (.03)

p = .500 .15 (.03) .53 (.08) .24 (.02) .50 (.05) .29 (.02) .50 (.04)

Means and standard deviations in parenthesis across 500 replications. p = Baseline probability of winning.

Table 2 Mean uncorrected (b) and corrected (~b ) logistic regression slopes

10 % Dishonest 30 % Dishonest 50 % Dishonest

b
~b

b
~b

b
~b

β = 0.50

p = .100 0.26 (0.06) 0.53 (0.12) 0.40 (0.04) 0.49 (0.04) 0.45 (0.03) 0.50 (0.03)

p = .167 0.20 (0.06) 0.54 (0.15) 0.35 (0.04) 0.48 (0.06) 0.42 (0.04) 0.50 (0.04)

p = .250 0.15 (0.06) 0.54 (0.21) 0.31 (0.05) 0.48 (0.07) 0.39 (0.05) 0.50 (0.06)

p = .333 0.13 (0.06) 0.56 (0.26) 0.27 (0.05) 0.47 (0.09) 0.37 (0.05) 0.50 (0.07)

p = .500 0.09 (0.06) 0.55 (0.41) 0.23 (0.06) 0.47 (0.14) 0.32 (0.06) 0.49 (0.10)

β = 1.00

p = .100 0.50 (0.06) 1.10 (0.13) 0.76 (0.05) 0.99 (0.06) 0.86 (0.04) 0.99 (0.04)

p = .167 0.39 (0.06) 1.13 (0.17) 0.66 (0.05) 1.00 (0.07) 0.80 (0.05) 0.99 (0.06)

p = .250 0.30 (0.06) 1.17 (0.22) 0.57 (0.05) 1.01 (0.10) 0.72 (0.05) 0.99 (0.07)

p = .333 0.24 (0.06) 1.18 (0.26) 0.50 (0.05) 1.00 (0.11) 0.66 (0.05) 1.00 (0.09)

p = .500 0.17 (0.06) 1.17 (0.41) 0.39 (0.05) 1.00 (0.15) 0.57 (0.06) 0.99 (0.12)

Means and standard deviations in parenthesis across 500 replications. p = Baseline probability of winning.
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paradigm to investigate the relationship between dishon-
esty and six personality factors from the HEXACO model
of personality (Ashton & Lee, 2007; Ashton, Lee, & De
Vries, 2014; Moshagen, Hilbig, & Zettler, 2014). They
specifically predicted that the honesty–humility personal-
ity factor would account for cheating over and above the
remaining five personality factors of the model.

Participants rolled a fair die in secret and obtained a mon-
etary reward if they reported having obtained a target
number, so that the baseline probability of winning was
p = 1/6. Out of the N = 88 participants, 40 (45 %) alleg-
edly won. The estimated proportion of dishonest individ-
uals was d̂ ¼ :35, G2(1) = 39.5, p < .01. To evaluate their
hypotheses, Hilbig and Zettler (2015) performed a logistic

Fig. 1 Mean estimated uncorrected (dashed line) and corrected (solid line) correlations between dishonesty and a background variable as a function of
sample size. The true correlation was ρ = .50

Fig. 2 Mean estimated slopes for the prediction of dishonesty by a background variable obtained from traditional (dashed line) andmodified (solid line)
logistic regression analyses, as a function of sample size. The true regression slope was β = 1.00
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regression analysis predicting the observed Bwin^ re-
sponses from the six HEXACO factors, which yielded
an odds ratio for the honesty–humility factor of OR =
0.32 (p < .05). Using the modified logistic regression
model, the odds ratio for the honesty–humility factor in
the prediction of dishonesty by the six HEXACO factors
was OR = 0.28 (p < .05), which is similar to the OR
obtained when predicting the Bwin^ responses. In this
study, the results of the traditional and modified methods
are highly similar due to a rather low baseline probability
of winning, in combination with a substantial proportion
of dishonest respondents, in turn implying only a negligi-
ble contamination of the Bwin^ responses by individuals
legitimately winning.

To illustrate the benefits of the suggested methods for ex-
perimental studies, we finally consider an experiment by
Hilbig and Hessler (2013), who used a dice-rolling paradigm
to test whether the willingness to cheat depends on how great
a lie would be required to obtain the gain (as is predicted by
theories focusing on self-concept maintenance; cf. Mazar
et al., 2008). A total of N = 765 participants rolled a fair,
six-sided die in secret. The target number (the one outcome
incurring a gain) was varied experimentally, but the winning
probability was always p = 1/6. Across conditions, the propor-

tion of dishonest respondents was d̂ ¼ :23,G2(1) = 164.9, p <
.01. Hilbig and Hessler formulated the hypothesis that dishon-
esty would be least prevalent for the target numbers 1 and 6
(since these provide the least opportunity for relatively minor
lies), intermediate for 2 and 5, and most prevalent for 3 and 4
(since these provide the most opportunities for more minor
lies). Using target numbers of 1 and 6 as the reference catego-
ry, a standard logistic regression predicting the Bwin^ re-
sponses by dummy-coded predictor variables yielded OR =
1.92 for the targets 2 and 5 andOR = 2.40 for the targets 3 and
4 (both ps < .01), thus indicating small to moderate effects. In
contrast, applying the modified logistic regression model to
predict dishonesty yielded large effects, with estimated odds
ratios of OR = 3.35 for the targets 2 and 5 and OR = 4.54 for
the targets 3 and 4 (both ps < .01).

Discussion and conclusion

The field of behavioral ethics has seen an upsurge of
interest in recent years, and paradigms suited to study
dishonesty have correspondingly gained much promi-
nence (Bazerman & Gino, 2012; Rosenbaum et al.,
2014). One type of paradigm essentially implements a
lottery, relying on a randomization device with a known
probability distribution (such as coins, dice, etc.) to deter-
mine winnings. However, the true outcome of the ran-
domization process is only known to the participants,

who can thus cheat by claiming to have won, despite
having obtained a different outcome. Data obtained in
such a way are typically analyzed using the observed
Bwin^ or Bnot win^ responses. As a consequence, hypoth-
eses involving dishonesty are only tested indirectly, and
more importantly, correlations between covariates and dis-
honesty, as well as regression coefficients in the predic-
t ion of dishones ty, are—somet imes ser iously—
underestimated (as we have shown in the simulation stud-
ies above). As a remedy, we have outlined approaches to
estimate correlations and predict dishonesty, rather than
using the observed proportion of alleged wins as a proxy.
In simulations we showed that the adapted methods allow
for obtaining undistorted estimates of the correlations and
logistic regression coefficients. Also, by reanalyzing em-
pirical data, we demonstrated the relevance of the de-
scribed methods for substantive applications.

Despite these advantages over simply using the observed
proportion of alleged wins, the modified procedures also
bear a caveat: When predicting dishonesty, honest partici-
pants who actually won essentially constitute random noise
contaminating the response variable. This is desirable, be-
cause it renders the paradigm truly anonymous (i.e., it is not
self-incriminating to claim to have won). However, the im-
mediate consequence of this contamination is that standard
errors are larger than those obtained with uncontaminated
variables. One obvious way to counter this effect is to in-
crease the sample size. Other than that, certain features of
the experimental setup can be used to narrow the confidence
limits. In particular, choosing high baseline probabilities of
winning (say, p = .5) will amplify this problem, so rather
low baseline probabilities are to be preferred (with respect to
smaller standard errors). At the same time, however,
cheating must be an attractive option, so as to avoid only
having a few participants cheat. As p approaches 0, Bwin^
responses become more incriminating, thus making cheating
less likely, so p should be sufficiently larger than 0 to render
a Bwin^ response unsuspicious. On the basis of the (limited)
simulations presented herein, a winning probability of p =
.25 may serve as a reasonable compromise. Note, however,
that the undistorted effect size estimates obtained by the
adapted methods (which must be larger—as long a true ef-
fect exists—than those obtained using the Bwin^ response)
offset the larger standard errors.

Paradigms suited to study dishonest behavior are of
quintessential importance in the field of behavioral ethics
to examine the determinants, boundary conditions, and
underlying processes of unethical behavior. To this end,
the methods outlined herein allow for directly considering
dishonesty in different analytical frameworks. Thus, by
overcoming the limitations inherent in merely considering
reported wins, these methods will provide a considerable
benefit for future research involving cheating paradigms.
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Appendix

The approaches to analyze data obtained from cheating para-
digms outlined in the present article can be performed in the R
environment using the BRRreg^ package (available from
CRAN). In the following code examples, the observed Bnot
win^/Bwin^ responses (coded by 0 and 1, respectively) are
stored in a vector called r. The baseline probability of winning
is denoted p. For illustration, we refer to a study that used a
baseline probability of p = .25 and observed 595 participants
who reported not having won (ri = 0) and 405 participants
claiming to have won (ri = 1), so that the observed proportion
of alleged wins was q = 40.5%. The associated R script can be
downloaded from https://osf.io/wg5rc.

The proportion of dishonest respondents can be estimated
via the function RRuni.

p <- .25
res.uni <- RRuni(r, model =‘FR’, p = c(0,

p))
summary(res.uni)

The (shortened) output is:
> Estimate StdErr z Pr(>|z|)

> pi0 0.793 0.021 38.329 < 2.2e-16 ***

> pi1 0.207 0.021 9.985 < 2.2e-16 ***

The first row (pi0) gives the estimated proportion (along
with associated standard error) of honest participants, the sec-
ond row (pi1) the proportion of dishonest participants.

To estimate the correlation between dishonesty and another
(noncontaminated) variable x, the function RRcor is used.

p <- .25
RRcor(r, x, models = c(‘FR’,‘d’), p.list

= list(c(0,p)))
The function RRlog computes a logistic regression with a

contaminated dependent variable. The general syntax is sim-
ilar to R’s glm command. Assume that dishonesty is predicted
by two uncontaminated (continuous or dichotomous) vari-
ables x1 and x2,

p <- .25
res.log <- RRlog(r ~ x1 + x2, model =‘FR’,

p = c(0,p))
summary(res.log)

The (shortened) output is:
> Estimate StdErr deltaG2 Pr(>deltaG2)

>(Intercept) -2.46 0.29 293.85 < 2e-16

> x1 1.50 0.19 121.92 < 2e-16

> x2 -0.61 0.15 19.63 1e-05

So, the logistic regression coefficients when predicting dis-
honesty for the predictor variables x1 and x2 are 1.50
and –0.61, respectively. All regression coefficients differ sig-
nificantly from 0. To obtain odds ratios, the command
exp (coef(res.log)) can be used. This shows that the
OR for a unit change in x1 is OR = 4.50, and for x2 is OR =
0.54.
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