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Dishonest and fraudulent behavior poses a serious threat to both individuals and
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established lab and online cheating paradigms. Quite surprisingly, though, the exter-
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observed behavior in two widely used cheating paradigms to approval rates on two

2

societies. Many studies investigating dishonesty rely on (one of) a few wellnal validity of these paradigms has only been investigated in a small number of studies, raising the question of whether behavior in these paradigms is related to real-life
dishonesty or, more broadly, socially questionable behavior. Tackling this gap, we link
crowdworking platforms (namely, Prolific and Amazon Mechanical Turk) using data
from four studies (overall N = 5,183). Results indicate that lower approval rates are
associated with higher proportions of dishonest individuals. Importantly, this relation
also holds for crowdworkers who exceed commonly used thresholds for study inclusion. The results thus support the external validity of (two widely used) cheating paradigms. Further, the study identifies approval rates as a variable that explains
dishonesty on crowdworking platforms.
KEYWORDS

cheating, coin flip, crowdworking, dishonesty, external validity, Mind Game
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consequences have used (variants of) a few well-established cheating
paradigms, which are conceptually quite similar to each other. In a
recent meta-analysis on dishonesty, for instance, Gerlach, Teodorescu,

Individuals and societies are constantly affected by dishonest and

and Hertwig (2019) considered (variants of) four different cheating

fraudulent behavior. Dishonesty comes in many forms, including

paradigms, namely, the coin flip paradigm (Bucciol & Piovesan, 2011),

recent

scandals

the die roll paradigm (Fischbacher & Föllmi-Heusi, 2013), the matrix

(Volkswagen, 2015), money laundering (Danske Bank, 2018), and sys-

task (Mazar, Amir, & Ariely, 2008), and the sender-receiver game

tematic college admission frauds (Thelin, 2019). Irrespective of the

(Gneezy, 2005). In each of these paradigms, participants have the

kind of dishonest behavior, most acts of dishonesty undermine inter-

opportunity to act dishonestly in order to obtain an incentive.

large-scale

examples

of

emission

cheating

personal and/or societal well-functioning and can have tremendous

In the coin flip paradigm, for instance, participants are asked to

negative consequences (Del Monte & Papagni, 2001; Gyimah-

flip a coin in private and to report their outcome (i.e., “heads” or

Brempong, 2002; Judge, McNatt, & Xu, 2011; Mo, 2001).

“tails”). Typically, the report of a specific outcome is incentivized

In the last years, many studies investigating the occurrence and

(e.g., a participant earns $1 for reporting “heads”), making it possible

extent of dishonesty as well as its predictors, correlates, and

for a participant to misreport their outcome in order to obtain the

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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TABLE 1

Overview of studies linking behavior in cheating paradigms to real-world socially questionable behavior

Study

N

Cheating paradigm
subgroup(see Gerlach et
al., 2019)

Real-world outcome

Finding

Cohn, A., & Maréchal,
M. A. (2018).

162 students

Coin flip paradigm

School misconduct

Cheating was positively
linked to disruptiveness
and homework noncompletion
but not to absenteeism.

Cohn, A., Maréchal,
M. A., & Noll, T.
(2015).

182 prison
inmates

Coin flip paradigm

Rule violation

Cheating was positively
linked to the number of
rule violation offenses
in prison.

Dai, Z., Galeotti,
F., & Villeval, M. C.
(2017).

279 train
riders

Die roll

Fare dodging

Non-ticket holders
(fraudsters) cheat more
than ticket holders (non-fraudsters).

Hanna, R., & Wang, S.-Y.
(2017).

165 nurses

Die roll

Work absence

Cheating was negatively
linked to attendance.

Kröll, M., & Rustagi, D.
(2016).

72 milk men

Die roll

Cheating behavior in milk
markets

Cheating was positively
linked to more added
water to milk (i.e., fraud).

Potters, J., & Stoop, J.
(2016).

102 students

Mind Game

Nonreporting of
overpayment

Subjects with higher payoffs in the Mind
Game were
less likely to report overpayment.

specified incentive. Other cheating paradigms follow a similar logic—

questionable real-world behavior (see Table 1). Therein, behavior in

that is, participants are given a chance to misreport the outcome of an

cheating paradigms has been linked to classroom misbehavior in

event in a highly anonymous setting in order to obtain an incentive

schools (Cohn & Maréchal, 2018), offenses against prison regulation

(or to avoid losing an advantage). Importantly, in such paradigms, it is

among inmates (Cohn, Maréchal, & Noll, 2015), fare dodging in public

typically not recorded (and, thus, known) whether any specific individ-

transport (Dai, Galeotti, & Villeval, 2017), absence from work among

ual has cheated or not.1 Rather, researchers draw conclusions about

nurses (Hanna & Wang, 2017), fraudulent salesmen behavior (Kröll &

the proportion of dishonest individuals (and characteristics of these)

Rustagi, 2016), and nonreporting of overpayment (Potters &

by comparing the number of alleged wins for the whole sample with

Stoop, 2016). Overall, these findings are clearly in line with personality

the stochastic baseline of winning (e.g., in the coin flip paradigm with

trait theory (Allport, 1961), which assumes that individuals do have

one trial, the stochastic baseline of winning is 50%; for more details

rather stable personality characteristics that influence behaviors,

about this, see Moshagen & Hilbig, 2017).

thoughts, and emotions across different contexts; that is, next to situ-

Clearly, investigating dishonest behavior under such controlled

ational characteristics affecting the occurrence and/or extent of cer-

and anonymized conditions has many advantages (e.g., protecting par-

tain behavior, personality trait theory would predict that some

ticipants' anonymity which should also reduce socially desirable

individuals are generally more likely than others to engage in certain

reporting of outcomes). At the same time, one might question

behaviors (such as socially questionable behavior) and that the

whether people's behavior in such paradigms is externally valid and

increased likelihood of engaging in a certain kind behavior can be

transferable to (larger-scale) real-life behavior (i.e., actual behavior

observed across different contexts. With regard to socially question-

outside a lab or online research studies). Surprisingly, though, compar-

able behavior, this assumption is well supported by meta-analytic evi-

ing people's behavior in such cheating paradigms with socially ques-

dence. For instance, Zettler, Thielmann, Hilbig, and Moshagen (2020)

tionable real-world behavior2 has hardly been investigated to date.

recently found that people with rather low levels in the personality

Indeed, to the best of our knowledge, only six studies have so far

dimension of Honesty–Humility tend to show not only more

investigated how behavior in cheating paradigms relates to socially

cheating/dishonesty but also, among other things, more aggression, antisocial behavior, counterproductive behavior, or criminality/delinquency.
Although all of the studies mentioned in Table 1 do support that

1

behavior in cheating paradigms is a valid indicator of socially questionNote that in some studies, each participant is (un)knowingly observed by the experimenter,

making it possible to identify honest and dishonest respondents on the individual level
(e.g., Kocher, Schudy, & Spantig, 2017; Kröll & Rustagi, 2016)
2

Because not all of the following criteria might be clearly classified as dishonesty, we use the

broader term socially questionable behavior. Please note, though, that each of the following
criteria (as well as the criteria in our studies) relates to dishonest behavior to some degree.

able real-world behavior, they are limited by the used sample sizes in
particular. Specifically, with an average sample size of 161 and considering that cheating paradigms come with certain limitations of statistical power (i.e., cheating is typically unknown on the individual level),

3

SCHILD ET AL.

more well-powered studies are needed to test whether behavior in

that individuals with lower approval rates are more likely to cheat in a

cheating paradigms can indeed be linked to real-world socially ques-

cheating paradigm than individuals with higher approval rates. While

tionable behavior. We tackle this gap by a series of four studies.

most researchers set a minimum approval rate as a requirement for
study participation (e.g., a Prolific score of at least 90; Ensor
et al., 2019; or an approval rate of at least 95 on MTurk;

2 | THE PRESENT INVESTIGATION

Grysman, 2015), we also investigate whether the relation holds more
generally beyond commonly used thresholds for study inclusion by

Adding to the existing literature on the external validity of cheating

using a broader range of approval rates.

paradigms, we link two cheating paradigms—namely, the coin flip

Next to the aim of testing the external validity of cheating para-

(Bucciol & Piovesan, 2011) and the Mind Game (Jiang, 2013)

digms, this study also allows us to potentially identify a new control

paradigm—to crowdworkers' approval rates on the crowdwork plat-

variable for studies conducted on crowdworking platforms, which are

forms Prolific (Study 1–3) and Amazon Mechanical Turk (MTurk;

often used for studying dishonesty (e.g., Gerlach et al., 2019; Peer,

Study 4), respectively. Crowdworkers are workers that participate in

Brandimarte, Samat, & Acquisti, 2017; Pfattheicher & Keller, 2018).

crowdsourced tasks in exchange for an (monetary) incentive. Tasks on

Specifically, indicators of overall submission quality, such as approval

Prolific mostly consist of study participation. However, studies con-

raties, might add to other characteristics that are known to influence

ducted on this platform are very diverse and from multiple disciplines

dishonest behavior, such as age or gender (Gerlach et al., 2019),

such

increasing the interpretability of research findings.

as

clinical

psychology

(Alexander,

Salum,

Swanson,

&

Milham, 2020), cognitive psychology (e.g., Ensor, Surprenant, &

Overall, we present four studies investigating how approval rates

Neath, 2019), health psychology (e.g., Todd, Aspell, Barron, &

are related to cheating behavior in three different cheating paradigms.

Swami, 2019), social psychology (e.g., Jolley, Douglas, Leite, &

In detail, Study 1 and Study 4 used an adapted version of the Mind

Schrader, 2019), and economics (e.g., Teubner, Hawlitschek, &

Game (Schild, Heck, Ścigała, & Zettler, 2019), Study 2 used a standard

Adam, 2019). Tasks on MTurk do also include study participation but

version of the coin-flip paradigm (e.g., Hilbig & Zettler, 2015), and

do largely consist of business requests such as classification tasks,

Study

product reviews, or transcriptions (e.g., Ipeirotis, 2010).

(e.g., Balasubramanian, Bennett, & Pierce, 2017). Further, across the

3

used

a

computerized

coin

flip

paradigm

Important for our research question is that crowdworkers' sub-

studies we test for a broad range of approval rates (even beyond com-

missions are evaluated by the conducting party and have to be

monly used thresholds) as well as for the robustness of our findings

accepted or rejected. The number of accepted and rejected submis-

by controlling for age and gender of the participants, as these were

sions is used by Prolific and MTurk, respectively, to calculate an

suggested as predictors of dishonesty in cheating paradigms in the

approval rates score for each individual crowdworker; that is, if a

recent meta-analysis by Gerlach et al. (2019). Studies 1–3 were con-

worker gets a study accepted, the rate goes up, and if a worker gets a

ducted on Prolific, whereas Study 4 was conducted on MTurk.

study rejected, the rate goes down.
Reasons for rejection are manifold but can include misrepresentation of study inclusion criteria, deception of the requester, or provi-

3 | S TUD Y 1

sion of quick random responses (e.g., Hydock, 2018; Johnstone,
Tate, & Fielt, 2018; Prolific Team, 2018). It can thus be assumed that

3.1 | Methods

approval rates partly indicate workers' dishonesty in their past submissions on crowdworking platforms. Importantly, acting dishonestly

3.1.1 | Procedure and variables

on crowdsourcing platforms with regard to the task requirements3
comes with an important trade-off: Crowdworkers can act dishonestly

Studies 1–3 were originally conducted for a different main purpose

in order to save time and/or increase their financial benefit (e.g., by

(and preregistered with regard to the different purpose, including a

being able to participate in more studies in a specific timeframe), but

priori power calculations concerning the targeted sample size). Impor-

they do also risk rejections which lower their approval rates and, in

tantly, though, the herein reported data of Studies 1–3 represent con-

turn, might prevent them from participating in future tasks on the

ditions in which participants were confronted with demographic

platform (for some tasks, requestors—i.e., the ones who conduct the

questions and a particular cheating paradigm only (i.e., no other mea-

tasks—set a minimum approval rate as a requirement for task partici-

sures or interventions were administered).

pation; e.g., Ensor et al., 2019; Grysman, 2015).

Concerning Study 1, we conducted an online experiment using

Overall, crowdworkers' approval rates thus represent an indicator

the open-source survey framework formr (www.formr.org; Arslan,

of real-world socially questionable behavior (with lower approval rates

Walther, & Tata, 2019; Arslan & Tata, 2019). A total of 293 partici-

indicating more socially questionable behavior across numerous tasks).

pants completed the experiment via Prolific. Participants were hetero-

In line with the predictions of personality trait theory, we hypothesize

geneous with respect to gender (53.92% female, 45.73% male, 0.34%
other) and (although slightly less so) age (M = 36.22, SD = 12.16 years).

3

Cheating in a cheating paradigm does not lead to rejection of a crowdworker, because this

behavior is in line with the study requirements (e.g., reporting an outcome).

Only participants with a Prolific score of 95 or higher were invited to
the study. Prolific scores represent the upper bound of the 99th

4
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percentile binomial confidence interval (with respect to their percent-

due to using eight random digits) with the observed proportion of win-

age of approved submissions from the total) and range from 0 to 100.

ners, the modeling approach by Moshagen and Hilbig takes into account

Note that approximately 97% of the active users on Prolific (i.e., users

that the observed proportion of alleged wins is contaminated by honest

that were active during the last 90 days) do have a Prolific score of

respondents who actually won. To estimate the relation between the

95 or higher (as of June 4, 2020).

proportion of dishonest individuals and the approval rate scores, a modi-

Participants were informed that the main aim of the study was to

fied logistic regression model was used. The described analyses were

investigate decision-making processes. After consenting to participate

conducted using the RRreg package (Heck & Moshagen, 2018). Although

in the study, participants provided demographic information. Next,

our hypothesis is directional (i.e., lower Prolific scores are linked to a

participants participated in an adapted version of the Mind Game par-

higher proportion of dishonest individuals d), two-tailed tests were used,

adigm (Schild et al., 2019). Specifically, participants were asked to

because we originally conducted the study for a different purpose.

write down a target number between 1 and 8 in private. Subsequently, a random number between 1 and 8 was displayed, and participants were asked whether the displayed number matched the target

3.1.3 | Results

number they wrote down beforehand. Importantly, in addition to their
flat-fee for participation (£0.40), participants received a bonus incen-

A total of 32.42% of the participants indicated a matching number,

tive of £0.40 when reporting a match. Consequently, participants had

which is significantly different from the stochastic baseline of 12.5%,

the opportunity to cheat in order to obtain the bonus incentive by

Z = 7.27, p < .001. The proportion of dishonest individuals was esti-

reporting that the numbers matched even if they did not. Directly

mated to d = .23, SE = .03. The modified logistic regression showed

after the data collection was finished, approval rates (M = 99.59,

that individuals with lower Prolific scores were more likely to be dis-

SD = 0.83) were downloaded via the “export” function on Prolific.

honest (estimate = −0.33, SE = 0.15, Wald test = 4.84, p = .038,
OR = 0.72) as illustrated in Figure 1. Further, another modified logistic
regression including age, gender, and Prolific score as predictors indi-

3.1.2 | Analyses

cated that age (estimate = −0.54, SE = 0.26, Wald test = 4.36,
p = .013, OR = 0.58) and Prolific score (estimate = −0.37, SE = 0.16,

In the cheating paradigm, the proportion of dishonest individuals

Wald test = 5.66, p = .021, OR = 0.69), but not gender (estimate = 0.24,

d was estimated as described in Moshagen and Hilbig (2017). In con-

SE = 0.37, Wald test = 0.41, p = .521, OR = 1.27), were significant pre-

trast to analyses of binary cheating paradigms that simply compare

dictors. This indicates that younger individuals with lower Prolific

the expected percentage of winners (which equals 12.5% in our case

scores were more likely to be dishonest.

F I G U R E 1 Relations between
approval rates and the proportion of
dishonest individuals (d) in Studies 1–4

5
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3.1.4 | Discussion

been conducted.4 In contrast to Study 1, data also include participants
whose approval rates were lower than 95 (namely, between 85 and

Study 1 provided first evidence that Prolific scores are linked to

100), at the time when this information was downloaded (when the

cheating behavior, as assessed via the Mind Game. Study 2 tested

experiment was launched, the required approval rate for participation

whether these findings apply to a different cheating paradigm,

was 95).

namely, the coin flip task. Further, Study 2 uses a broader range of
Prolific scores and a larger sample.

4.1.2 | Results
4 | STUDY 2

The same analytical approach as in Study 1 was used. However, note
that the expected percentage of winners was 25% in this study

4.1 | Methods

(mirroring the probability of flipping two heads in a row). A total of
37.42% of the participants reported flipping two heads in a row,

4.1.1 | Procedure and variables

which is significantly different from the stochastic baseline of 25%,

We again conducted an online experiment using the open-source sur-

mated to d = .17, SE = .02. The modified logistic regression showed

vey framework formr (www.formr.org; Arslan & Tata, 2019; Arslan

that individuals with lower Prolific scores were more likely to be dis-

et al., 2019) that was originally set up with regard to a different

honest (estimate = −0.23, SE = 0.08, Wald test = 8.81, p = .010,

research question (for details, see Lilleholt, Schild, & Zettler, 2020).

OR = 0.80) as illustrated in Figure 1. Further, another modified logistic

Specifically, overall, N = 1,737 participants completed the same

regression including age, gender, and Prolific score as predictors indi-

cheating task, though at one of two measurement occasions (2 weeks

cated that age (estimate = −0.49, SE = 0.15, Wald test = 11.57,

apart); that is, 867 participants completed the cheating task at the first

p < .001, OR = 0.61), gender (estimate = 0.65, SE = 0.23, Wald

measurement occasion, and 914 different participants completed the

test = 8.18, p = .004, OR = 1.92), but not Prolific score (esti-

Z = 10.69, p < .001. The proportion of dishonest individuals was esti-

same cheating task at the second measurement occasion. There was

mate = −0.18, SE = 0.10, Wald test = 3.58, p = .092, OR = 0.83), were

no difference in the experimental setup between the two measure-

significant predictors. This indicates that younger, male individuals

ment occasions (i.e., we run the exact same study, just with 2 weeks

were more likely to be dishonest.

apart), so that we merged these participants. Two measurement occasions were also not initially planned but had to be done because of
some technical problems during the first measurement occasion.

4.1.3 | Discussion

However, these did not influence the data (i.e., the conditions)
reported herein. Forty-four participants had previously participated in

Based on a much larger sample, Study 2 conceptually replicated the

Study 1 and were thus not included in the analyses. However, includ-

findings of Study 1 using a different cheating paradigm. Unlike in

ing them did not change the pattern of the results.

Study 1, however, when age and gender were controlled for, Prolific

Participants were relatively heterogeneous with respect to gen-

scores did not turn out to be a significant predictor of the proportion

der (61.49% female, 37.82% male, 0.69% other) and age (M = 36.02,

of dishonest individuals. We ran a third study again alternating the

SD = 12.36 years). In the experiment, participants were first informed

administered cheating paradigm (this time, a computerized coin flip

about the background of the study, following by providing consent

paradigm was used) in order to further investigate the generalizability

and demographic information. Next, the participants were asked to

of whether Prolific scores are linked to cheating behavior.

play a standard version of the coin flip task as used by Zettler, Hilbig,
Moshagen, and de Vries (2015). In this version of the coin flip task,
participants were asked to flip a real coin twice and report the out-

5 | S TUD Y 3

come in private. If participants reported flipping two heads in a row,
they received a monetary payoff of £0.40, in addition to their flat fee

5.1 | Methods

for participation (£0.40).
For this data, we downloaded approval rates (M = 99.51,

5.1.1 | Procedure and variables

SD = 1.27) via the “export” function on Prolific approximately
4 months after the experiment (second measurement occasion) had

We again conducted an online experiment using the open-source survey framework formr (www.formr.org; Arslan & Tata, 2019; Arslan

4

et al., 2019) that was originally set up with regard to a different
For the first measurement occasion in Studies 2 and 3, Prolific scores were also downloaded

directly after the study was conducted. However, Prolific scores were significantly linked to
dishonesty no matter which Prolific scores were used. For simplicity, we thus report results
with Prolific scores that were downloaded after 4 months. We provide additional analyses in
the supplementary material (https://osf.io/w8csa/?view_only=
d800580e51704dcd870db8ac2e0a5540).

research question (for details, see Lilleholt et al., 2020). Overall, 1,653
participants completed the experiment. Similar to Study 2, the same
cheating task was administered at two measurement occasions,
approximately 2 weeks apart; that is, 872 participants took part at the

6
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first measurement occasion, whereas 823 different participants took

6 | S TU D Y 4

part at the second measurement occasion. There was no difference in
the experimental setup between the two measurement occasions.

6.1 | Methods

Forty-two participants had previously participated in Study 1 and
were thus not included in the analyses. However, including them did

6.1.1 | Procedure and variables

not change the pattern of the results.
Participants were relatively heterogeneous with respect to gen-

We again conducted an online experiment using the open-source sur-

der (59.23% female, 39.87% male, 0.91% other) and age (M = 35.85,

vey framework formr (Arslan et al., 2019; Arslan & Tata, 2019). In con-

SD = 12.07 years). After consenting to participate in the study, partici-

trast to Studies 1–3, Study 4 was specifically conducted to investigate

pants provided demographic information. Next, the participants were

the relation between approval rates and dishonest behavior and cor-

asked to play a computerized version of the coin flip task as in Study

respondingly

2. In this version of the coin flip task, the participants were asked to

16b91c36be044acfa2a079d3bad85616). Further, this study was run

flip a virtual coin via an external provider (https://justflipacoin.com)

on MTurk instead of Prolific. We conducted an a priori power analysis

twice and report the outcome. If a participant reported that the virtual

using the powerplot function of the RRreg package. Given α = .05, the

coin showed two heads in a row, they received a monetary payoff of

required sample size to detect a correlation of .10 between approval

£0.40, in addition to their flat fee for participation (£0.40). Approval

rates and the proportion of dishonest individuals was N = 1,500

rates (M = 99.43, SD = 1.61) were downloaded via the “export” func-

(power > .88). As MTurk does not automatically provide the approval

tion on Prolific approximately 4 months after the experiment (second

rates of the participants, we opened individual batches for each

measurement occasion) had been conducted. Again, we did also

approval rate between >80 and 100. For each approval rate (81–100),

include participants whose approval rates were lower than 95 (range

we opened a batch for 125 participants. Thus, 20 batches with

72–100) at the time when this information was downloaded (when

125 participants each were opened resulting in a maximum sample

the experiment was set up, only crowdworkers with an approval rate

size of 2,500 participants. The reason why we thus “oversampled” the

of min. 95 were allowed to participate).

suggested 1,500 participants was that, based on current research

preregistered

(https://osf.io/v5jd3/?view_only=

(e.g., Robinson, Rosenzweig, Moss, & Litman, 2019), we expected that
less than 125 participants could be recruited for batches of lower

5.1.2 | Results

approval rates (i.e., 81–90). Indeed, after 1 week, we had less than
1,500 participants overall (N = 1,027), because there were too few

The same analytical approach as in Studies 1 and 2 was

participants in the lower batches. In line with our preregistration, addi-

implemented. As in Study 2, the expected percentage of winners

tional batches were opened for very high approval rates (i.e., 98,

was 25%. A total of 36.60% of the participants indicated observing

99, and 100) until 1,500 participants were reached. We only recruited

two heads in a row, which is significantly different from the sto-

participants that had more than 100 HITS, as workers with less than

chastic baseline of 25%, Z = 9.79, p < .001. The proportion of dis-

100 HITS always have an approval rate of 100 regardless of how

honest individuals was estimated to d = .15, SE = .02. The

many studies were accepted/rejected.

modified logistic regression showed that individuals with lower Pro-

Participants were relatively heterogeneous with respect to gen-

lific scores were more likely to be dishonest (estimate = −0.29,

der (42.33% female, 57.40% male, 0.27% other) and age (M = 33.02,

SE = 0.09, Wald test = 10.64, p = .001, OR = 0.75) as illustrated

SD = 9.72 years). After consenting to participate in the study, partici-

in Figure 1. Further, another modified logistic regression including

pants provided demographic information. Next, as in Study 1, the par-

age, gender, and Prolific score as predictors indicated that gender

ticipants were asked to participate in an adapted version of the Mind

(estimate = 0.60, SE = 0.24, Wald test = 5.07, p = .024, OR = 1.81)

Game paradigm. The participant received a monetary payoff of $0.40,

and Prolific score (estimate = −0.24, SE = 0.09, Wald test = 6.81,

in addition to their flat fee for participation ($0.40).

p = .007, OR = 0.78), but not age (estimate = −0.22, SE = 0.15,
Wald test = 2.05, p = .120, OR = 0.80), were significant predictors.
This indicates that male individuals with lower Prolific scores were

6.1.2 | Results

more likely to be dishonest.
The same analytical approach as in Studies 1, 2, and 3 was
implemented. As in Study 1, the expected percentage of winners was

5.1.3 | Discussion

12.5%. A total of 66.07% of the participants indicated a matching
number, which is significantly different from the stochastic baseline of

Study 3 conceptually replicated the findings of Studies 1 and 2 using a

12.5%, Z = 43.80, p < .001. The proportion of dishonest individuals

different implementation of a cheating paradigm (namely, via an exter-

was estimated to d = .61, SE = .01. The modified logistic regression

nal panel provider). We ran a final study on a different crowdworking

showed that individuals with lower approval rates were more likely to

platform—MTurk—in order to further test the generalizability of the

be dishonest (estimate = −0.18, SE = 0.06, Wald test = 8.89, p = .002,

results.

OR = 0.83) as illustrated in Figure 1. Further, another modified logistic
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regression including age, gender, and approval rate as predictors indi-

The time taken variable from the export function in Prolific captures

cated that age (estimate = −0.66, SE = 0.07, Wald test = 80.02,

the time between starting a study on Prolific and entering the study

p < .001, OR = 0.52) and approval rates (estimate = −0.19, SE = 0.07,

code on the Prolific.co platform. The time taken variable on formr cap-

Wald test = 8.13, p = .004, OR = 0.83), but not gender (estimate = 0.21,

tures when the study was started and when the participants reached

SE = 0.13, Wald test = 2.86, p = .091, OR = 1.24), were significant pre-

the last page (but not when they left the study). Both measures were

dictors. This indicates that younger individuals with lower approval

highly

rates were more likely to be dishonest.

(i.e., participants that took longer than 30 min to complete the study)

correlated

across

studies

(rs

>

.92)

once

outliers

were removed. To be completely transparent, we ran separate analyses for including both measures for Studies 1–3. The results were

6.1.3 | Discussion

very similar, so that we herein thus report results with the time taken
variable from formr. Results including the time taken variable from

Study 4 replicated the findings of Studies 1–3 on a different

Prolific can be found in the Supporting Information.
Approval rates were found to be a significant predictor in Studies

crowdworking platform, namely, MTurk.

1, 3, and 4 (estimates < −0.19, SEs < 0.17, Wald tests > 5.37, ps < .027,
ORs < 0.83) but not in Study 2 (estimate = −0.17, SE = 0.09, Wald

6.2 | Exploratory analyses across Studies 1–4

test = 3.84, p = .101, OR = 0.84). Time taken was found to be a significant predictor in Study 2 (estimate = −0.51, SE = 0.26, Wald

Although our hypothesis that lower approval rates are linked to a

test = 3.93, p = .022, OR = 0.60) but not in Studies 1, 3, and 4 (esti-

higher proportion of dishonest individuals was supported, we ran sev-

mates < |0.19|, SEs > 0.06, Wald tests < 0.80, ps > .373, ORs > 0.83).

eral further exploratory analyses.5 First, we calculated an additional

The overall number of studies was found to be a significant predictor

exploratory modified logistic regression including the quadratic term

in Study 2 (estimate = −0.51, SE = 0.26, Wald test = 3.93, p = .022,

of the approval rates in Study 4, which was found to describe the data

OR = 0.60) but not in Studies 1 and 3 (estimates < |0.31|, SEs > 0.09,

2

significantly better than the original model (ΔG (1) = 16.00, p < .001).

Wald tests < 3.06, ps > .111, ORs > 0.73).

Following this exploratory finding, we also tested whether curvilinear

Lastly, we conducted an internal meta-analysis across Studies

models are superior in Studies 1–3. A curvilinear model was found to

1–4. Heterogeneity across studies was insignificant as indicated by

describe the data better in Study 3 (ΔG2 (1) = 10.79, p = .001) but nei-

the Hedges estimator (Q = 1.40, df = 3, p = .705), and the I2 statistic

2

2

ther in Study 1 (ΔG (1) = 0.03, p = .860) nor Study 2 (ΔG (1) = 0.19,

indicated that 0.00% of the variability was due to heterogeneity

p = .660). Plots including the curvilinear models for Studies 3 and

rather than chance. A random-effects meta-analysis indicated that the

4 can be found in Figure S1, showing inverted U-shaped relations

relation between approval rates and proportion of dishonest individ-

between approval rates and the proportion of dishonest individuals

uals was significant (OR = .80, 95% CIs [0.74, 0.86], p < .001; k = 4) as

(i.e., there is a lower proportion of dishonest individuals among people

illustrated in Figure 2.

with particularly low and high approval rates as compared with people
with intermediate approval rates).
As previous research has found that honest and dishonest behavior can be influenced by time restrictions (e.g., Köbis, Verschuere,
Bereby-Meyer, Rand, & Shalvi, 2019; Shalvi, Eldar, & Bereby-Meyer,2012), we further investigated whether time taken for the study
impacts proportions of dishonest individuals. Also, we tested whether
a measure of experience with online studies—namely, the overall
number of submitted studies (as sum score of rejected and accepted
studies provided by the export function on Prolific)—had an impact on
proportions of dishonest individuals. Specifically, for Studies 1–3, we
ran a modified logistic regression including approval rates, time taken,
and overall number of studies as predictors of the proportion of dishonest individuals. As MTurk does not provide an exact overall number of studies per participant, we ran a modified logistic regression
including approval rates and time taken as predictors of the proportion of dishonest individuals for Study 4. As Prolific provides a time
taken variable via the export function and formr provides start and
end dates, there were two time variables available for Studies 1–3.

5

We thank the Action Editor as well as the anonymous reviewers for these helpful

suggestions.

FIGURE 2
1–4

Random effects meta-analysis (Forest Plot) of Studies
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7 | DISCUSSION

on which the cheating paradigms are run, although one can (so far)
only speculate about potential reasons for such observed differences.

Across four studies and different (versions of) cheating paradigms,

Despite the consistency of the findings across Studies 1–4, rela-

crowdworkers' approval rates could be linked successfully to

tions between approval rates and cheating behavior were relatively

cheating behavior. More precisely, individuals with lower approval

weak overall. This is likely because approval rates are affected by not

rates were more likely to cheat than individuals with higher approval

only dishonesty itself but also certain other factors such as sloppiness

rates in both the Mind Game and the coin flip paradigm (using two

or actual performance; that is, in contrast to other studies linking

different variants of the latter). Importantly, this relation was also

cheating behavior in paradigms to “pure” real-life dishonesty (e.g., Dai

found beyond commonly used approval rate thresholds for study

et al., 2017; Kröll & Rustagi, 2016), our outcome measure can only be

inclusion (e.g., a Prolific score of at least 90; Ensor et al., 2019) and

expected to be partly influenced by dishonesty. In fact, some tasks

on two commonly used crowdworking platforms, namely, Prolific

and studies on crowdworking platforms might even not allow for pure

and MTurk. This study thus makes two main contributions: First, it

dishonesty. On the other hand, Prolific Team (2018) lists participants'

adds to previous studies linking behavior in cheating paradigms to

behavior such as “little effort,” “failed attention checks,” and “lying

real-world socially questionable behavior (e.g., Cohn et al., 2015;

[the] way into [a] study” as potential reasons for valid rejections,

Cohn & Maréchal, 2018; Dai et al., 2017). Second, it identifies

which can—at least partly—be labeled as dishonest or socially ques-

approval rates as a characteristic that is systematically linked to dis-

tionable behavior. In a similar vein, deception of the requester has also

honest behavior. Given that a large percentage of recent studies on

been listed as a valid rejection reason on MTurk (Johnstone

dishonest behavior has been conducted via crowdworking platforms,

et al., 2018). Future studies could set out to test potential explana-

such as MTurk (e.g., Pfattheicher & Keller, 2018) and Prolific

tions for the link between cheating behavior in paradigms and

(e.g., Jaffé, Greifeneder, & Reinhard, 2019) and that approval rates

approval rates by testing which kinds of dishonesty affect approval

or similar metrics are typically available, this might help to increase

rates.

the interpretability of research findings. More precisely, the results

Further, exploratory analyses suggested that relations between

of our investigation strongly suggest to include approval rates

approval rates and dishonest behavior are better described by a curvi-

(or similar metrics) as another control variable in such platforms.

linear (namely, an inverted U-shaped) model in Studies 3 and 4. One

Further, requestors and researchers trying to avoid dishonest partic-

potential reason for this could be that participants with lower scores

ipants might use approval rates as a filter.

try to act more honest in order to increase their scores as they might

The underlying idea of this investigation is that people show

have noticed not being invited to many tasks/studies anymore. How-

somewhat similar kind of behavior across situations and is indeed

ever, another explanation might be that participants with (very) low

supported by the observed findings; that is, the finding that

scores tend to provide random responses in surveys (e.g., Kennedy,

crowdworkers who are more likely to cheat in a cheating paradigm

Clifford, Burleigh, Jewell, & Waggoner, 2018) and thus might not be

are also more likely to show more socially questionable behavior in

actively pursuing the chance to cheat in the cheating paradigm, lead-

other situations (namely, other tasks on the crowdsourcing platform)

ing to the inconsistent results concerning the curvilinear pattern

is well-aligned with personality trait theory (Allport, 1961), which

across all four studies.

assumes that individuals do have rather stable personality characteris-

Although our investigation adds to the literature linking behavior

tics that influence behaviors, thoughts, and emotions across different

in cheating paradigms to real-world behavior, this literature is still

contexts (Zettler et al., 2019). Our study thus not only supports the

comparably small (i.e., including our study, only seven studies linked

validity of cheating paradigms in terms of that they can be used in

lab cheating to real-world behavior). Considering that the recent

experiments as a (rough) indicator of real-life socially questionable

meta-analysis by Gerlach et al. (2019) included 565 experiments,

behavior but can also be linked to (meta-analytic) evidence (Zettler

which used lab-cheating paradigms to investigate different aspects of

et al., 2020) that people with certain traits show a wide range of

dishonesty, it should thus be a priority of future studies to further

socially questionable behavior including cheating (in cheating

investigate how (well) cheating paradigms translate into real-world

paradigms).

behaviors.

Although Studies 1 and 4 relied on the same cheating paradigm, it
should be noted that the proportion of dishonest individuals differed
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