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1. Introduction

Whether and to what degree scientists behave ethically sound and tell the truth is of
fundamental importance for the development of science, for public trust in science and,
as such, for the future of mankind. Marshall (2000: 1162) called this “a Million-Dollar
Question”, but this number is likely a gross underestimate. This is particularly true for
times which call, on the one hand, for more ‘evidence-based policy-making’ and are
otherwise guided by low trust in scientists and a tendency to blur distinctions between
objective knowledge and so-called ‘alternative facts’, ‘fake news’ and ‘post-truths’.

The Merriam-Webster Dictionary (2017) defines science as “knowledge or a
system of knowledge covering general truths or the operation of general laws especially as
obtained and tested through scientific method”. The quest for ensuring integrity in
research conduct is probably as old as science itself, yet the reputation of #uthful science
has in particular suffered in recent times from prominent instances of scientific
misconduct.! A famous, now retracted, article by Wakefield et al. (1998) suggested that
vaccinating children against measles, mumps and rubella increases their risk of autism.
Poland and Jacobson (2011) describe the public reaction of anti-vaccination campaigns to
the now disproved article. In the time following the publication of Wakefield et al. (1998),
there was a record of hundreds of cases of measles outbreaks and even some children
dying (Poland and Jacobson, 2011), providing some indication of the tremendous social
costs of scientific misconduct. The long-term costs of this anti-vaccination case of
dishonest science become especially apparent in the light of COVID-19 deniers’ riots and
anti-vaccination sentiments in the ongoing global COVID-19 pandemic.

Beyond the prominent cases of scientific misconduct mentioned above, survey
evidence suggests that a considerable number of scientists engage in a broader set of
questionable research practices (see, for example, John et al., 2012; List et al., 2001;
Martinson et al., 2005; Necker, 2014).> A meta-study by Fanelli (2009) summarizes findings

from 21 individual studies and shows that around two percent of scientists admit to having

!'These include, among others, cases such as of the cloning expert Hwang Woo-suk, the evolutionary
biologist Marc Hauser, and social psychologist Diederik Stapel. Articles by Sang-Hun (2009), Wade (2010)
and Bhattacharjee (2013) provide more information on the respective misconduct.

2 Besides anonymous sutvey-based approaches, there exist a number of other recent examples testing
research integrity and the robustness of scientific research: For example, Camerer et al. (2016) replicated
eighteen recent prominent experimental economic works. They find that about two-thirds of all findings can
be replicated; Brodeur et al. (2016) provide recent evidence that the reporting of empirical findings tends to
be biased towards regression specifications that favor rejecting the null hypothesis. In order to improve
research practices, Simmons et al. (2011) recently proposed rules of sound scientific conduct in order to
decrease so-called experimenter degrees of freedom.



committed serious forms of scientific misconduct at least once, such as fabricating,
falsifying or modifying data or results. It further supports findings of a previous study by
Martinson et al. (2005), showing that as many as one-third of scientists admit to have
engaged in questionable research practices, such as ‘using another’s ideas without obtaining
permission or giving due credit’, ‘failing to present data that contradict one’s own previous
research’, or ‘inappropriately assigning authorship credit’. This literature suggests that the
search for general truths is not always conducted in a truthful manner. Yet, this evidence
so far only relies on anonymous survey responses, with the fundamental challenge that
there is no individual (monetary) incentive to participate and to report truthfully.

Our study provides experimental economic evidence on incentivized truth-telling
of more than 1,300 scientists by means of two online (field) experiments.” We thus provide
evidence that can be viewed as complementary to above mentioned survey approaches.
Specifically, our aim is to investigate whether the professional identity as a scientist
motivates and fosters truthful behavior.* After all, science ‘consists in the search for truth’
(Popper, 1996).

To this end, we employ a simple coin-tossing task in which scientists are asked to
toss a fair coin four times and report back their number of tail tosses (Abeler et al., 2014).
For each reported tail toss, they receive five Euros. While individual (dis)honesty is not
detectable, we can estimate the deviation of reported tosses against the expected truthful
distribution. Studying individuals’ truth-telling in this manner has become a major research
focus in economics.” Furthermore, a substantial number of studies show that such a task
carries external validity as it correlates with truth-telling behavior beyond the simple
experimental task (Cohn et al., 2015; Cohn and Maréchal, 2018; Dai et al., 2018; Drupp et
al., 2019; Gichter and Schulz, 2016; Potters and Stoop, 2016).

To study whether professional identity of scientists induces more honesty, we draw

on the identity priming literature that was developed in social psychology and is now an

3 We thereby also contribute to the still rather scarce literature on the behavioral economics of science and
academia. Among others, Gichter et al. (2009) study how framing impacts the decision to choose when to
register for an academic conference, Lofgren et al. (2012) scrutinize the impact of a default option on uptake
of carbon offsetting among environmental economists, and Chetty et al. (2014) conduct an experiment on
pro-social behavior with referees of the Journal of Public Economics.

4 Recently, two studies have examined how the professional identity of participants and associated norms
affect truth-telling behavior. Cohn et al. (2014, 2015) provide experimental evidence that bankers and
prisoners behave less honestly when their respective professional identity is made salient as compared to a
(private) control identity (cf. Villeval, 2014).

> For instance, see Abeler et al. (2014, 2019), Cappelen et al. (2013), Cohn et al. (2014, 2015), Fischbacher
and Follmi-Heusi (2013), Gichter and Schulz (2016), Gibson et al. (2013), Gneezy (2005), Gneezy et al.
(2013, 2018), Houser et al. (2016), Mazar et al. (2008), Pasqual-Ezama et al. (2015), Potters and Stoop (2016),
Rosenbaum et al. (2014).



active research field within economics (see Cohn and Maréchal (2016) for a recent review).’
The idea is that individuals have multiple identities that are guided by different norms and
behavioral patterns (Akerlof and Kranton, 2000). Individuals experience disutility if they
deviate from norms prescribed by their respective salient identity.

Our experimental design accordingly consists of two treatments. The professional
identity treatment aims at making a participant’s professional identity as a scientist salient,
while the private identity (control) treatment aims at making the private identity salient. To
prime participants, we use nine simple questions that are designed to capture common
features of a professional or private context, unrelated to truth-telling and as similar as
possible across the two treatments. For example, participants in the professional identity
treatment were asked “Where did you last go to for a conference/workshop?” and “What
activity in your work do you enjoy the most?”, while participants in the private identity
(control) treatment were asked “Where did you last go on holiday?”” and “What activity in
your leisure time do you enjoy the most?”. In the context of our study, the priming
intervention aims to reveal the behavioral difference between a participant’s private and
professional identity and thus be indicative of the norms and behavioral patterns associated
with the scientist identity of the participants in terms of truth-telling and honesty.

We collected data in two online experiments with scientists. For Experiment I we
were able to get access to use the mailing list of an international scientific organization
(concerned with marine science) to invite scientists to participate. It ran in the summer of
2016. Experiment II was then a follow-up experiment for which we pre-registered our
main hypotheses’ based on the evidence from Experiment I and expanded the scope in
terms of the number of observations, the global distribution of participants and the
discipline diversity. Experiment II ran in the March and April 2019.

In Experiment I, including 437 responses to our coin-tossing task from
predominantly North American and European marine scientists, we find that significantly
fewer scientists over-report winning coin tosses in the professional identity treatment
compared to the private identity treatment. The identity as a scientist therefore seems to

entail stronger honesty norms that induce more truth-telling. The data from Experiment

6 As our study concerns the technique of priming and focuses on truth-telling behavior, it is worthwhile to
note that there are doubts about the robustness of results obtained in the priming literature in social
psychology and suspicions that questionable research practices have been employed. As a response to this
critique, Daniel Kahneman called for systematic replication efforts in this field (Young, 2012). Not
specifically scrutinizing priming studies, Camerer et al. (2016) and Open Science Collaboration (2015) have
recently demonstrated that such large-scale replication attempts ate feasible and fruitful.

7 Available on the OSF platform (www.osf.io).



II reveals substantial heterogeneity in the treatment effect between world regions and
disciplines and replicate the honest-identity effect for North American scientists. While we
cannot reject the null hypothesis of honest reporting for scientists from Northern and
Eastern Europe (which makes treatment effects for these world regions infeasible),
scientists from other world regions significantly over-report winning tail tosses compared
to the expected truthful frequency. In fact, the treatment effect even points into the
opposite direction for Southern European scientists. While honesty norms associated with
scientific identity thus can principally increase truth-telling, the prevalent norm needs to
be truthful behavior in the first place. In conclusion, relying on honesty norms for science
across the globe appears ineffective and it is crucial to establish rigorous measures for
preventing scientific misbehavior to ensure that science is not derailed from its path to

generate truths.

2. Experiment I

In sub-section 2.1 we first describe the experimental design, procedures and our main
identity-economic hypotheses. Thereafter we report the results from Experiment I in sub-

section 2.2.

2.1 Experimental Design
To study the truth-telling of scientists, we conducted an online (field) experiment with
members of an international scientific organization that was established more than 100
years ago.’ The administrative office of the organization provided an e-mail list of its 1,930
members. In the summer of 2016 we contacted all members by e-mail and invited them to
participate in a short online study that consisted of ten pages and took about 15 minutes
to complete. We told them that they could earn 25 € on average (equivalent to $27 at the
time of the experiment) for participating, with the exact individual earnings depending on
chance and their choices. We ensured that their individual responses are kept confidential
and informed the participants about the confidentiality.

Upon clicking the link to the online study in the invitation e-mail, participants were
assigned to one of two treatments by the online platform: either the professional identity

treatment (abbreviated Professional or PROF) or the private identity (control) treatment

8 The members are predominantly natural scientists, with a focus on the marine environment. We do not
report the name of the scientific organization in our paper to increase the anonymity of our respondents.
Upon request we are open to provide more information for academic transparency, of coutse.



(Private or PRIV"). A preamble page provided further details on the experiment and the
mode of payment (Amazon vouchers). The study then began with simple descriptive
questions on age, gender and nationality. This was followed by our manipulation that
consisted of nine questions either relating to their professional identity (Professional
treatment) or relating to their private identity (Private treatment). The purpose of these
questions was to make the participants’ professional identity as scientists, and associated
norms, more salient in Professional as compared to Private.

The behavioral intervention of identity priming builds on a by now established
strain of the experimental economics literature.” The basic idea—based on Aketlof and
Kranton (2000)—is that people have multiple identities that are guided by different norms
and behavioral patterns. Individuals experience disutility if they deviate from norms
prescribed by their respective salient identity. This depends on the relative weight of that
identity. The technique of identity priming aims at making a given identity, such as the
professional identity of being a scientist, temporarily more salient (see, e.g., Benjamin et
al., 2010, 2016; Cohn and Maréchal, 2016, Cohn et al., 2014, 2015, 2018).

Our study design closely builds on the approach of Cohn et al. (2014, 2018). The
priming intervention should reveal the behavioral difference between a participant’s
private and professional identity. Thus, the intervention should be indicative of the norms
and behavior associated with the scientific identity as compared to the private identity of
the participants in terms of truth-telling and honesty. In an effort to reduce potential
confounding due to priming effects that are unrelated to their private or professional
identity, we designed the questions to capture salient features of their professional work
ot private life identity, yet to be as similar as possible in terms of their content and context.
For example, participants in the professional treatment were asked “Where did you last go
to for a conference/workshopr”, while participants in the private control treatment were
asked “Where did you last go on holiday?” (see Table 1 for a list of all priming questions
posed and Appendix A for screenshots from the online survey). These priming questions

were the only difference between the two treatment conditions."

9 Cohn and Maréchal (2016) provide a review of identity priming in economics and discuss how this builds
on a previous substantial literature in social psychology. The first economic experiments on identity priming
were Chen and Li (2009) as well as Benjamin et al. (2010). There are two general approaches to studying how
behavioral measures differ across identities: (1) artificially inducing certain identities or (2) studying the effect
of identity priming in natural populations, such as bankers (Cohn et al., 2014), criminals, (Cohn et al., 2015),
or scientists, as in our study.

10 The only other difference was that on the preamble page we stated that the study was on either on “Work
[Life] satisfaction, including individual attitudes and behavior” in Professional [Private].



Table 1: Identity priming questions

Professional identity treatment

Private identity treatment

Who is your current employer?

What is your current city of residence?

How many years have you worked for this
institution?

How many years have you lived in your

current accommodation?

Do you have a tenured position?

Are you married?

How large is your direct working team
(yourself included)?

How large is your direct family (yourself
included)?

Where did

conference/workshop?

you last to for a

g0

Where did you last go on holiday?

In which year did you start your PhD?

In which year did you kiss the first
boy/gitl?

At what time do you usually arrive at the
office?

At what time do you usually arrive at
home?

What activity in your work do you enjoy
the most?

What activity in your leisure time do you

enjoy the most?

How satisfied are you with your work in
general?

How satisfied are you with your life in
general?

This identity manipulation was followed by three experimental tasks. First,
participants were asked to complete a risk preference elicitation task based on Binswanger
(1981) and Eckel and Grossman (2002), the results of which we analyze in a companion
paper (Drupp et al., 2020). The risk task was followed by the truth-telling task based on
Abeler et al. (2014) that is the main focus of this paper. We present this task in more detail
below. Finally, we posed a hypothetical social time preference task. The three tasks were
always presented in this order and it was not possible to switch back once a participant
had proceeded to the next page. The lottery outcome of the risk task was only revealed at
the end of the experiment and thus could not have affected coin toss reporting.

Following the experimental tasks, participants were also asked to complete a short
follow-up survey that included a word-completion task designed to provide an implicit
measure of how well the identity priming manipulation had worked (cf. Cohn et al., 2014).
Participants were presented with eight word fragments and they were asked to fill in the

gaps with letters to form existing words. The idea is that when the professional identity is



salient other words come to the participants’ mind as compared to when the private
identity is salient. For example, they were shown the word fragment “jour_ _ _”, which
they could complete with the word “journal” that scientists would frequently encounter in
their professional lives, or the word “journey,” which might be more salient to those in the
Private treatment."' We classified all completed words and either assigned the number 1 to
words related to the professional work identity or number 0 to words classified as related
to a private life. Words that could not be classified as relating to either context or words
without actual meaning were coded as missing."

Together with the payoff from the risk elicitation task, ranging from 2 to 16€, and
a 5€ compensation for completing the short follow-up survey, each participant could earn
up to 41€." The payoff from the risk task was revealed after participants had completed
the follow-up survey. Finally, we offered the possibility to donate fractions of the earnings
to the charity ‘Doctors Without Borders”."*

For studying the truth-telling of scientists, we adapt the 4-coin-tossing task of
Abeler et al. (2014) for our online field experiment. Participants were asked to use any coin
that has the usual “tails” and “heads” format (see Appendix A for a screenshot of the task).
The participant’s task was then to toss this coin exactly 4 times, and report their tail toss
result by clicking on the relevant button in a table.” For each instance they reported that
the winning toss “tails” laid on top, they received 5 €. An important feature of this task is
that lying can be detected only on aggregate when examining the distribution of decisions,
but not on the individual level. Thus, depending on chance and honesty, each participant
received between 0 and 20 € for this task. Similar experiments using coin tosses or die
rolling have been conducted to answer a whole range of related research question. Abeler
et al. (2019) provide a meta-study on truth-telling behavior summarizing results based on
72 individual studies. Several key insights emerge from this burgeoning literature: (i)
Participants only over-report on average a quarter of the possible maximum pay-off and

thus exhibit substantial lying costs; (ii) Participant’s reporting behavior is not significantly

(13

' The first two of the eight word fragments (“_ a1 k” and “_ o o k”) had no unambiguous professional
science interpretation. These two were meant as an easy start for participants and served, following Cohn et
al. (2014, 2017), the purpose of disguising the purpose of the task. The other word fragments were: “ _1is

[EINT3 » « <

__ssion”,“co_”,“__ock’aswellas“_ _per”.

—

12 When in doubt about a word’s meaning we relied on the Merriam-Webster dictionary.

13 The design thus aimed at paying out all participants. Overall, we spent 3,389 Euros on participant
remuneration and donated 6,199 Euros to ‘Doctors Without Borders’ on our participants’ behalf.

14 This donation option was not pre-announced and it thus could not have influenced coin toss reporting.
15 As we could not ensure the availability of coins to toss remotely, we offered the option of to proceed
without reporting one of the five tail toss possibilities in case they could not organize a coin to toss. They
were told that they would not receive a payoff for this task in this case. No participant clicked this option.



influenced by stake sizes; (iii) female participants over-report somewhat less compared to
males; (iv) students over-report more than other participants. Testing different models that
can be used to explain reporting behavior, Abeler et al. (2019) find that models that
combine a preference for being honest, i.e. that entail a utility cost for deviating from the
truthful response, and preference for being seen as honest, i.e. that entail individual
reputation concerns, perform best in explaining experimental data."®

As our main contribution is not a focus on modeling lying costs but more directly
on the effect of making the professional scientific identity more salient vis-a-vis the private
identity, we follow Benjamin et al. (2010) and Cohn et al. (2015) in relying on a simple
behavioral choice model that features the salience of distinct identities. The model of
reporting behavior considers an overall lying aversion due to deviating from the truthful
response that may differ between the two identities, which may be guided by different
norms and behavioral patterns.'”’

In absence of a possibility to detect individual lying, an individual i faces a trade-
off between monetary incentives and (moral) costs of lying. While the individual derives
utility only from her payoff proportional to the reported number of coin tosses 17, she also
suffers disutility from reporting a number that deviates from the true number of tail tosses,
Ti¢. The individual payoff-maximizing choice is given by 73,. Aggregating over all n
individuals of a population yields the mean tail toss reporting R = %Z?zl 7;, which can be
disaggregated for different groups within a population. For instance, we denote the mean

tail toss reporting in the Professional identity treatment as RPROF 18

Furthermore, let RPROF(RPRIVY denote the expected reporting behavior implied by

prevailing norms in the professional environment (private identity context). In the context
. . . .5 _ A .

of our study, these norms imply certain lying costs, with R = > (r; — ;1) , where 1is a

parameter determining the degree of overall lying aversion. As the degree of lying aversion

may depend on expected behavior and prevailing norms in different contexts, it may in

16 Another recent study by Gneezy et al. (2018) investigates how lying costs depend on the size of the lie in
vatrious dimensions using both unobservable as well as observable lying tasks. Besides intrinsic lying costs
considered in our model, they find that an important role for reputational concerns driving honest reporting
in unobservable games, such as our coin tossing experiment. Furthermore, they find that only one out of
602 participants under-reports to his or her disadvantage.

17 Besides the application of identity-priming model to truth-telling behavior of criminals by Cohn et al.
(2015), this model has been employed for explaining effects of religious identity on a suite of economic
preferences (Benjamin et al., 2016) and on risk preferences (Cohn et al., 2017; Drupp et al., 2020).

18 While the model considers continuous reporting, our subsequent experiment is based on a setting where
possible reporting levels are discrete, with 73,73, € {0,4} . Furthermore, the mean truthful response is given
by Ry = %Z?:l Ty = 2, and the payoff-maximizing choice is given by R, = %Z?:l Tp =4



particular differ across the private and the professional identity conditions, i.e. APROF =

APRIV: and thus RPROF = RPRIV. Furthermore, let s denote the strength of the
identification with the professional environment. Let w;(s) € [0,1] denote how much

weight the individual puts on complying with expectations in the professional

environment, which depends on the strength of identifying with the respective

. A . T .
environment, with a—sl > 0. In this set-up, the individual chooses her reporting 7; to
maximize utility

M i) = —L(1—wi(®) (= RPV) = twi(s)(n - RPOF)L

The optimal tail toss reporting 17" is a weighted average of the ‘expected’ reportings under

both identities,

= (1 —wi(s))RPRY + wy(s)RPROF 2)

In terms of the model, our priming experiment aims at varying the salience of the
professional or the private identity and thus the strength s of identifying with the
professional identity. Priming participants with the professional identity (the Professional
treatment) should increase s, while priming the private identity (the Private treatment)
should decrease s. Participants should therefore (weakly) experience an increase in the
weight put on one identity or the other when completing our experimental task. As such,
the treatment effect should reveal the marginal behavioral impact of the primed identity
and its associated norms relative to the other treatment,

or{ _ dWi .5PROF _ BPRIV
75 = 25 (R R ). (3

Based on previous findings in the experimental literature (Abeler et al., 2019), we
expect heterogeneity regarding individual truth-telling ;" in our sample of scientists.
Translating the average standardized estimate of the meta-study of Abeler et al. (2019) into

our context predicts an average tail toss report R of 2.44. We formulate:
Hypothesis 1: _Average over-reporting is in-between the truthful and the payoff maximizing choice.

While previous research has shown that professional identity is associated with
higher over-reporting of winning coin tosses (i.e. lower truth-telling) for bankers and
criminals (Cohn et al., 2014, 2015), we hypothesize that the norms and behavioral patterns
associated with working as a scientists implies greater truth-telling. After all, science is a

system of knowledge covering general truths (Popper, 1996). We therefore assume greater

10



/‘{PROF > /’lPRIV

lying costs in the professional science context, , and accordingly norms

associated with lower expected mean tail toss reporting, RFROF < RPRIV_Our model thus

*
i

predicts that < 0, summarized as

N

Hypothesis 2: Average over-reporting of scientists is lower in the professional identity treatment.

Even though we expect that stronger honesty norms are present in the professional
scientific as compared to the average private context, the accumulating evidence on the
use of questionable research practices among scientists suggests that we should not expect
truthful reporting on average even in the professional identity treatment. For example, if
one-third of scientists would lie partially by over-reporting one tail-step, as the anonymous
survey evidence cited above might suggest, we would expect an average tail toss reporting

of 2.31 tails, leading to

Hypothesis 3: Even in the professional identity treatment, average reporting bebavior differs from the

truthful distribution.

As part of a comprehensive analysis of truth-telling behavior of scientists in the next

section, we will confront these hypotheses with our experimental data.

2.2 Results

We have received 599 responses to the survey, amounting to a response rate of more than
30 %."” 437 responses contain a coin toss teport. Participants come from predominantly
from Europe and North America. There are 58 % male participants in our sample. The
mean age of our participants is 43 years, and 52 % of our participants have a tenured
position.

Before we turn to scrutinizing the decisions in the coin-tossing task, we test
whether our implicit measure of identity priming using the word completion task indicates
that priming has been successful. For each participant, we aggregate over the given

numbers assigned to completed words for the six potential word checks (1 for words

19 Overall, 946 individuals clicked on the link to our study. We dropped 10 observations because they
responded more than once and one observation because we could identify her as still being a master student.
162 participants completed some parts of the initial demographic questions, priming questions, or the risk
task, but did not complete the coin-tossing task. Appendix B provides a comprehensive investigation of
potential response bias and selection effects concerning the balance across treatments. We are confident that
our main results indeed capture differences due to varying the salience of professional versus private identity
and are not driven by response and selection effects.

11



associated with professional life, O for words associated with private life) and compare the
mean value of these aggregate numbers for the two treatments. Furthermore, we create an
index that captures the relative frequency of mentioning words associated with
professional life. We find that the mean number of ‘professional” words, such as “journal”,
“paper” or “session”, is with 2.89 higher in Professional as compared to the 2.66
‘professional’ words in Private (t-test: p = 0.053).” Furthermore, the relative frequency of
mentioning words associated with professional life is higher in Professional, with 59 %, as
compared to Private, with 55 % (t-test: p = 0.088). We therefore find some supportive
evidence that our Professional treatment was able to make the professional scientific identity
of our participants more salient compared to the Private treatment.

We now examine the coin toss reporting behavior of scientists. Figure 1 shows the
theoretical binomial distribution for four tosses of a fair coin (blue dots connected by the
dashed line), which is the distribution that we would expect if all participants report the
outcome of their four coin tosses truthfully. The probability that four times tossing a coin
results in 75 = 0 or 4 (1 or 3) [2] times tails is 6.25 % (25 %) [37.5 %)]. We refer to this
distribution as the ‘truthful distribution’, with a mean truthful response of R, = 2 tail
tosses. The mean payoff-maximizing choice would be the reporting of }?p = 4 tail tosses.
The colored bars in Figure 1 show actual reporting behavior of the participating scientists
across the two treatments: Private and Professional.

First, we analyze overall coin toss reporting of all scientists by aggregating results
from both treatments. We find that overall reporting by scientists differs highly
significantly from payoff-maximization. Scientists report on average 2.32 tail tosses, thus
indicating substantial lying costs. However, we also find that scientist over-report tail tosses
to their advantage: A Kolmogorov—Smirnov test for comparing overall reporting behavior
against the binomial distribution confirms that scientists over-report tail tosses (p < 0.001).
We therefore cannot reject Hypothesis 1 and previous findings in the literature also for

scientists.

20 All p-values reported in this paper ate based on two-sided tests.

12
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Figure 1: Tail toss-reporting of scientists in the Private identity (red bars) and the Professional
identity treatment (green bars) in Experiment I. The blue, dashed line with dots
corresponds to the expected distribution if every scientist reported the true outcomes of
their coin tosses. The payoff-maximizing reporting was four times tails.

We now analyze truth-telling in our two treatments. Figure 1 shows reporting
behavior of scientists in the private compared to the professional identity treatment.
Participants in Private report 2.41 tail tosses on average, which is higher than the average
report of participants in Professional of 2.24 tail tosses (t-test: p = 0.073). In particular, we
tind that scientists in Professional report fewer four times tails as compared to those in Private
(9.21% vs. 16.16%; chi-squared test: p = 0.028). This confirms our central Hypothesis 2

and establishes

Result 1: Reporting behavior under professional identity priming
Stcientists in the professional identity treatment report, on average, lower tail tosses compared to those in the

private identity treatment.

Even though there is fewer over-reporting of higher tail tosses among scientists in
Professional compared to the Private control treatment, we still find that there is over-
reporting of tail tosses among those primed with their professional identity: A

Kolmogorov—Smirnov test for comparing overall reporting behavior in Professional against
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the expected truthful binomial distribution rejects the null hypothesis at p < 0.01. That is,
the coin-toss reporting in Professional still deviates from the truthful distribution, thus

confirming Hypothesis 3. Summarizing this finding yields

Result 2: Reporting behavior in the Professional identity treatment compared to
the truthful distribution
Scientists in the professional identity treatment over-report tail tosses compared to the expected truthful

distribution.

As the marginal behavioral impact of increasing the salience of the professional or
private identity will depend on the individual baseline salience level (cf. Benjamin et al.,
2010), we make use of having inquired about the participant’s location when completing
the survey to explore differences in reporting behavior across locational contexts.” We
compare responses of participants who respondent from their usual workplace “at work”
(n=252) with those being “not_at_work”, composed of “at home” as well as “home
office” (n=139). We find that the identity priming treatment effect is particularly strong
for those scientists responding while not being at their workplace. While the mean number
of ‘professional’ words in Private is with 2.65 roughly the same as for the whole sample, we
find that the mean number of ‘professional’ words in Professional is 3.11 and thus
considerably higher than in Private (t-test: p = 0.044). While there is no tail toss reporting
difference across treatments for scientists responding from their workplace (t-test: p =
0.821), the priming intervention had a particularly strong effect on tail toss reporting for
those that were not at their usual workplace (at home, home office, on travel, on vacation
etc.): Average tail tosses reported are 2.53 in Private and 2.10 in Professional (t-test: p =
0.008). For four times tails reporting, we find relative frequencies of 18.18 % in Private and

4.11 % in Professional (t-test: p = 0.007).

Result 3: Identity priming and coin toss reporting effects at different locations
The professional identity priming and treatment effect on lower over-reporting is particularly prononnced

when participants respond from locations other than their nsual workplace.”

2l Pre-offered options were “at work”, “at home”, and “home office”, and a residual “other” option.

22 Note that as the variables “at_work” and “treatment” are not significantly correlated (t-test: p > 0.55); this
locational effect does not drive our main treatment effect.
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We further relate tail toss reporting to the two other behavioral measures that we
collected: risk preferences and donations.” First, we elicited risk preferences using the so-
called Eckel-Grossman task (Binswanger, 1981; Eckel and Grossman, 2002). Unlike a
number of previous studies that examined the relationship between risk-taking and truth-

telling, **

we find that higher tails reporting is associated with higher risk-taking
(correlation-coefficient: -0.13; t-test: p < 0.007).” We explore the effects of professional
identity priming on risk-taking behavior of scientists in more detail in a companion paper
(Drupp et al.,, 2020). As Drupp et al. (2020) find no significant difference in the overall
identity priming treatment effect on risk-taking, we are confident that the negative
correlation between risk-taking and truth-telling is not driving the key truth-telling results.

Second, we allowed participants to donate fractions (in 10 % steps) of their
earnings at the end of the experiment to the NGO ‘Doctors Without Borders’, providing
us with an eleven-point step measure of the payoff-fraction donated. This option was not
announced earlier, so their donation decision could not have impacted tail toss reporting,
but their coin toss reporting and resulting pay-off level might have impacted subsequent
donations. We find that participants reporting higher tail tosses are associated with lower
step-level donations (correlation-coefficient: -0.17; t-test: p = 0.001). Indeed, the donation
fraction decreases monotonically with reported tail tosses (from 94% for 0 tail tosses to
52% for 4 tail tosses). Yet, we find that the absolute donation amount increases
monotonically with reported tail tosses (from 11 € for O tail tosses to 17 € for 4 tail tosses),
resulting from higher pay-offs for people with higher reported tail tosses (t-test: p =
0.004).”° Furthermore, we find that those who do not donate at all report on average 2.50
tail tosses as compared to only 2.17 tail tosses for those who donate all of their pay-off (t-
test: p = 0.009). Overall, this suggests some consistency of pro-social behavior as revealed

by both truth-telling and donation levels and yields

Result 4: Relationship between reporting behavior and donations

Lower over-reporting of tail tosses is, on average, associated with a higher share of subsequent donations.

23 Tail toss reporting is not associated with participants’ elicited degree of social time preference (t-test: p >
0.70). The same holds for the year of birth (p > 0.70), gender (p > 0.90), being married (p > 0.15), and having
tenure (p > 0.35), as revealed by two-sided t-tests.

2 For example, Abeler et al. (2014), who rely on a stated preference measure for the German population, or
Drupp et al. (2020), who use the same Eckel-Grossman risk-elicitation task.

% Zimerman et al. (2014) examine the relationship between a stated-preference measure of risk-taking
specifically in the domain of ethical risks and find that the stated measure of risk-taking in ethical context is
positively correlated with dishonest behavior as elicited using a coin tossing task.

26 We find no difference in fractions donated across Private and Professional (p > 0.60). Also for the absolute
donation amount we find no differences across treatments (p > 0.35).
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3. Experiment II

After presenting the model and results of Experiment I at several universities and receiving
encouraging feedback, we decided to broaden the scope of our research to world regions
beyond North America and Europe and academic disciplines beyond marine sciences. The
purpose of Experiment II is thus to check whether Experiment I’s treatment effect
replicates and how much heterogeneity we observe across world regions and disciplines.
We pre-registered Experiment II including the number of observations and results of

Experiment I as our hypotheses at the Open Science Framework (OSF).

3.1 Experimental Design

We employed the same between-subjects design as in Experiment I with two marginal
differences: we added a separate gender treatment that we do not include here — it was
necessary for the research on risk-taking reported in Drupp et al. (2020). To separate the
Private identity treatment from this gender treatment, we adjusted the priming questions
very slightly (see Table A.1 in Appendix A).

The procedure of inviting scientists from diverse academic disciplines was
operated via an established and reputable online platform that provides corresponding
authors’ email addresses of publications in peer-reviewed and indexed journals in all
scientific disciplines. The platform allowed us to sort the scientists’ publications by
academic disciplines and to balance the number of observations by discipline and
treatment cell. Specifically, we sent out invitation e-mails for participation in our study to
a random sample of corresponding authors from eight different scientific subjects, with
two subjects from each of the four major science categories life sciences, social sciences,
health science and physical sciences, as categorized by the platform. These eight specific
scientific subjects are Biochemistry, Genetics, and Molecular Biology; Economics,
Econometrics, and Finance; Environmental Sciences; Medicine; Nursing; Pharmacology,
Toxicology, and Pharmaceutics; Physics and Astronomy; and Psychology. All
corresponding authors have (co-)authored publications which are included on the platform
and were published in 2017. In addition, we invited a random sample of corresponding
authors of 2017 publications in Science, Nature and PNAS.

For the number of observations we were limited by our budget of about 30,000
EUR for Experiment II. Given the expected payout of around $25 per participant and

total expenditure of around $27 per participant — the difference arises due to additional
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administration costs — we aim at collecting a total of 1,080 observations: 432 observations
in Private, 432 observations in Professional and 216 observations in the gender treatment
(Drupp et al., 2020).”” Hence, our complete dataset for Experiment I1 in this paper includes
48 observations per cell (i.e. per scientific discipline and treatment combination), summing
to 864 observations in total. In Experiment II’s survey question part we also asked
participants to inform us about the country where they work, so that we could examine

possible geographical variation in the treatment effect.

3.2 Results

In this section we examine to what extent the professional-identity treatment effect we
detected in Experiment I replicates and whether discipline-specific and geographic factors
play additional roles.

Before we discuss our treatment effects across world regions and disciplines, it is
important to examine whether the word completion task yields a similar indication of
successful priming by our identity priming questions as in Experiment 1.”* In Experiment
II, we cannot, in fact, detect statistically significant successful priming for four out of five
words, except for “j o urn _ _” for which significantly more scientists answered “journal”
in Professional compared to Private (66.5% vs. 50.4%, p < 0.000 as reported by a Chi-squared
test). There could be different reasons for this weak priming success. One reason for this
weak priming success might be that some participants were less focused when reading and
answering the priming questions in Experiment II. Since this sample is geographically more
diverse than in Experiment I, different levels of English proficiency may also have played
a role. Given the weaker detected priming success in Experiment II, our dataset and
analysis may suffer from noise. Any effects we can nevertheless detect may be conservative
estimates.

We first provide a general picture of the data by examining the aggregated, average

tail-toss reporting. Average tail-toss reporting are 2.35 in Private and 2.38 in Professional.

%7 We sent out invitations to our study at different times of the day, so that different time zones for scientists
around the world should not influence the participation in our study. Given that one of our word completion
tasks contains ‘Sunday’ and ‘Monday’ as solutions, we only sent out invitations to our study on Tuesdays,
Wednesdays and Thursdays.

28 The word completion task in Experiment II included the seven words “_alk”,“_ _day”,“journ _
O fgr__ 2, _ssion”and “_ _per’and “_ooKk” Justasin Experiment I, the two words “_alk”
and “_ o o k” had no unambiguous professional science interpretation and, following Cohn et al. (2014,
2017), were meant to disguise the purpose of the task. For the other five words, we pre-determined word
completions that fit either the professional or the private environment of scientists. The responses were
coded accordingly and observations with nonsensical and missing completions were dropped for the analysis.

EEENT3

17



Figure 2 depicts the distribution of reporting in the two treatments. Testing for the
treatment effect at this aggregated level for all disciplines and world regions together, a

two-sided t-test cannot reject the null hypothesis of equal tail-toss reporting at p = 0.7332.
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Figure 2: Tail toss-reporting of scientists in the Private identity (grey bars) and the
Professional identity treatment (black bars) in Experiment II. The blue, dashed line with dots
corresponds to the expected distribution if every scientist reported the true outcomes of
their coin tosses. The payoff-maximizing reporting was four times tails.

As the aim of Experiment 11 is to examine potential heterogeneity of the treatment effect
across scientific disciplines and wotld regions, we continue to analyze the data on
disaggregated levels. For the eight scientific disciplines and the Swence, Nature and PNAS
group we run separate (two-sided) t-tests for the expected difference between Private and
Professional and also test each disciplines mean reporting against the expected true mean of
2’. The test statistics of the reported tail-tosses by academic disciplines are summarized in
Table 2. Against our expectation, we find no statistically significant treatment effects when
we split our data by discipline (with the exception of a marginal effect for ‘Physics and
Astronomy’). The data however reveal level-differences in reporting between disciplines
with the lowest level for ‘Psychology’ and the highest for ‘Pharmacology, Toxicology, and
Pharmaceutics’. All mean reported tail tosses are greater than the expected 2’ (at p < 0.01)
except for Psychology (p = 0.0561). Figure A.4 in Appendix A depicts the histograms for

the different academic disciplines.
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Table 2: Mean reported tail-tosses, by treatments and academic disciplines.

Scientific discipline Private | Professional | t-test: Privvs Prof | t-test: all vs 2’
Biochemistry,  Genetics, | 2.31 2.29 p = 0.9190 p = 0.0038
and Molecular Biology

Economics, Econometrics, | 2.54 2.42 p =0.5572 p < 0.0000
and Finance

Environmental Sciences 2.29 2.30 p = 0.9746 p = 0.0030
Medicine 2.33 2.60 p=0.1333 p < 0.0000
Nursing 2.48 2.46 p =0.9197 p < 0.0000
Pharmacology, Toxicology, | 2.49 2.46 p = 0.8853 p < 0.0000
and Pharmaceutics

Physics and Astronomy 2.19 2.53 p =0.0953 p = 0.0007
Psychology 2.18 2.23 p = 0.8324 p = 0.0561
Science, Nature and PNAS | 2.38 2.10 p = 0.1825 p = 0.0200

Note: 47-49 observations in each cell, 432 total observations per treatment. Two-sided t-tests.

We similarly split our dataset by world regions and test for identity priming treatment
effects and differences between the total mean and the expected true mean 2°. As reported
in Table 3, the observations per wotld regions vary between 21 for South Eastern Asia and
161 for Southern Europe.” This unequal distribution may not be surprising, given the
unequal representation of authors from different world regions in peer-reviewed journals.
Most t-tests cannot reject the null hypothesis for treatment differences. There are three
exceptions: we find the same treatment effect as in Experiment I for Northern American
scientists (2.35 in Private vs. 1.99 in Professional, p = 0.0314), while we find significant effects
in the opposite direction for Southern European scientists (2.16 in Private vs. 2.54 in
Professional, p = 0.0158) and Eastern Asian scientists (2.45 in Private vs. 2.94 in Professional,
p = 0.0811). We cannot reject the null hypothesis of truthful reporting for Eastern and

Northern European scientists. For all other world regions we detect over—reporting.?’0

Result 5: Reporting behavior in world regions compared to the truthful distribution
We detect that scientists, on average, over-report tail tosses, with the notable exceptions of Eastern and

Northern Enrgpean scientists in for whom we cannot reject the null hypothesis.

? The four pre-defined world regions Caribbean Latin America, Central Asia, Oceania and Central America
are excluded in the analysis as they feature too few observations for meaningful comparisons (2, 1, 11 and
10 observations respectively).

%0 Figure A.5 in Appendix A depicts the histograms for the different world regions.
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Table 3: Mean reported tail-tosses, by treatments and world regions.

World Region Private Professional | t-test: Privvs Prof | t-test: all vs 2’
Africa (n = 53) 2.57 2.93 p = 0.2006 p < 0.0000
Eastern Asia (38) 2.45 2.94 p = 0.0811 p < 0.0000
Eastern Europe (69) | 2.12 2.11 p =0.9633 p = 0.2883
North. America (145) | 2.35 1.99 p=0.0314 p = 0.0610
North. Europe (50) 2.14 2.17 p =0.9011 p=0.1725
South America (41) 2.12 2.47 p = 0.2270 p = 0.0864
South East. Asia (21) | 2.66 2.44 p = 0.6766 p = 0.0360
Southern Asia (97) 2.58 2.51 p=0.7121 p < 0.0000
South. Europe (161) | 2.16 2.54 p =0.0158 p < 0.0000
Western Asia (33) 2.71 3.06 p = 0.3884 p = 0.0001
West. Europe (132) 2.34 2.24 p=0.5169 p = 0.0003

Note: The four pre-defined world regions Caribbean Latin America, Central Asia, Oceania and Central
America are excluded in this analysis as they feature too few observations for meaningful comparisons (2, 1,
11 and 10 observations respectively). Two-sided t-tests.

While the means and test statistics in Tables 2 and 3 are aimed at providing a transparent
disaggregate picture of our data, they beg the question what results a regression analysis
yields. We ran ordered logit regressions with discipline- and world region-dummies and
additional controls that we collected in a short survey at the end of Experiment II. We
report the results of the regressions in Table 4. In line with Experiment I’s sample, we
defined environmental scientists as the baseline academic discipline. The regressions
indeed confirm that the Professional identity treatment effect of lower tail-toss reporting
replicates for this baseline group that is similar to the sample of Experiment I (p < 0.05) —
yet interaction effects of the Professional treatment dummy with other world regions reveal
heterogeneity of the treatment effect. The regressions confirm that the treatment effect
even affects tail-toss reporting into the opposite directions, as indicated by the test statistics

in Table 3 for Eastern Asia and Southern Europe.

Result 6: Reporting behavior under professional identity priming, Experiment II
Our treatment effect in Experiment 1, lower average reported tail tosses in Professional’, replicates for
Northern American scientists in Experiment 11. However, no treatment effects can be detected for the

majority of world regions. We find the opposite effect for Eastern Asian and Southern Enropean scientists.
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Table 4: Ordered Logit regression analysis for Experiment II.

Dependent variable: reported tail tosses

Independent variables

)

an

(1)

Professional treatment (dummy)
Age (cont))

Female (dummy)

Tenured (dummy)

Risk—taking (cont., EG task)

-0.647%* (0.313)
-0.016** (0.007)
-0.033 (0.147)
-0.063 (0.139)
0.081%* (0.037)

-0.672%* (0.313)
-0.016** (0.007)
-0.084 (0.151)
-0.111 (0.142)
0.081%* (0.037)

-0.673%* (0.314)
-0.017%+ (0.007)
-0.083 (0.153)
-0.117 (0.143)
0.079%* (0.037)

Aftica (dummy)

South America (dummy)
Eastern Asia (dummy)

South Eastern Asia (dummy)

Southern Asia (dummy)

0.404 (0.478)
-0.602 (0.426)
0.108 (0.457)
0.730 (0.574)
0.371 (0.347)

0.245 (0.485)
-0.690 (0.429)
0.143 (0.464)
0.573 (0.580)
0.281 (0.355)

0.244 (0.486)
-0.712% (0.431)
0.104 (0.466)
0.562 (0.586)
0.253 (0.360)

Western Asia (dummy)
Eastern Furope (dummy)
Northern Europe (dummy)
Western Europe (dummy)

Southern Europe (dummy)

0.618 (0.511)
-0.565 (0.392)
-0.376 (0.451)
-0.131 (0.306)
-0.360 (0.307)

0.534 (0.514)
-0.647 (0.399)
-0.494 (0.456)
-0.203 (0.309)
-0.431 (0.312)

0.524 (0.518)
-0.673* (0.403)
-0.494 (0.456)
-0.202 (0.311)
-0.453 (0.315)

Africa X Prof 1.311** (0.614) 1.235%* (0.617) 1.220* (0.621)
South America X Prof 1.405** (0.670) 1.399** (0.674) 1.437** (0.676)
Eastern Asia X Prof 1.551** (0.652) 1.521%* (0.652) 1.509** (0.654)
Western Asia X Prof 1.627%* (0.745) 1.637** (0.744) 1.637** (0.749)
Southern Europe X Prof 1.349%FF (0.429) 1.411%%F (0.431) 1.429%+*% (0.432)
Further interaction terms | Yes Yes Yes

world region X Professional

Further controls No No Yes
Discipline-fixed effects No Yes Yes

Number of observations 840 840 840

Note: The baseline group are North American environmental scientists in the Private identity treatment. The
four pre-defined world regions Caribbean Latin America, Central Asia, Oceania and Central America are
excluded in this analysis as they feature too few observations for meaningful comparisons (2, 1, 11 and 10
obsetvations respectively). Further controls include: “# of current studies’, “# of empirical studies’, ‘Research
for firms’, ‘Research for NGOs’ and the scaled answer to ‘Are scientists seekers of truth?’. Standard errors
in parentheses. Statistical significance: *** p<0.01, ** p<0.05, * p<0.1.
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There are several empirical investigations that report that simple experimental truth-telling
tasks like the coin-tossing task we borrowed from Abeler et al. (2014) and employed in
Experiment I and II carry external validity (see Cohn et al., 2015; Cohn and Maréchal,
2018; Dai et al., 2018; Drupp et al., 2019; Gichter and Schulz, 2016; Potters and Stoop,
2016). As Experiment II includes a number of responses from several countries, we
examine whether our tail-toss measure correlates with civic (dis)honesty evidence in Cohn
etal. (2019) at the country-level. Figure 3 provides a scatterplot and a fitted line of the data,
including 19 countries for which our datasets includes at least ten observations and which
are also included in Cohn et al. (2019)’s dataset. The correlation coefficient is —0.4953 and
statistically significant at p < 0.05. As returned wallets in Cohn et al. (2019) are a measure
of honesty and high tail tosses in our task are a measure of dishonesty, the results are
consistent with each other. We regard this finding as further evidence for external validity
of coin tossing and die rolling tasks (as reviewed by Abeler et al., 2019). It suggests that a
society’s honesty norms might spill over and affect its (dis)honest conduct of scientific

research.

Result 7: Country-level reliability of the tail-toss measure of honesty
Our tail-toss measure of honesty of scientists significantly correlates with the natural field experiment
measure of civic honesty of Cobn et al. (2019).
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Figure 3: Correlation between Cohn et al. (2019)’s measure of (dis)honesty in the lost
wallet experiment and our tail toss measure at the country-level.
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4. Discussion and conclusion

We have investigated whether scientists tell the truth by means of an incentivized coin-
toss truth-telling task in two online (field) experiments with a total of more than 1,300
scientists. In particular, we compare truth-telling behavior, in the form of coin toss
reporting, across two treatments that either made participants’ professional or private
identity more salient using nine identity priming questions.

Our key result in Experiment I (with marine scientists from North America and
Europe) is that significantly fewer participants over-report winning tail tosses in the
professional identity treatment. In Experiment II, we replicate this result for North
American scientists and find heterogeneity for honesty of scientists between world regions
— reaching from no detectable dishonesty among Northern and Eastern European
scientists to the clear over-reporting from scientists in some other world regions. We find
a significant correlation between (dis)honesty in the general public measured by the lost-
wallet field experiment by Cohn et al. (2019) and the scientists in Experiment II for a
sample of 19 countries. Our results thereby add further group-level external validity to
truth-telling tasks discussed in Abeler et al. (2019).

While we are able to provide causal evidence that professional identity effects
associated with science can foster truth-telling, we can pinpoint the underlying mechanism
for this finding only inductively.”’ Previous work that our simple model of truth-telling
behavior builds upon (Benjamin et al., 2010; Cohn et al., 2015) suggests that this more
frequent truth-telling is driven by stronger honesty norms associated with the professional
(in this case scientists’) identity. This main interpretation would suggest that academia is
able to foster a culture of truth-telling that is consistent with its general aim of searching
for truths. Indeed, this cultural norm-based interpretation has featured prominently in
related findings in experimental studies on the banking industry (Cohn et al., 2014; Villeval,
2014) and it is consistent with the cross-country comparison between Cohn et al. (2019)’s
results and ours. Stronger honesty norms may however not be the only facet of the
professional identity of scientists that drives truth-telling behavior. For example, it is often
suggested that competitiveness (‘publish or perish’) is a central feature of behavioral
patterns and thus perhaps also associated norms in academia (see, e.g., Fanelli, 2010;

Necker, 2014). If this were the case, our main treatment effect finding would be a

31 Taking the study by Cohn et al. (2014) as an example, Vranka and Houdek (2015) discuss the difficulty of
pinpointing underlying mechanisms of observed priming effects.
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conservative estimate of the truth-telling norms that science nurtures, as also inherent
competitiveness norms might have a detrimental effect on truth-telling.”

Besides the interpretation that honesty norms associated with the scientific identity
drive truth-telling behavior, it could also be the case that other professional identity
concerns may impact our results. Specifically, it could be that scientists strategically report
more honestly as they might seek to paint a more positive picture of science. That is, they
may take reputational concerns at the level of the profession into account.” We regard this
alternative explanation as an unlikely mechanism. A necessary condition for this strategic
influence explanation is that participating scientists believe that they can favorably
influence the overall outcome, i.e. their contribution is non-marginal. The participants in
our experiments knew that we targeted a large number of obsetrvations, i.e. 1/n was small.
Given our between-subjects design, participants were also not aware that there was another
treatment.” Thus, even though we cannot rule out the presence of professional reputation
concerns by design, it seems rather unlikely that this will be a main driver of our observed
treatment effect.”

While our central treatment effect therefore seems to suggest that science can
foster a culture of honesty, which is arguably good news for science as well as for all of us
relying on scientific results, the heterogeneity of treatment effects and especially the over-
reporting in some world regions seems concerning. Thus, the culture of honesty that
academia is built on does not seem sufficient to ensure that science does not get derailed
from its quest for truths. This finding is in line with the anonymous survey based
approaches that provide evidence that a considerable fraction of scientists engage in
questionable research practices (see, e.g., Fanelli, 2009; John et al., 2012; List et al., 2001;
Martinson et al., 2005; Necker, 2014).

32 For example, Shleifer (2004) discusses how (market) competition may have detrimental effects on ethical
behavior. More recently, a series of experimental economic studies have found that competition may lead to
more dishonesty (see, e.g., Cartwright and Menezes, 2014; Conrads et al., 2014; Faravelli et al., 2015; Rigdon
and D’Esterre, 2015; Schwieren and Weichselbaumer, 2010). However, while Fanelli et al. (2015) find that
scientific misconduct is more likely in countries where individual research output yields monetary rewards,
their results do not support the hypothesis that pressure to publish seems to drive dishonest behavior.
Furthermore, Cohn et al. (2014) do not find an identity priming effect for bankers on a stated preference
question on competitiveness.

33 This strategic behavior could thus be present in both treatments, but due to our experimentally induced
higher salience it would likely be higher in the professional identity treatment.

3 While truth-telling approaches are well-known in behavioral economics and psychology by now, the
participating natural scientists had very limited exposure to such experiments.

% If portraying a positive image of science would drive our treatment effect in truth-telling behavior, one
might also expect that such strategic behavior to show up in subsequent donation decisions. Yet, we find
not significant differences across the two treatments for both the fraction of pay-off reported and for the
absolute size of donations in Experiment I.
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As scientific honesty is crucial for scientific development as well as the public’s
trust in the results of science, further measures have to be taken to prevent scientific
misconduct. Meta-analyses (Abeler et al., 2019; Brodeur et al., 2016), replication studies
(Camerer et al., 2016; Dreber et al., 2015; Open Science Collaboration, 2015), more precise
and transparent reporting practices (Christensen and Miguel, 2018; Miguel et al., 2014,
Nosek et al., 2015; Simmons et al., 2011) as well as institutional incentives and arrangement
for research integrity (Titus et al., 2008; Titus and Bosch, 2010) are some important recent
steps into this direction. Our findings thus call for further steps that let this quest for

improving research conditions and practices continue.
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Appendix A: Screenshots from the online survey

Figure A.1: Priming questions for the Private treatment in Experiment I.

What is your current city of residence?

How many years have you lived in your current accommaodation?

Are you married?

Yes Mo

Howv large is your immediate family (yourself included)?

Where did you last go on heliday?

In which year did you kiss the first boy/girl?

At what time do you usually arrive at home?

[Resty

Which activity in your leisure time do you enjoy the most?

How satisfied are you with your life in general?
{1 to 9: not very satisfied to extremsty satisfied)

1 2 3 4 8 & T 8 3

Please procesd.

‘Continue
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Figure A.2: Priming questions for the Professional treatment in Experiment I.

Who is your current employer?

How many years have you worked for this institution?

Do you have a tenured position?

O ‘es O Mo

How large is your direct working team {yourself included)?

Where did you last go to for a conference/workshop?

In which year did you start your PhD?

(please put 1111 if not applicable)

At what time do you usually arrive at the office?

[P

Which activity of your work do you enjoy the most?

How satisfied are you with your work in general?
{1 to #; not very safisfied fo exiremely satisfied)

Please confinue.

Continue:

Figure A.3: Screenshot for the coin toss-reporting task.

Task 2

In this task, you can alsc gain meney. Your payoff is determined by a cein toss, which you toss yourself.
Please take any coin at hand that has the usual “tails” and “heads” format.

‘Your task is to toss this coin exactly 4 times.

For each case that “tails” lies on top, you will receive 5 Euro.

Afterwards, please record your result in the table below.

Your outcome (please make one choice).
Times of coin tosses where ,tails“ came out top.

Q 0 Times - Payment 0.00 €
O 1 Times - Payment 5.00 €
QO 2 Times - Payment 10.00 €
O 3 Times - Payment 15.00 €
QO 4 Times - Payment 20.00 €

Examples: If the number of coin tosses, for which “tails” came out top, is 1, you will receive 5.00 €.
If the number of coin tosses, for which “tails™ came out top, is 3, you will receive 15.00 €.

In case you cannot organise a coin, you may click the continue button. If this is the case, you will not receive a payoff for this task.

Continue:
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Figure A.4: Histograms of reported tail tosses by discipline in Experiment II.
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Figure A.5: Histograms of reported tail tosses by world regions in Experiment II.
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Table A.1: Priming questions for Professional and Private in Experiment II.

Professional Identity Treatment

Private 1dentity Treatment

Who is your current employer?

What is your current city of residence?

How many years have you worked for this
employer?

How many years have you lived in your
current accommodation?

How large is your direct working team
(yourself included)?

How large is your circle of close friends
(yourself included)?

Where did you last go to for a
conference/workshop?

Where did you last go on holiday?

Do you coordinate your work hours with
your colleagues?

Do you coordinate your work hours with
your close friends?

How satisfied are you with your
professional life in general? (1 to 9)

How satisfied are you with your private life
in general? (1 to 9)

What part of your work do you enjoy the
most? (bullet points are sufficient)

What part of your leisure time do you enjoy
the most? (bullet points are sufficient)

How many hours per week do you usually
spend in the office?

How many hours per week do you usually
sleep?

What is your favourite academic journal?

What is your favourite newspaper?
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Appendix B: Testing for response and selection bias in Experiment I

Laboratory experiments implicitly constrain participants to make choices and remain in
the laboratory for the entire length of a study in order to complete it. Conversely, (online)
field experiments potentially suffer from response bias and attrition.

To test for obvious response bias, we carry out several checks suggested in the
previous literature. In particular, we test whether there are observable differences for early
versus late respondents (e.g. Necker 2014) as well as consider observable characteristics of
our respondents and non-respondents. First, for eatlier versus later respondents, we do
not find significant differences in tail toss reporting between the first half, with a mean tail
toss of 2.33, and the second half of respondents, with a mean tail toss of 2.31 (t-test: p =
0.847).

Second, we compare observable characteristics of our 437 respondents who
completed the coin-tossing task and those who dropped out of the study that we still have
some information on (see Table B.1).' There are no significant differences across
participants and dropouts except for their age: Those participating in the coin toss
experiment are 4.53 years younger than those dropping out (t-test: p = 0.000). As age is
not significantly correlated with overall reporting behavior among participants (t-test: p =

0.747), this does not provide an indication for obvious response bias.

Table B.1: Descriptive statistics for participants and drop-outs

Coin toss No coin toss p-values
n = 437 n = 244/162/39
Share from Europe 0.78 0.81 0.377
Share Professional 0.55 0.52 0.507
Mean year born 1972.85 1968.32 0.000
Share male 0.59 0.63 0.311
Mean risk choice 3.92 3.46 0.135

Note: The p-values for binary data are based on chi-squared tests and the p-values for interval data are based
on t-tests.

We further examine balance across our experimental treatments. For this, we
compate Professional and Private for observable information that we collected in both

treatments. We know that the computer-generated randomization roughly worked: about

1 On those who have dropped out, we have information on the assigned treatment as well as the continent
on which they were located when clicking on the participation link for 244 drop-outs, and on gender and
their mean year born for 162, and their experimental risk choices for 39 drop-outs.
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one half, 52.85 %, of the 946 clicks on the e-mail’s invitation link were randomly assigned
to Professional and the remainder to Private. Compared to the 52.85 % who were assigned to
Professional when they clicked the invitation link in the e-mail, we have 54.69 % (239 out of
437) of participants who remained in Professional and completed the coin-tossing task. The
numbers point to slightly greater attrition in Private compared to Professional. Table B.2
shows further descriptive statistics for the participants who completed all subsequent

stages of our study including the coin-tossing task.

Table B.2: Descriptive statistics.

Overall Professional Private p-values
treatment treatment

n = 437 n =239 n =198
Share from Europe 0.78 0.80 0.76 0.416
Mean year born 1972.85 1972.25 1973.58 0.219 / 0.180
Share male 0.59 0.54 0.64 0.032
Share tenured 0.52 0.50 0.53 0.544
Share “at work® 0.65 0.66 0.63 0.564
Mean risk choice 3.92 3.89 3.96 0.677 / 0.656

Note: The p-values for binary data are based on chi-squared tests and the p-values for interval data are based
on two-sided t-tests / rank-sum tests.

On average, the participants in the study were born in 1973, meaning that—as of
2016—they were 43 years old on average. Around half of the participants held tenured
positions. 20 % lived in the US, while 78 % lived in Europe. 59 % of the participants are
male, the rest is female. Comparing the characteristics across treatments shows that our
treatments are balanced, except for gender. The share of males in Professional is 54 %
compared to 64 % in Private (chi-squared test: p = 0.032). As we find that gender is not
significantly correlated with overall tail toss reporting behavior (chi-squared test: p =
0.588), this does not appear as problematic at first sight, especially given that in our
between-subjects design it was not possible for participants to actively select themselves
into any treatment. Further, they did not know that a second treatment existed. However,
the main treatment effect in Result 1 is particularly pronounced for males: We find that
there are no significant differences in overall reporting behavior across the 254 male and
181 female participants: mean tail toss reports are 2.32 and 2.30 tails respectively (chi-

squared test: p = 0.588). However, there are differences in the treatment effect across
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gender: While there is no significant difference in reporting behavior of females across the
identity priming treatments (t-test: p = 0.695),” male participants significantly over-report
tail tosses in Private compared to Professional (t-test: p = 0.061). It is therefore worthwhile
to explore potential explanations of this gender balance difference in more detail.

Fortunately, we have information on the gender distribution in our population (the
e-mail list of the scientific organization). We know that about 66 % of the members in the
population are male. This figure is very close to the 64 % of males in Private (binominal
probability test, p = 0.497). Thus, there are significantly fewer males in Professional
compared to the expected 66 % (binomial probability test, p < 0.001). In other words, we
find the expected share of males in the Privafe treatment, while there are significantly fewer
males and conversely relatively more females in Professional than expected. We do not have
detailed information on most dropouts, as these occurred before participants provided any
information in the survey. However, we can extend the analysis of dropouts above to
consider differences across treatments within the dropouts.

First, the sequential nature of our experimental tasks allows comparing the risk-
taking behavior of those 39 participants who have completed the risk elicitation task but
not the coin-tossing task. Among these 15 are from the Private and 24 from the Professional
treatment, i.e. we had somewhat greater attrition in Professional. Those in Private not
completing the coin-tossing task had a mean risk choice of 4.00. Those in Professional had
a mean risk choice of 3.13. Although this difference is not significant due to the small
number of observations (t-test: p = 0.210), as higher risk choices are significantly correlated
with lower truth-telling, if at all this may suggests that our observed main treatment effect
may be a conservative estimate.

Next, we consider dropout rates across gender per treatment (see Table B.3). For
this, we consider all dropouts for whom we have information on their gender and divide
this by the respective combined number of dropouts and tail toss respondents. We find
that overall and also across both genders there are higher dropout rates in Private as
compared to Professional. Furthermore, we find more frequent attrition of males, as

compared to females, yet this difference is not significant (see Table B.1).

2 Furthermore, chi-squared tests: p > 0.40 for all single tail tosses.
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Table B.3: Dropout rates per treatment and gender

Private treatment Professional treatment
Male 0.30 0.27
Female 0.26 0.24
Overall 0.29 0.26

Note: 54 (25) males (females) in Private and 48 (35) males (females) in Professional dropped out of the study.

This analysis of dropouts therefore cannot explain why we find significantly fewer
males and conversely more females in Professional than expected. It thus seems that the
more frequent relative participation of females in the Professional treatment occurs at a stage
that precedes our experimental treatments and thus cannot be driven by a selection effect
of females or males into the treatments. We refrain from speculating about these males’
reasons for dropping out or those females participating more frequently.

What we can do, however, is to explore the robustness of our results by means of
simulations. Table B.2 has shown that there are only 54 % males in Professional, as compared
to 64 % in Private. For our simulations, we therefore hypothetically add another 25 males
to the Professional treatment, such that the proportion of males would be equalized across
treatments to 64 %. We consider five cases that assume different distributions of lying
behavior for those 25 additional males. They would report: First, as males in the Professional
treatment (Simulation 1); Second, as all of those in the Professional treatment (Simulation 2);
Third, as all respondents across both treatments (Simulation 3); Fourth, as all those in the
Pripate treatment (Simulation 4); Finally, they would report on average as the group with
the highest overall lying behavior: males in the Private treatment (Simulation 5). These
different simulations (summarized in Table B.4) thus add observations whose tail toss
reporting is shifted to the right by varying degrees as compared to the expected truthful

distribution.’

3'The number of 0/1/2/3/4 tail tosses for these three cases are as follows: 1/4/10/8/2 for as males in
Professional, 1/4/11/7/2 for as in Professional, 1/4/10/7/3 for as in overall, 1/4/9/7/4 for as in Private, and
1/4/9/6/5 for as males in Private (this compares to 2/6/9/6/2 in the expected truthful distribution).
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Table B.4: Treatment differences (p-values) in tail toss reporting across Private and
Professional for our respondents and three simulations with additional males

Overall tail tosses 4 times tail tosses
p-values p-values
Original participants 0.073 0.028
Simulation 1 0.067 0.021
Simulation 2 0.061 0.021
Simulation 3 0.074 0.030
Simulation 4 0.089 0.043
Simulation 5 0.098 0.059

Note: The p-values for overall tail tosses are based on t-tests and the p-values for the 4 times tail tosses are
based on chi-squared tests.

We find that the treatment effect in terms of overall truth-telling behavior is
qualitatively robust across all simulations when considering a t-test (p < 0.10).* For the
difference in four tails reporting we find that the treatment effect is qualitatively robust
across Simulations 1-4 (p < 0.05). For Simulation 5 we still find a significant treatment
effect at p = 0.059, i.e. at p < 0.10.

Opverall, this simulation exercise suggests that those 25 ‘statistically missing” males
in the Professional treatment would have to be substantially less honest as our respondents
such that selection would drive our treatment effect. Thus, although it is not possible to
rule out selection and response bias in field experiments due to attrition, we are confident
that our main results indeed capture differences due to varying the salience of professional

versus private identity and are not driven by response and selection effects.

4 Note however that when considering a rank-sum test, the treatment effect is not robust for Simulations 4
and 5 (with p = 0.109 and p = 0.116, respectively).
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