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CESifo Working Paper No. 11521

Individual Preferences for Truth-Telling

Abstract

Contrary to the traditional economic view that individuals misreport private information to
maximize material payoffs, recent evidence highlights robust preferences for truth-telling among
many decision-makers. Theoretical models that align with aggregate behavioral patterns posit that
these preferences arise from both an intrinsic motivation to be honest and a desire to be perceived
as honest. We propose a novel incentivized measure to independently capture these two motives
at the individual level for the first time. We validate the measure’s properties experimentally and
show that it predicts behavior in other commonly studied situations that allow for (dis)honesty.
The measure enables the classification of individual preference types, revealing systematic
heterogeneity and fairly stable type distributions across different samples. Additionally, we
propose an experimentally validated 2-minute survey module that proxies both motives and
predicts behavior in a typical reporting task. Including this module in a large panel, we offer first
insights into how early-life experiences may shape preferences for being and being seen as honest.
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1 Introduction

Fraudulent behavior is prevalent in markets, firms, and institutions, but often costly or even im-
possible to observe at the individual level. Examples include the overprovision of (or overcharging
for) services in credence goods markets, the misreporting of income in tax declarations, as well as
(mis)communication in teams, firms, or politics (see, e.g., Balafoutas et al. 2013, 2020; Bott et al. 2020;
Kocher et al. 2018; Lang and Schudy 2023; Weisel and Shalvi 2015). Traditionally, economists have
made the simplifying assumption that decision-makers will always misreport information they hold
if such misreporting maximizes their material payoff. However, recent theoretical and empirical
contributions (Abeler et al. 2019; Cohn et al. 2019; Fischbacher and Follmi-Heusi 2013; Gneezy et al.
2018; Khalmetski and Sliwka 2019; Shalvi et al. 2012) have challenged this view and proposed that
decision-makers have preferences for truth-telling which shape their (mis)reporting behavior. For
example, Abeler et al. (2019) analyze aggregate-level data from 90 experimental studies documenting
substantial lying aversion among participants. They highlight that two main motives are necessary
to capture the behavioral regularities observed in aggregate reporting data: Preferences for being
honest and preferences for being seen as honest.

Little is known about individual heterogeneity in these motives although understanding the
interplay of both motives is relevant for theory and practice. On the one hand, equilibrium predictions
in strategic settings may depend on preference types.! On the other hand, efficient institutions to
reduce fraudulent behaviors may exploit knowledge about preference heterogeneity in underlying
motives.? Finally, if researchers seek to predict individual behavior in other decision environments
based on individual preferences for truth-telling, capturing both underlying motives for (dis)honesty
independently appears crucial.®

This project provides a four-fold contribution that allows to substantially deepen the understand-
ing of the different motivations underlying individual preferences for truth-telling. First, we develop
and validate a novel, non-deceptive, and incentive-compatible experimental measure for individual
preferences for truth-telling (IPT). This measure allows for the identification of preferences for being
honest and /or being seen as honest, independently of each other and at the individual level. Second,
we identify and document systematic heterogeneity in individual preferences for truth-telling in
three samples. Third, following the pioneering work of Dohmen et al. (2011), we provide a validated

2-min survey module that allows to meaningfully proxy preferences for being honest and being seen

!For example, Feess et al. (2023) argue that lying in groups may hinge on guilt sharing which is determined through
group consensus and shared responsibility. As heterogeneity in preference types will affect the latter, measuring
heterogeneity in preferences for truth-telling may be crucial to understand what shapes lying in groups and organizations.

?Kerschbamer and Sutter (2017) even argue that taking the coexistence of different preference types of agents into
account is a prerequisite for the design of institutions and Geraldes et al. (2022) suggest that individual heterogeneity
in moral capacities (rather than situational factors) may be an important driver for dishonesty.

3For instance, recent work by Grosch and Rau (2017) relates (dis)honest behavior in the die-rolling paradigm with
individuals social value orientation (SVO, Murphy et al. 2011).



as honest, which can be used in large-scale population studies in which an incentivized preference
elicitation is not feasible. Finally, we provide initial examples of potential research questions that can
be explored with the novel survey module. To do so, we included the module in a large panel survey
(SOEP-IS) and investigate how the preferences for being honest and being seen as honest relate to
labor market outcomes and household formation. Using data on early life experiences, we further
provide first insights into what may shape individual preferences for truth-telling.

Based on recent models of lying costs in which larger costs indicate a stronger preference for truth-
telling (Abeler et al. 2019; Gneezy et al. 2018; Khalmetski and Sliwka 2019), our empirical approach
conceptualizes the preference to be honest with intrinsic lying costs (ILC) that may arise due to moral
or identity concerns (see, e.g., Akerlof and Kranton 2000). Further, it assumes that individuals may
incur social image costs (SIC) reflecting their preferences for being seen as honest. A key empirical
challenge is to measure these costs independently at the individual level. For instance, the classical
die-rolling paradigm (Fischbacher and Follmi-Heusi 2013) and other unobserved reporting tasks
identify misreporting only at the aggregate level (by comparing the empirical distribution of reports
to the expected distribution under truth-telling). These paradigms encompass several important
features that may help to cleanly capture participants’ general preferences for truth-telling?, but they
neither allow to identify preferences for truth-telling nor the two underlying motives at the individual
level. While researchers may introduce observability to measure individual dishonesty, this alters
lying costs due to image concerns (see for example, Gneezy et al. 2018). As such, observability is not
a useful approach to identifying individual preferences for being and being seen as honest.”

The novelty of our approach consists of relying on intentions instead of actual reports when
measuring underlying motives for truth-telling and builds on recent work that investigates selection
into different environments that do or do not allow for dishonest behavior.® Thereby, we can keep all
desirable features of the classical die-roll paradigm (i.e., no strategic interactions, no effort provision,
and no observability of the true state by the experimenter). To measure intrinsic lying costs (ILC) and
social image costs (SIC) independently of each other and in one coherent setting, we develop a novel
experimental paradigm. In this paradigm, decision-makers reveal i) their intention to be dishonest (by
acquiring costly information that is only useful when they plan to misreport) and ii) their intention
to be seen as honest (by changing at some cost which information some independent observers who
judge the decision-makers’ character receive). Crucially, the experimental elicitation procedure is

designed such that individuals with social image concerns can avoid the latter independently of

*For example, these unobserved reporting tasks avoid biases due to strategic interactions, social preferences,
performance-related image concerns, or feelings of entitlement prevalent in other tasks.

>An alternative, but deceptive, approach is to avoid such bias by misrepresenting observability and make participants
believe dishonest acts cannot be identified by the researcher (see, e.g., Albertazzi 2021; Mazar et al. 2008). However, this
approach does not appear appealing when developing a measure that can be repeatedly used.

%See for example Fehrler et al. (2020a), Konrad et al. (2014), Lefebvre et al. (2015), and Saccardo and Serra-Garcia (2023).



whether or not they plan to misreport. Thus, the procedure can capture both underlying motives
independently.” We run different experimental treatments that vary exogenously whether ILC or
SIC can play a role and find that participants systematically adjust their choices in our preference
elicitation procedure. As such, we show that our measures of ILC and SIC have high internal validity.

Our novel paradigm elicits IPT using two incentivized willingness-to-pay measures that reflect
a decision-maker’s intrinsic lying costs (ILC) and social image costs (SIC). As such, the IPT measure
allows for a detailed comparison of preferences across individuals and a classification of preference
types. For simplicity, and following our pre-analyses plan, this paper mainly focuses on four different
preference types which are defined relative to each other. The first type has low ILC (i.e., is willing to
acquire information that is useful when misreporting) and low SIC (i.e., is not willing to incur costs to
improve how others may judge their character). These individuals have relatively weak preferences
for truth-telling. The second type has high ILC and low SIC. Hence, the second type has an intrinsic
preference for truth-telling but does not care much about how others judge their behavior. The third
type has low ILC, but high SIC. This type acts more honestly if they are observed by others but does
not care intrinsically about being honest. The fourth type has both high ILC and high SIC and thus
has relatively strong preferences for truth-telling.

Using our novel incentivized measure for IPT, we classify individual preference types in three
different samples: a student sample (n=331), a convenience sample (n=471), and a representative
sample (n=500). We document systematic heterogeneity in preferences for truth-telling. In all three
samples, we find that all four above-presented preference types exist. In addition, the type distri-
bution is fairly robust across samples. The most prevalent type has low ILC and high SIC (between
35% and 39% of the samples) while the least prevalent type has high ILC and high SIC (7% — 11%)).
We also observe a substantial fraction of types with low ILC and low SIC in all samples (26% — 31%)
as well as types with high ILC and low SIC (21-31%).8 This heterogeneity underlines the importance
of measuring both motivations at the individual level.

In a next step, we show that these preference types predict behavior in two other incentivized
experimental paradigms, in which participants can lie to increase their payoff. These additional
paradigms vary in aspects of truth-telling that have been widely studied, in particular, the observabil-
ity of the true state by the experimenter and the existence of negative externalities of dishonest choices.
We find that types with low ILC claim higher payoffs than types with high ILC in a misreporting
paradigm without externalities (a mind game version of the die-rolling paradigm). Further, and
focusing on a game with externalities, we document that a within-person variation of observability

in a sender-receiver game (i.e., whether the receiver learns that she has been deceived or not) has

"We also test independence explicitly with an experimental treatment variation, see Section 4.1 for details.
8The latter type mirrors a deontological interpretation of the moral costs of lying, emphasizing principles independent
of potential consequences (see, e.g., Feess et al. 2022).



stronger effects for types with high as compared to low SIC. Hence, we show that our IPT measure
meaningfully relates to behavior in other situations where individuals trade off honesty and material
gains. We also explore whether our IPT measure relates to behavior in a novel paradigm, in which
people lie for their social image (by appearing more knowledgeable) instead of lying for monetary
payoffs. We find that participants classified as having social image concerns in the knowledge report-
ing task are about ten percentage points more likely to be classified as high SIC individuals according
to the IPT measure.’ Further, we find that the IPT measure yields robust results, independent of
whether it is administered before or after other experimental tasks.

To quickly proxy types, we also develop a vignette-based survey measure of IPT that asks
respondents to answer two simple questions that can be completed within less than 2 minutes. The
answers allow to classify respondents in a binary way for both the preference for being honest and
for being seen as honest. We find that the two willingness-to-pay measures and the incentivized type
classification relate systematically to the response to these questions. In addition, responses to the
survey questions predict behavior in a widely studied experimental misreporting paradigm. The sur-
vey measure can usefully proxy both underlying motives for individual preferences for truth-telling
in large-scale studies that do not allow for the relatively more time-intensive incentivized measure.

We showcase how our survey module can be used to study different research questions by
introducing it in the German socio-economic panel (SOEP-IS 2023), a large-scale representative panel
survey. Exploiting the panel nature of the SOEP, we study the role of IPT in two economically
relevant domains (labor market outcomes and household formation) and investigate the role of
early life experiences for individual preferences for truth-telling. In terms of labor market outcomes,
we find that individuals with high intrinsic lying costs are less likely to change their jobs. In terms
of household formation, we document assortative matching based on IPT types. Finally, we find
suggestive evidence that early life experiences such as exposure to religious parents or exposure to
schooling the German Democratic Republic systematically related to individual’s social image costs.

Our novel approach contributes to ongoing research on preferences for truth-telling, a dynamic
and important field in economics, psychology, and the social sciences. From an experimental
economics perspective, so far three seminal approaches have been used to measure the extent of
(dis)honesty: i) the sender-receiver deception game (Gneezy 2005), in which informed participants
can deceive uninformed participants to increase their own payoff in a strategic interaction, ii) the
matrix task (see Grolleau et al. 2016; Mazar et al. 2008; Verschuere et al. 2018), in which participants

can misreport their performance to increase profits at the cost of the experimenter, and, iii) the

°Note that our experimental measurement relies on interpreting behavioral types relative to each other. Akin to other
paradigms (see e.g., Kajackaite and Gneezy 2017), behavior in the IPT paradigm may vary with stakes. Nevertheless,
we observe that not only types but also the willingness-to-pay measures meaningfully predict behavior in the mind game,
the sender receiver game, and the knowledge reporting task.
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die-rolling paradigm (Fischbacher and Follmi-Heusi 2013; Shalvi et al. 2012), in which participants
generate a random outcome that is unobserved by the experimenter and have to report this outcome
to the experimenter. All these tasks have in common that participants can benefit monetarily from
misreporting and all of them show that many individuals are willing to lie but often do not lie to the
full extent. The aggregate empirical regularities are best captured by, both, preferences for being and
being seen as honest (Abeler et al. 2019; Gneezy et al. 2018; Khalmetski and Sliwka 2019) but previous
work does not allow for studying the co-existence of different preference types. While recent valuable
contributions have started to investigate the relevance of both motives focusing on how exogenously
manipulating the potential role of ILC and SIC between-subjects alters behavior in the aggregate (see,
e.g., Basi¢ and Quercia 2022), our approach allows researchers to understand the relative importance
of these motivations at the individual level. We provide robust evidence on substantial heterogeneity
in preference types (based on both motives) which can meaningfully enrich theoretical models as
well as improve the efficacy of institutions aiming at the reduction of fraudulent behaviors. Most
importantly, our results underline that people who have strong intrinsic preferences for being honest
care less about how they are perceived by others than those with weak intrinsic preferences which
may allow for meaningful adjustments of models that include some or both types of lying costs (see
e.g. Abeler et al. 2019; M. Dufwenberg and M. A. Dufwenberg 2018; Gneezy et al. 2018; Khalmetski
and Sliwka 2019). Finally, our incentivized measure will allow for direct empirical tests of theories
that make type-based predictions and can be used to predict behaviors in other domains.

The remainder of this paper is structured as follows. In Section 2, we introduce our novel
incentivized measure for IPT. In Section 3, we first characterize individual preferences for truth-telling
based on our measures of ILC and SIC. In Section 4, we discuss the internal validity, the predictive-
ness, and the robustness of our measure. In Section 5, we introduce our survey measure. We show
that it is systematically related to the incentivized IPT measure and find that it can also be used to
meaningfully predict behavior in a mind game version of the die-rolling paradigm (Fischbacher and
Follmi-Heusi 2013). Further, we illustrate possible applications of the survey measure by includ-
ing the survey module in the Innovation Sample of the German Socioeconomic Panel (SOEP-IS).
Finally, in Section 6, we replicate our core findings in a representative UK sample and compares type

distributions and correlates of IPT across our three different samples. Section 7 concludes.

2 Experimental Measure for IPT

2.1 Experimental Design and Assumptions

Our IPT measure builds on a reporting paradigm akin to the idea in the seminal work of Fischbacher

and Follmi-Heusi (2013). In the classical version of this paradigm, participants generate a random



outcome that is unknown to the experimenter and report it. The mapping of the report to the
monetary payoffs is known before reporting. As such, participants may increase their payoff by
dishonestly reporting an outcome that is associated with a higher payoff than the true outcome. As
the experimenter does not know the true state, they can only infer the extent of misreporting by com-
paring the distribution of reports to the expected distribution. Inferring whether a given individual
is honest is hence impossible with certainty and can only be approximated with a sufficiently large
number of reports per individual.

Our experiment focuses on two decisions made by participants (called Decision-Makers, in short:
DMs). These two decisions allow us to capture the preferences to be honest and to be seen as honest
in one coherent setting but independently of each other. To capture the preference for being seen
as honest, the experiment also involves Observers, who reflect on how (dis)honest DMs’ behavior
appears. In contrast to previous reporting paradigms, the key idea of our experiment is to measure
DMs’ intention to be dishonest and the intention to be seen as honest, rather than relying on the
outcome the participant eventually reports. This allows us to classify DMs as having stronger or
weaker preferences for being honest and appearing honest without us knowing the true state of the
world. Following the experimental protocol, we first explain the general setup, and then describe

how we elicit DMs’ intentions.

Setup

First, DMs generate two random outcomes using an external, existing ‘random pick” website. In
each of the two random picks, a random device picks (with equal probability) one out of eight
possible items shown to DMs. These items are ‘categorical’ to avoid any inherent ordering of items
which might change the perceived size of the lie.!' Importantly, in our paradigm, the experimenter
knows the outcome space, but does not know which items have been generated. For each of the two
random picks, we instruct DMs to privately write down the outcome as they are required to report
the randomly selected items at a later stage.!!

After participants confirmed that they generated the outcomes, we inform DMs that the two
items they will report later will determine their payoffs. Decision makers are informed that different
items yield different payoffs according to a pre-specified and randomly assigned payoff scheme. For

one random pick, seven out of eight items yield 2 experimental currency units (ECU), while one out

!"In classical reporting paradigms, reporting a ‘2’ on a six-sided die that shows a ‘1’ might be perceived as a smaller
lie than reporting a ‘5’ even if the payoffs these reports yield are the same (see Gneezy et al. 2018, for a demonstration of
how variation in the size of the lie can impact behavior). To avoid such effects, we used fruits and vegetables as categorical
items. A wheel of fortune turned by participants determined the random picks and the order of the item type (fruits
or vegetables) as well as the placement of the items on the wheel of fortune were randomized at the individual level.
Screenshots of the 'random pick’ websites can be found in Appendix E.1.

"Documenting the outcomes ensures that they are perceived as realized,” reducing the scope for self-deception and
minimizing the potential influence of memory.



of the eight items yields 10 ECU. This is the ‘low-stakes task’. For the other random pick, seven items
yield a payoff of 200 ECU, while one item yields a payoff of 1000 ECU. This is the ‘high-stakes task’.
Note that in both tasks, seven items yield a lower payoff (likely, low-paying outcome) and one item
yields a higher payoff (unlikely, high-paying outcome). While DMs do not yet know which items
yield which payoff, they learn about the size of payoffs in the two reporting tasks. DMs are further
informed that they will learn the correspondence of payoffs and reported items for at least one of
the reporting tasks before reporting the item.

Finally, DMs learn that other participants are recruited as independent Observers to reflect on
the DMs’ character depending on the outcome of one of their reports, i.e., whether their report yields
the unlikely and high-paying or a more likely and low-paying outcome. Which report (high or low
stake) is shown to Observers is by default randomly determined, and DMs are aware of this. To
avoid curiosity confounds, DMs do not receive feedback regarding Observers’ perception of their
character, and DMs know this. As such, our setup isolates pure, non-instrumental social image
concerns (relating to social image costs caused by how others may perceive the DMs’ behavior).

The Observers’ task is to reflect on DMs’ character by filling in a scorecard on which they rate
the probability of the DM being an honest person, whether they would trust the DM, whether they
would lend the DM money and whether they would buy a used car from the DM. Observers know
that they make their assessment based on reporting behavior in one reporting task, in which DMs
randomly draw an item and report it. They are not informed that DMs made reports in two tasks
and thus also not how the report for the assessment was selected. Observers know that the report
could result in either a high or a low payment. They further know the corresponding probabilities
of the likely, low-paying outcome (7/8) and the unlikely, high-paying outcome (1/8), and they are
aware that DMs may have known the relationship between the report and the outcome.? All of the
above is known to DMs. As Observers are only present to induce social image costs in DMs, we focus

exclusively on DMs in the following and provide more information on Observers in Appendix A 4.

Intention to be seen as honest

DMs know that Observers are unaware that there are two reporting tasks and that the Observers
will only learn whether DMs achieved the unlikely high-paying (or a likely low-paying) outcome for
one of the reporting tasks. By default, DMs do not know whether Observers reflect on their behavior
in the high- or low-stakes task. Previous research has shown that, in reporting tasks, less likely
events that yield higher payoffs are perceived as more dishonest (see, e.g., Basi¢ and Quercia 2022).

However, it is unclear to what extent beliefs about ratings may vary across participants. To fix DMs’

12To ease procedures, we use the strategy method to elicit observers’ ratings for both potential reports and provide
them with information about DMs’ individual reports afterwards (see Appendix E.1).

7



Decision maker reported an outcome that corresponds to
chance 1in8 7in8
payoff high low
Participant X Participant X
Probability of being an honest person Probability of being an honest person
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

| find this person trustworthy | find this person trustworthy

| would lend this person money | would lend this person money

| would buy a used car from this person | would buy a used car from this person

Figure 1: Scorecard shown to decision-makers
Notes: Ratings were obtained in a pilot experiment with 27 observers.

beliefs about Observers’ ratings, we show DMs how Observers in the past rated DMs depending
on whether their report yielded an unlikely high payoff or a more likely low payoff. These ratings
are based on pre-registered pilot experiments (see Figure 1 for how this was displayed).

To measure DMs’ intention to be seen as honest, we offer DMs the chance of a ‘favorable switch’
before making their reports. This switch implies changing the randomly selected default task to the
alternative reporting task if this is expected to improve the observers’ perception of the decision-
makers’ character. We decided to focus on a situation in which upholding a positive social image by
reporting a low payoff would be very costly and thus implemented the switch only if the following
conditions applied (and DMs knew this): i) the high-stakes task is selected as the default task, ii)
the report in the default task coincides with the unlikely high payoff, and iii) the report in the
alternative task coincides with the more likely low payoff. It becomes clear that if these conditions
apply, Observers may perceive even honest DMs who were lucky in one of the two reporting tasks as
dishonest and thus DMs may suffer from social image costs independently of whether they actually
report (dis)honestly. We elicit DMs’ willingness to pay (WTP) to switch the default task (WTPsyitch)
following G. M. Becker et al. (1964) which allows DMs to incur costs to increase the likelihood of
being seen as more honest without changing or misrepresenting their actual reports. Importantly,
DMs only pay for the switch if all the above-named conditions apply and thus the switch allows

DM s to uphold a positive social image independent of their intrinsic lying costs.!?

BThis elicitation procedure minimizes the probability that the switch itself is considered immoral. First, note that
the switch is favorable for any DM who cares about their social image; independent of whether the situation described
above occurred due to honest or dishonest reporting. Second, the default task was randomly chosen, such that from a
normative perspective, there is little reason to believe that Os are supposed to observe one particular reporting task.



Intention to be (dis)honest

After eliciting the intention to be seen as honest and before providing feedback regarding the price
to be paid for the switch, we inform DMs about the correspondence of items and payoffs for the
low-stakes task. That is, DMs learn which of the eight items coincides with which payoff (2 or 10
ECU) such that they are able to intentionally misreport the item the random pick website selected
to increase their payoff. For the high-stakes task, DMs do not learn the correspondence of items
to payoffs by default. DMs only know that one out of the eight items will be randomly assigned
to the high payoff (1000 ECU) while the other seven will be assigned a low payoff (200 ECU). To
measure the intention to be (dis)honest, we then elicit the WTP to learn which of the eight items
will yield the high payoff (WTPj,s,) before making their report. If decision-makers do not pay for
learning the information before their report, they learn the correspondence of items to payoffs in the
high-stakes task directly after making their report. Hence, the WTP;,¢, indicates DMs’ intention to
misreport. Knowing the correspondence of items to payoffs for the high-stakes task enables DMs
to misreport if they are willing to do so while, by default, DMs are not able to intentionally misreport
in the high-stakes task. In choosing their WTP;,¢,, DMs trade off their intrinsic lying costs and the
personal gain from lying. If the former exceeds the latter, WTP;,s, will be zero. In other words, if
a DM intends to be honest, it is rational to not pay anything for learning the correspondence of items
to payoffs before reporting. Conversely, a positive WTP;,¢, indicates lower intrinsic lying costs.!4.

These findings underline that the core component of the WTP;,, indeed captures variation in
individual preferences for being honest (for a more detailed discussion, see also Appendix A.3). The
higher WTP;¢,, the lower the intrinsic lying costs, given that the gain from lying must compensate
the amount paid for the information as well as the intrinsic lying costs incurred. Importantly, as
DMs were able to avoid potential social image costs (see WTPgy it elicitation above), the WTPing,
measures intrinsic lying costs independently of image concerns.

Our measure for preferences for truth-telling thus captures the intention to be dishonest and to
be seen as honest at the individual level. A higher WTPj,¢, implies a weaker preference for being
honest (i.e., lower intrinsic lying costs), whereas a higher WTPgyi, implies a stronger preference for

being seen as honest (i.e., higher social image costs).

Note that additional analyses show that neither potential curiosity nor risk preferences affect the predictiveness of the
WTPins, for behavior in another commonly used task to elicit honesty preferences (the mind game version of the die-rolling
paradigm). Further, we designed the WTPjy, elicitation to render the experimenter non-salient, ensuring that participants
would not be concerned about the impression they make on the researcher when stating a positive willingness to pay.
We also find supportive evidence for this presumption, as participants with a positive WTPi,¢, report caring more about
the impression they make on the researcher than those who are not willing to pay for the information. Hence, concerns
regarding the experimenter do not prevent participants from seeking information (for further details, see Appendix C.2).



Report

Finally, DMs are asked to report the two items selected by the random pick website. Before reporting,
DMs learn the randomly chosen default reporting task and whether their maximum WTPgyit, and
WTPjy¢, were high enough to result in changes from the defaults. More specifically, if DMs” WTPgyitch
was high enough and the relevant scenario arises (see subsection ‘Intention to be seen as honest’),
DMs learn that the scorecard will be based on a report that results in a likely low-paying outcome
in the low-paying task (if such a report exists). If their WTPj,s, was large enough, DMs learn their
which item yields the high payoff in the high-stakes task before reporting. Otherwise, DMs learn
the correspondence of items to payoffs for the high-stakes report directly after entering their reports.

To make a report, DMs select an item out of a randomly ordered list of the eight items.!> DMs
first select their low-stakes item, and, on the same page, select their high-stakes item.

After reporting, DMs learn their payoffs from the task and Observers learn their payoffs from
the rating, the scorecards their matched Observers designed, as well as for which DMs (based on

the participant number) which scorecard was relevant.

2.2 Summary and procedures

To summarize, our experimental paradigm elicits DMs’ individual preferences for truth-telling (IPT)
based on their intention to be honest (captured by the WTPj,¢,) and their intention to be seen as
honest (captured by the WTPgytc). This allows us to provide a detailed characterization of IPT, to
study heterogeneity in IPT based on both dimensions, and to classify preference types.

We elicit IPT, in a general population sample as well as in a student sample. Thereby, we are able
to study the presence of heterogeneity in IPT across different samples as well as to study the internal
validity and the predictability of our IPT measure (through additional experimental paradigms and
treatment variations). The experiment was administered online in both samples, and programmed
in oTree (Chen et al. 2016). Data for the general population sample was collected using Prolific.'®

Our empirical approach encompasses several samples. We first present results from the elicitation

of our incentivized measure with 471 DMs and 12 Observers from a convenience sample (general

15To avoid potential concerns of observability of the true state, pictures of items to be selected for reporting were similar
but not identical to those shown on the random pick website.

16We pre-screened participants using the following criteria: English as a first language; Prolific approval rating between
90 and 100 (max); between 5 and 10000 previous submissions on Prolific. Note that we administered two treatment
variations in this data collection. Both these variations focus on (presumably) changing the intensive margins of lying costs.
In the first variation, we explored whether allowing DMs to spin the wheel of fortune more often while still requiring
DM s to report a specific outcome (FewSpins vs. ManySpins) decreases intrinsic lying costs (akin to the approach employed
by (Shalvi et al. 2011) in the die-rolling paradigm). In the second, we increased the number of observers from two to ten
(FewObservers vs. ManyObservers). Both these variations were ineffective. Comparing FewSpins vs. ManySpins, we found
no significant differences in WTP;, (MWU, p=0.578) nor in the share of participants with a positive WTPis, (x>-test,
p=0.868). Further, neither the difference in WTPswiwcn between FewObservers and ManyObservers was significant (MWU,
p=0.605) nor the difference in the share of participants with a positive WTPgitcn (x*-test, p=0.340). As these treatments
were part of the data collection on Prolific described in Section 3, we pooled these treatments for the main analyses.
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population UK) recruited via Prolific and validate the measure’s properties in the same participant
pool.l” Specifically, we recruited 499 additional Prolific participants to validate that the WTPj¢,
captures DMs’ intrinsic lying costs (ILC) and another 503 Prolific participants to validate that DMs
incur social image costs when having observers as compared to not having any (see Section 4).
To study how well our IPT measure predicts behavior in other experimental paradigms as well
as to study the robustness with respect to the timing of our elicitation procedure within a given
experimental session (i.e., before or after other experimental paradigms), we also collected data from
a student sample that encompasses 331 DMs and 24 Os (all participants of the Munich Experimental
Laboratory for Economic and Social Sciences, MELESSA).!® Finally, we elicited the incentivized

measure in a representative sample of UK Prolific participants (n=500, see Section 6).

3 Results

This section provides an overview of the main outcomes of the experimental measure for the general

population sample. All analyses are based on DMs’ WTPy,;, and WTPgyieh.

3.1 Individual preferences for truth-telling: ILC and SIC

Figure 2 presents DMs’ choices for our two main outcome variables, intrinsic lying costs and social
image costs.?’ Panel 2a provides evidence for the existence of intrinsic lying costs: 38.6% of partic-
ipants are not willing to pay any positive amount to receive information on the correspondence of
items and payoffs before reporting. Hence, for these participants, we do not observe an intention to
lie. In contrast, 61.4% of participants have a positive willingness to pay and thus reveal an intention
to lie. We observe substantial variation in the elicited amounts which illustrates strong heterogeneity
in intrinsic lying costs across individuals.

Panel 2b presents evidence for social image costs. We observe that 58.0% of DMs are not willing
to pay any positive amount for the favorable switch, and are thus classified as exhibiting low SIC. For
the remaining 52.0%, we find variation in the elicited amounts, implying heterogeneity in the extent
of SIC. Interestingly, we find that the lower a DM’s intrinsic lying costs (ILC), the higher is their SIC

(Spearman’s p=—0.39, p-value< 0.01). While many theoretical models assume both, intrinsic lying

Participants completed the core study (IPT measure, mind game, and questionnaire) on average in 22 minutes and
their average payments amounted to £5.69.

!8The main reason to recruit students in addition was the longer expected duration due to the additional paradigms.
Eventually, the student sessions lasted on average 40 minutes (and average payments amounted to 17.75€, including
the show-up fee of 6€).

Results regarding IPT in the student sample are presented in Appendix Section A.1. Appendix B.2 presents results
for DMs’ reports and Appendix A.4 presents observers’ behavior.

2Note that participants could indicate their WTP by choosing one of the following options: 0, 25, 50, 75, 100, 125,
150, 175, 200, 250, 300, 350, 400, 500, 600, 700, 800. We elicit WTP in a discrete way to ease understanding. See also the
instructions in Appendix E.1.
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Figure 2: Distributions of ILC and SIC

Notes: Panel a presents the distribution of WTPj,s,, where smaller values imply larger ILC. Panel b presents the distribution
of WTPgitch, Where smaller values imply smaller SIC. General population sample (n=471).

costs and social image concerns to matter, they usually refrain from explicitly modeling dependencies
of both components. Our novel measure reveals an important empirical insight for the refinement of
these models and highlights the potential for additional trade-offs when designing effective policies

to reduce dishonest behaviors.

3.2 Preference types

Following our pre-analysis plan, we define types based on whether an individual has a positive
WTPipso and a positive WTPgyitch. Note that these types should mainly be interpreted relative to each
other, i.e., those who are classified as having low SIC have a lower level of SIC than those whom we
classify as having high SIC.2! We encounter all four types in our data (see Table 1) and thus identify
substantial heterogeneity in IPT.

Table 1: IPT Types

Low SIC High SIC
LowILC  26.5% 348%  61.4%
HighILC 314 % 72 % 38.6 %
58.0 % 42.0 %

Notes: General population sample (n=471). A partici-
pant is classified as low ILC if their WTPins, is strictly
larger than zero, and as high ILC otherwise. Conversely,
a participant is classified as low SIC if their WTPswitch
is zero, and as high SIC otherwise.

Z'Our IPT measure also allows for a more fine-grained type classification which could be explored in larger samples.
To study the meaningfulness of the current classification, we investigate the behavior of the above-identified types in
other decision environments in Section 4.
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The most frequent type (34.8%) has low ILC and high SIC. That is, a large fraction of our sample
is intrinsically willing to lie but cares at the same time about their social image. Further, we observe a
substantial fraction of participants with low SIC and high ILC (31.4%). These participants care about
being honest but not about how they are perceived by the Observers. Further, we observe a meaning-
ful fraction of participants who have low ILC and low SIC (26.5%) but only few participants who have
high ILC and high SIC (7.2%). Overall, we find systematic heterogeneity in IPT with a substantial

fraction of participants who care about only one of the two underlying motivations or none.?

4 Properties of the measure

4.1 Internal validity

To assess the internal validity of our WTP measures of ILC and SIC and the resulting type classifi-
cation, we collected additional data on Prolific using two sets of additional treatments that varied
the scope to which DMs can incur ILC and SIC in our experimental paradigm. We administered
these treatments to show that i) the elicited preference to be honest is sensitive to changes in lying
costs, and ii) the elicited preference to be seen as honest is sensitive to changes in social image costs.

Further, these treatments allow us to investigate whether we capture these motives independently.

411 Varying ILC - Design and Results

In our first treatment variation, we randomly assign 499 participants to one of two treatments: one
in which ILC play a role (LieNoObservers), and one in which ILC play no role (NoLieNoObservers). In
NoLieNoObservers, we set lying costs to zero by instructing participants to choose any item of their
liking in the reports. To keep everything else constant, participants generate two items and note
them down. After this, they learn that they will be asked to report two items, and that their reports
will determine their payoff. They are explicitly instructed that they are allowed to pick any item
(from a list of all possible items) in each of their reports. A risk-neutral DM should thus state the
expected value of the high-stakes task as their WTP;.¢,. As there is nothing to judge in this treatment,
we omit Observers and hence the elicitation of social image costs. We compare the NoLieNoObservers
treatment to LieNoObservers, in which we also omit Observers, but keep lying costs as in our standard
measure (see Section 2.1).

If the WTPj,s, in our IPT elicitation procedure captures an intrinsic preference for being honest,
we will observe that the WTPy, is higher in NoLieNoObservers as compared to the LieNoObservers
treatment, and further, that the fraction of participants with a positive WP, is higher in NoLieNoOb-

ZWe examine the robustness of type distributions across three different samples in Section 6.1. See also Appendix A.1
for more details on the student sample.
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Figure 3: WP, by ILC treatment

Notes: The figure shows the mean WTPiy, (in Panel a) and the fraction of participants with positive WTPiy(, (in Panel b) by
ILC treatment (NoLieNoObservers and LieNoObservers. General population sample (n=499).

servers.” Figure 3a shows that the mean WTPy,;, in NoLieNoObservers in which participants can
choose which item to report and in LieNoObservers in which participants were asked to report the
randomly generated item. The WTPjy, is indeed significantly higher in NoLieNoObservers than in
LieNoObservers (324.5 vs 190.9, MWU, p<0.001). Figure 3b displays the fraction of participants with a
positive WTPj,g, in both treatments. While 72.8% of participants want to know the high-paying item
in treatment LieNoObservers, this fraction significantly increases to 88.8% in NoLieNoObservers (x*-test,
p<0.001). Both findings confirm that WTP;,¢, meaningfully captures participants’ preferences for

being honest in LieNoObservers.

412 Varying SIC - Design and Results

In our second treatment variation, we vary whether DMs incur SIC. We randomly assign 503 partici-
pants to one of two conditions, in which they are either judged by two Observers (TwoObservers) who
will learn whether their report resulted in a high but unlikely payoff, or a lower but more likely payoff
(in the exact same manner as in our IPT elicitation procedure, see Section 2.1) or not (ZeroObservers).
Apart from this variation, these treatments are identical to our standard IPT elicitation procedure.
Importantly, participants in both conditions learn that they may have either been randomly assigned
TwoObservers or ZeroObservers, which allows us to explain the concept of switching the default task
based on which observers may judge the DM’s character as well as the WTPg, elicitation pro-
cedure (see also Section 2.1) to all participants. Then, before indicating their WTP to switch the
default task, DMs learn whether they have been assigned two or zero Observers. If the WTPgyitch
in our standard IPT elicitation procedure captures DMs’ SIC, we will observe a higher WTPgiteh in

BWe pre-registered these hypotheses (AsPredicted No. 131061).
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TwoObservers than in ZeroObservers; and similarly, the fraction of DMs with a positive WTPgyitcn, will
be larger in TwoObservers as compared to ZeroObservers.?

Figure 4a displays the mean WTPgy i, by treatments. In ZeroObservers, WTPgyitch is significantly
lower than in TwoObservers (24.5 vs 67.3, MWU, p<0.001). Further, as shown in Figure 4b, the fraction
of participants with a positive WTPgt, decreases significantly from 41.0% for those randomly
assigned to two Observers to 16.9% for those assigned to zero Observers () ?-test, p<0.001). Both find-
ings confirm that being assigned to Observers who judge the character causally increases WTPgyitch-
This WTP hence meaningfully captures preferences for being seen as honest.

Varying whether DMs are judged by Observers or not additionally allows us to test for the
independence of preferences for being honest and being seen as honest. To do so, we compare the
intrinsic lying costs (i.e., WTPjng,) of participants who have randomly been assigned zero Observers
to those who have been assigned two Observers. Recall that the number of Observers is known
before participants are asked to state their WTP;,¢,: If the WTPing, in TwoObservers does not differ
from the WTP;, in ZeroObservers, the WTPy, captures ILC independently of SIC.? Indeed, we
find that the WTP;,¢, does not differ significantly between those with two and zero observers (165.0
vs 165.9, MWU, p=0.612) and further, that also the fraction of participants with a positive WTPjs,
does not differ significantly (67.1% in ZeroObservers vs. 69.2% in TwoObservers, x>-test, p=0.616).
Hence, we conclude that our IPT paradigm independently measures preferences for being honest

and preferences for being seen as honest.

#We pre-registered these hypotheses (AsPredicted No. 129232).
BThis hypothesis builds on the idea that the elicitation of the WPy, for the favorable switch allows participants
to eliminate potential SIC with respect to the observers and was pre-registered at AsPredicted (No. 129232).
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42 Predictiveness

To assess whether the IPT measure meaningfully relates to (dis)honest behavior in other environ-
ments, we next discuss its relationship to behavior in three other experimental paradigms that allow
for dishonest acts. The first paradigm is a mind game, in which the true state is impossible to observe
for the experimenter and in which payoffs are similar to the widely-studied die-rolling paradigm
by Fischbacher and Follmi-Heusi (2013). The mind game reflects a class of reporting paradigms
that are close in nature to our IPT measure: the true state of the world is unobserved and the report
entails no explicit negative externalities for other participants. As such, the mind game — as other
unobserved reporting tasks — abstracts from social preferences and strategic interactions thereby
capturing potential ILC and SIC jointly (Abeler et al. 2019).

The second paradigm relates to a widely used set of paradigms in which the dishonesty of an
informed sender may harm an uninformed receiver of a message. These sender-receiver games were
introduced first by Gneezy (2005). In contrast to unobserved reporting paradigms, misreporting
for the own benefit can be observed by the experimenter and imposes a negative externality on the
matched partner. In addition to ILC and SIC, behavior may hence be affected by social preferences.
We design a variant of the sender-receiver game that is non-strategic from the perspective of the
sender (Gneezy et al. 2013). We administer our sender-receiver game in two conditions that vary the
social image costs vis-a-vis the receiver but keep social preferences for this receiver constant. This
allows us to study to what extent SIC measured in the IPT task based on a third-party observer is
predictive of SIC regarding an affected party, holding ILC constant.

In both paradigms, the mind game and the sender-receiver game, participants can misreport a
(random) state of the world to increase their material benefit. This rules out any social image costs
other than being seen as honest. However, in many situations, individuals do not lie to increase
their payoff, but rather to improve their social image related to, e.g., their performance or knowledge
(Barron et al. 2022; Hugh-Jones 2016). In these situations, social image concerns may increase mis-
reporting rather than decrease it. We study whether SIC measured in the IPT elicitation procedure
relate to behavior in a novel paradigm, in which participants may lie to improve their social image
by appearing knowledgeable in a domain they care about absent material benefits.

As running these additional paradigms in combination with the IPT measure within the same
session is more time-intensive, we administered these tasks in the student sample. Participants
encounter the three additional paradigms in randomized order and we elicit the IPT measure either
before or after the other paradigms, which we describe in more detail below.2® Note that, we included
the mind game also in the Prolific sample (as it is relatively short), and obtain very similar results

as in the student sample (see Appendix Section B.1).

26Pre—reg_j,istered on AsPredicted No. 70550.
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421 Mind game

Design We design a variant of a mind game (Greene and Paxton 2009; Jiang 2013; Kajackaite and
Gneezy 2017). In this task, we ask participants to pick and memorize one out of six African cities from
a given list. On the next screen, participants learn the association between the reported city and payoff
(ranging from 0 to 1250 ECU, in steps of 250 ECU), and make their report.” As such, the payoffs are
similar in structure to the widely-used die roll paradigm (Fischbacher and Follmi-Heusi 2013) and
the potential size of a lie corresponds to the distance in monetary payoffs of the reported as compared
to the observed city. We expect that intrinsic lying costs influence the claimed monetary payoff,
i.e., those with lower intrinsic lying costs claim larger payments. In the IPT measure, low intrinsic
lying costs are reflected in high WTP;,¢,. We thus hypothesize that WP, correlates positively with
payoff in the mind game. Further, we suspect that SIC (reflected in high WTPgit) may reduce the
likelihood of reporting the highest payoff in the mind game conditional on having low ILC.

Results Correlating WTPj,¢, and the payoff in the mind game, we find that the two are positively
and statistically significantly related (Spearman’s p = 0.160, p=0.004). This is in line with our hy-
pothesis and implies that those with lower intrinsic lying costs claim larger payoffs.?® Regarding
social image concerns, we find no statistically significant relationship between WTPgi1, and the
payoff in the mind game (Spearman’s p=—0.065, p=0.240). The correlation is of similar magnitude
when focusing on the relationship between reporting the maximum amount possible in the mind
game and the social image costs (Spearman’s p=—0.069, p=0.211). However, for participants who
intend to lie in the IPT paradigm (WTPj,s, > 0), we find a statistically significant negative relationship
between reporting the maximum amount possible in the mind game and their SIC identified in the
IPT measure (Spearman’s p=—0.122, p=0.068) whereas for those who have high intrinsic lying costs
according to the IPT measure (WTP;j,¢, =0) image concerns seem not to matter for their decision to
report the maximum amount possible in the mind game (Spearman’s p=—0.001, p=0.997).

Turning to the type classification, we first compare the average payoffs in the mind game of those

whom we classify as low ILC types (987.7 ECU) vs those whom we classify as high ILC types (876.2

% Associations between cities and payoffs are randomized at the individual level. We chose African cities, because
we considered it less likely that our European participants would have personal preferences or connections to any of
the cities compared to if we had used European cities for example. Using these cities rather than numbers renders it also
less likely that our participants incur additional lying costs due to some natural distance between the items to be reported
(Gneezy et al. 2018).

5 This correlation is robust in magnitude and significance to a parametric assessment that controls for risk aversion and
curiosity (see Columns 1 and 2 in Table A.3). The regression coefficients of the risk and curiosity measures are statistically
indistinguishable from zero, when we regress WIPing, and/or WTPgitcn On the extent of potential cheating behavior in the
mind game. Further, the coefficient of WTPins, remains robust in terms of size and significance across various specifications.
Similarly, controlling for socio-demographics (gender, income, age categories and political orientation) does not reduce
the predictive power of IPT. See Appendix Section A.3 for a detailed discussion of the robustness of results. Further, we
also observe a positive correlation between WTP;ys, and the payoff in the mind game in the general population sample
(see Appendix Section B.1).
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ECU). This difference is statistically significant (MWU, p=0.010) and implies that low ILC types report
significantly higher payoffs than high ILC types. However, as Fischbacher and Follmi-Heusi (2013)
note, reporting in such tasks can also be affected by social image costs. In particular, individuals may
not misreport to the full extent to appear more honest, hence ‘disguising their lie’. We therefore show
the full distribution of claimed payoffs separately for our four IPT types in Figure 5. The left panels
present reports by types with high ILC, while the right ones show reports by types with low ILC.
The top row displays reports by types with low SIC, while the bottom row shows reports by types
with high SIC. The solid horizontal line represents 16.7%, i.e. the expected fraction of reports if all
participants are fully honest.

We first examine the behavior of participants with low SIC (top row of Figure 5). Clearly, the
distribution of reports differs for DMs with high ILC (top, left) as compared to DMs with low ILC
(top, right) when social image costs are low. With low ILC, a larger fraction of DMs reports the highest
(x*-test, p=0.026) and DMs participants report lower payoffs (i.e., the distribution shifts to the right,
MWU, p=0.001). At first glance, it may be surprising that not all participants with low ILC report
the highest payoff as we examine participants with low SIC. Note however, that those classified as
low ILC differ in their WTPj,s, (see Figure A.la for the distribution in the student sample), such that
some participants may find it too costly in terms of their ILC to lie to the full extent.

Since types are not equally distributed (see also Table A.1), the number of observations is different
in each panel and is particularly low for those with high ILC and high SIC (bottom, left). This makes
it difficult to compare this panel to the others. To examine the effect of social image costs, we hence
focus on the comparison of those with low ILC (top, right vs bottom, right). While participants in both
panels have low ILC, the additional effect of SIC becomes visible in a smaller share of highest payoffs
(x*-test, p=0.029). Further, we observe a shift of the distribution of payoffs to the left (MWU, p=0.008).

422 Sender-receiver game

Design In the sender-receiver game, a receiver chooses between different options without knowing
the payoffs associated with the options. To avoid sophisticated forms of deception by telling the truth
(see Sutter 2009), we let receivers choose one out of ten available options. One option results in a high
payoff of 900 ECU while the other nine options result in a low payoff of 100 ECU for the receiver. The
sender advises the receiver by sending a message of the form “Option X yields the highest possible
payoff for you.”, which can be truthful or deceptive. In our version of the paradigm, the sender’s
payoff only depends on the message they send, with the truthful message yielding a low payoff of
100 ECU, and a deceptive message yielding 900 ECU. Using the strategy method, the sender chooses
the message in two conditions, varying whether lies are deniable or not. In Condition 1, the receiver

does not know which possible payoff levels exist. The only information they receive is the message
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Figure 5: Claimed payoffs in the mind game by IPT types
Notes: The figure shows the distribution of claimed payoffs in the mind game by IPT types in the student sample (n=331).

ILC denotes intrinsic lying costs and SIC denotes social image costs. The solid horizontal line represents the expected
fraction of reports for each payoff when all participants report honestly.

from the sender. Thus, receivers do not learn whether a message was true or not in this condition (i.e.,
a lie is deniable). In Condition 2, the receiver is informed that one option yields a payoff of 900 ECUs
while the nine other options yield a payoff of 100 ECUs and, as in Condition 1, receive a message from
the sender. Thus, receivers can infer whether the message was true or not (i.e., a lie is non-deniable).
The receiver is unaware of the two possible conditions and only receives information based
on the randomly determined payoff-relevant condition. Further, the receiver does not learn the
sender’s payoff in either of the conditions. The two main outcome measures of this task are the type
of message sent (truthful or deceptive) in the two conditions (deniable vs. non-deniable). As we are
interested in DMs’ behavior as a sender, we inform senders that the computer randomly determines
whether their message will be delivered (or not) before the other participant chooses an option. This
allows us to allocate a large fraction of DMs (319 subjects) to the role of the sender, and deliver a
randomly selected subset of messages to the remaining DMs (12 subjects) in the role of receivers.?
We expect that those with lower intrinsic lying costs are more likely to send a deceptive statement,
and thus hypothesize that WTP;,¢, correlates positively with the payoff in the sender-receiver game.

Further, we expect that senders who have higher social image costs (according to the IPT measure)

PSee also the instructions in Appendix Section E.2.2.
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are more likely to react to deniability (i.e., to the difference across conditions in the sender-receiver
game). Hence, we expect high SIC senders to be more likely to send a deceptive message when lies

can be denied, but to refrain from doing so when lies can be identified by the receiver.

Results Each sender makes two decisions: one message choice with higher social image implica-
tions in the non-deniable condition and one message choice with lower social image implications
in the deniable condition. Externalities are constant across these two decisions. 17.2% of the senders
react to the two choices in the expected way and only send a deceptive message when social im-
age implications are low. Based on their behavior in the sender-receiver game, we classify these
individuals as caring about their social image.*

Following our hypotheses, we first analyze whether the payoff in the sender-receiver game
positively correlates with WTPj,¢,. Contrary to this hypothesis, we do not find a positive correlation,
neither in the deniable condition (Spearman’s p=0.086, p=0.126), nor in the non-deniable condition
(Spearman’s p=0.044, p=0.430). Since lying is observable at the individual level, we additionally
study the predictiveness of the WTPj¢, for participants who have no SIC in the IPT measure (i.e.
those who may not mind being perceived as dishonest). Indeed, we find a positive correlation of
the WTPj,, and the payoff in the sender-receiver game for this sub-sample in the deniable condition
(Spearman’s p=0.170, p=0.034) and in the non-deniable condition (Spearman’s p=0.158, p=0.048).
Next, we test whether there is a relationship between the measures of social image costs in IPT and
reactions to deniability in the sender-receiver game. For participants who react to deniability in the
sender-receiver game, the average WPy, is equal to 248.18, while for participants who do not
react to deniability in the sender-receiver game, the WTPgyitc, amounts to 171.21 (MWU, p=0.018).
In addition, we separately examine behavior in the sender-receiver game for the low SIC types and
the high SIC types. Figure 6 shows that participants with high SIC in the IPT task are more likely to
react to the variation and only lie in the deniable condition as compared to participants with low SIC
in the IPT task (y2-test, p=0.041). In line with our hypothesis, we find that being classified as having
SIC in the sender-receiver game correlates positively with WTPgyitch (Spearman’s p=0.114, p=0.042).
We additionally find that those with high SIC in IPT are less likely to lie in both conditions (x>-test,
p<0.001). We conclude that our measure of SIC in the IPT task meaningfully predicts behavior related

to social image concerns in sender-receiver games.

30We chose the parametrization to roughly match expected payments from IPT, as only one of the four tasks (IPT and
the three validation tasks) was randomly determined to be payoff relevant. We note that this likely induced a majority
of participants to send two deceptive messages (62.4%), such that we unfortunately cannot assess their social image costs
in this task. Only 16.3% percent choose the honest message in both conditions.
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Figure 6: Fraction with SIC in sender-receiver game by SIC in IPT

Notes: The figure shows the fraction of senders that lie in the deniable condition but not in the non-deniable condition,
that is, those whom we classify as having social image costs (SIC) in the sender-receiver game, separately for low SIC
and high SIC types measured by IPT. Student sample (n=319).

4.2.3 Knowledge reporting task

Design Finally, we measure participants’ preferences for truth-telling when the benefits from dis-
honest behavior are non-monetary and can solely enhance participants” social- or self-image. To
do so, we design a knowledge reporting task in which participants are shown two lists, one after
the other, containing 20 entries each. They are asked how many entries in the list they identify as
either important people in human history (list A) or birds (list B).3! Both lists contain six entries
almost everyone knows and 14 entries that do not correspond to important people or existing birds.>?
Decision-makers are informed that the number of identified entries is shown, together with the
decision-makers’ identifier, to independent Observers (those from IPT measure) at the very end of
the experiment.®® Participants receive a flat payment of 500 ECU for entering the identified number
of humans (birds, respectively) for each list, i.e., there is no monetary incentive to misrepor’c.34

In a pilot with 32 participants from the same student subject pool, we incentivized participants
to choose the existing important people in human history and real birds from the lists. On average,
participants who provided an answer (and did not time out without answering) identified 6.3 humans
and 6.3 birds. In addition, participants identified the same number of humans and birds (Signrank test,

p=0.700). We are thus confident that, on average, participants knew that there were 6 real humans and

*The order in which lists are displayed is randomized at the individual level.

%2Gee E.2.3 for the list of people and birds.

BThis task was inspired by the work of Trocinska (2020).

*We impose a 60-second time limit per list to avoid searching for answers online. If participants enter the number
of entries they identify as important people or birds within the time limit, they receive the payment. We exclude 19
participants who time out for one or both lists from our analysis. This leaves us with 312 observations.
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6 real birds in the lists. The pilot data is also useful to provide an internal validity check for our task.
We designed this task to study whether people are willing to lie for their social image, i.e., to appear
knowledgeable, independent of financial incentives. In the main experiment, participants report hav-
ing identified 7.4 humans and 7.8 birds, on average. These numbers are significantly larger than in the
pilot MWU tests, p<0.001 for humans and birds), confirming that participants are on average willing
to lie for a positive social image if this bears no costs. To capture the importance of appearing knowl-
edgeable in the two tasks, we further asked participants to rate how comfortable another participant
would feel if they had identified 5 important people in human history (birds respectively), on a 7-point
Likert scale from 1 (very uncomfortable) to 7 (very comfortable).>> We observe that the number of
reported identified humans (birds) correlates with the comfortableness ratings (humans: Spearman’s
p=—0.319, p<0.001, birds: p=—0.260, p<0.001), i.e., the less comfortable participants think someone
else would feel when reporting only 5 items, the more items they report. Based on these analyses, we
are confident that this new task captures social image concerns in the absence of monetary incentives.

To analyze whether our IPT measure predicts behavior in this task, we construct a variable for
social image concerns in the knowledge reporting task. Based on the comfortableness ratings, we
first assess on the individual level whether humans or birds are considered more important to know.
We then subtract the reported number of identified items in the less important task from the reported
number of identified items in the more important task. Thus, if a participant considers birds more
important than humans, we subtract the number of identified humans from the number of identified
birds and vice versa, such that a positive number indicates social image concerns. We hypothesize
that this variable correlates positively with WTPg, ;.26 We further hypothesize that for those with
positive WTPg i, the number of reported entries in the task considered more important to be knowl-
edgeable in will correlate positively with WTPj,s,. The reason is that lying is only relevant for those
with SIC in this task given that there is no monetary incentive to lie. For those who have an incentive

to misreport because they have positive SIC, we expect that the extent of lying depends on ILC.*”

%We presume that there is a high correlation of between DMs’ expectations about how comfortable another participant
feels and how comfortable they feel themselves and thus opted for this approach to avoid that DMs will adjust their rating
based on their own reports.

%We originally assumed that social image costs are larger for not knowing important people in history rather than
for not knowing birds. We thus preregistered our outcome variable of interest as being the difference in entries between
humans and birds (humans - birds) and hypothesized that this would positively correlate with WTPgich. We find no
support for this hypothesis; the correlation is close to zero and not statistically significant (Spearman’s p=0.010, p=0.860).
The original assumption of appearing more knowledgeable regarding humans being more important for the social image
is, however, only true for 33.3% of our participants. 13.5% consider knowing birds more important, and 53.2% do not
distinguish between the two. Given that our original assumption is only true for a small fraction of participants, we
deviate from our pre-analysis plan by taking into account which items participants consider more relevant for the social
image. Following the spirit of our pre-analysis plan, we continue to focus on the difference in reported items. Correlating
the difference in reported items with the difference in comfortableness ratings reveals a significant relation (Spearman’s
p=—0.248, p<0.001), again supporting the internal validity of our task.

¥Originally, we hypothesized that the number of entries in the humans’ task would correlate positively with WTPiy,
for those with positive SIC, for the same reason stated in the previous footnote. We again deviate due to the underlying
assumption being invalid. The original hypothesis finds no support (Spearman’s p=0.068, p=0.393)
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Figure 7: Fraction with SIC in knowledge reporting task by SIC in IPT

Notes: The figure shows the fraction of participants classified as having SIC in the knowledge reporting task (reported
more entries in the task they consider more important) and 95%-confidence intervals, separately for low social image
costs (SIC) and high SIC. Student sample (n=312).

Results We analyze whether our IPT measure predicts behavior in the knowledge reporting task,
and correlate the difference in reported items between the task considered more and less important,
respectively, with WTPgisn. We find a positive correlation that is marginally significant (Spearman’s
p=0.140, p=0.091). We further examine the extensive margin and analyze whether the fraction of
participants classified as having SIC in the knowledge reporting task, that is participants who report
more items in the task they consider more important, differs according to our classification in IPT.
Figure 7 shows the fraction of participants classified as having social image costs in the knowledge
reporting task by having low or high SIC in the IPT task. The probability of being classified as having
social image concerns in the knowledge reporting task is marginally significantly different between
high SIC (28.8%) and low SIC (19.0%) types as classified in IPT (x?-test, p=0.052). Further, we find
a significantly positive correlation between SIC in the knowledge reporting task and SIC in IPT
(WTPswitch; Spearman’s p=0.115, p=0.044). Finally, we analyze whether the difference in reported
items is correlated with WTP,, for those with SIC in IPT. This correlation is weakly positive (as

expected) but statistically insignificant (Spearman’s p=0.119, p=0.285).

4.3 Further properties

As it is also important to understand how a new measure can be used in practice, we also studied
whether it matters when we elicit IPT. We randomly conducted the IPT elicitation procedure in the
student sample either at the beginning or at the end of the experimental session. That is, the IPT

measure was elicited either before or after three other paradigms that capture certain aspects of
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honesty preferences.® Reassuringly, we find no order effects: Elicited WTPs are robust to admin-
istering the measure at the beginning of a session or after the three validation tasks (MWU tests,
p=0.301 for WTPjns,, p=0.937 for WTPgyit). Further, the distribution of classified types does not
differ depending on whether IPT is administered at the beginning or at the end of a session (y*-test,
p=0.998). As the additional tasks also concern moral behavior, this implies that the IPT measure is

not only robust to order effects but also to potential moral licensing across tasks.

5 Survey measure

5.1 Design

In addition to the incentivized IPT measure, we developed a short survey module that proxies
preferences for being and being seen as honest at the individual level. This measure can be used
when a quick, non-incentivized measurement of preferences is desirable. Akin to our incentivized
measure, we aim for one context with two independent decisions. In contrast to the experimental
measure, in which we measure a range of ILC and SIC with WTPs, the short survey module focuses
only on a binary classification, i.e., higher and lower intrinsic lying costs and higher and lower social
image costs. The module consists of a vignette and two questions. The vignette describes a situation
in which the participant is called by the host of a live radio show to participate in a raffle. The task
in the raffle is to flip a coin four times and report the number of flipped ‘tails’, with each reported
tail yielding a payoff of 10 currency units (e.g. euros, pounds, dollars). Participants are assured that
the host has no way of verifying the reports, and are then asked how many ‘tails” they would report
had they in fact flipped 0 tails (Question 1) or 4 tails (Question 2).%

Those two questions are designed such that they proxy preferences for being honest (Question 1),
and being seen as honest (Question 2). In Question 1, reporting 0 tails (when in fact 0 tails were
observed) is likely motivated by high intrinsic lying costs that outweigh the monetary gains from
lying.* Hence, we classify participants who report 0 tails in Question 1 as having relatively high
intrinsic lying costs, and those who report a positive number as having relatively low intrinsic lying
costs. In Question 2, not reporting 4 tails cannot be driven by preferences for being honest but only by
preferences for being seen as honest. We hence classify a report of 4 tails in Question 2 as indicative
of relatively low social image costs and a report of a smaller number of tails as indicative of relatively

high social image costs.

®The three additional tasks were used to assess the predictiveness of our IPT measure (as explained above).

*The exact phrasing can be found in Appendix E.

“In principle, participants with preferences for being seen as honest and low intrinsic lying costs may also be motivated
to report a positive number of ‘tails’, namely the most likely outcome of 2 times “tails’, but the latter is empirically rarely
observed.
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5.2 Correlation with the experimental IPT measure

To experimentally validate our survey measures, we administered the survey module in the con-
venience sample on Prolific (n=471, for details see Section 2.2). We analyze whether our type
classification based on the survey questions corresponds to the classification based on the experimen-
tal IPT measure. We start with intrinsic lying costs. Figure 8a displays the fraction of participants
reporting zero tails when the true outcome is zero, separately for those participants with high intrinsic
lying costs (based on the experimental measure, ILCex) and those with low ILCey. Among those with
high ILCex (n=182), 76.4% do not lie and report zero tails if the true number is zero. This fraction
decreases to 50.5% for those with low ILCey (n=289), which is significantly smaller than in the group
with high ILCey (x?-test, p<0.001). Similarly, the WTP;s, is significantly smaller for those who report
zero tails compared to those who report more (90.6 vs 205.1, MWU test, p<0.001).4!

Next, we analyze the survey question aimed at eliciting SIC. Figure 8b shows the fraction of par-
ticipants reporting a number of tails smaller than 4 when the true number is 4, by their experimental
social image cost classification. Among those with low SICey (n=273), 14.7% report less than 4 tails
if 4 is the true number, while among those with high SIC.« (n=198), 25.8% do. Hence, those with
high SICey, are more likely to also exhibit SIC in the survey measure (x*-test, p=0.003). Similarly, the
experimental social image costs (WTPgyixh) are significantly larger for those reporting less than 4
(n=91) than for those who report 4 (n=380) in the survey (84.0 vs 59.5, MWU test, p=0.002).%2

Finally, we examine to what extent the two type classifications based on the experiment and
the survey measure overlap. For 41.8% of our sample, the two distinct measures yield identical
classifications. This alignment significantly exceeds what would be expected if types were random.
Nonetheless, the overlap is far from complete, a finding that is unsurprising given the inherent
differences in the tasks involved. First, the experimental measure incorporates incentives, while the
survey measure does not. This may explain why the fraction of individuals classified as having high
intrinsic lying costs is different for the survey measure (60.5% vs 38.6% in the experimental measure).
This larger fraction with high ILC is in line with more honesty in unincentivized reports (Charness
et al. 2019) or hypothetical questions (Shalvi et al. 2011). Second, in the experimental measure, the
true state remains unobservable to the experimenter, whereas it is explicitly provided in the vignette.
More critically, the role of the Observers in the incentivized measure is more pronounced compared to
that of the radio show host, as the Observers explicitly evaluate the decision-makers” (DMs’) choices,

while no such evaluation is implied in the vignette. This distinction may explain why a smaller

“The WTP is also smaller for those who report zero tails when restricting the sample to participants with a positive
WTPing, (176.9 vs 266.8, MWU test, p<0.001).

“The observed differences are driven by the extensive margin (i.e., by whether participants are willing to buy the
favorable switch in the IPT task). When restricting the sample to participants with a positive WTPsitcn, We do not find
a statistically significant difference in WTPs for those who report four tails (155.1) and those who do not report four tails
in the survey question (150.5, MWU test, p=0.856).
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Figure 8: Survey types by experimental IPT types

Notes: General population sample (n=471). Panel (a) presents the fraction of participants reporting honestly zero tails in
Question 1 (survey measure for intrinsic lying costs, ILC), and 95% confidence intervals, separately for high ILCe. and low
ILCe types. Panel (b) presents the fraction of participants underreporting the number of tails in Question 2 (the survey
measure for social image costs, SIC), and 95% confidence intervals, separately for high SICe and low SICey types.

proportion of individuals are classified as having high social image costs in the survey (19.3% vs.
42.0% in the experimental measure). Irrespective of the differences in the identified type distributions
across elicitation methods, the systematic differences in WTPjns, and WTPgy i, by the types classified
with the survey measure indicate that the survey measure can serve as a useful proxy for capturing
both motives when an incentivized procedure is impractical. The latter is also confirmed by the

predictiveness of the survey module presented below.

5.3 Predictiveness of survey types

We assess the predictiveness of the type classification based on the survey measure using the mind
game.®> We analyze the data analogously to Section 4.2.1. Those with low ILC (i.e., they report
more than zero tails when the true outcome is zero) claim larger payoffs (853 vs. 714 points; MWU,
p<0.001). This is also evident in Figure 9. Comparing its upper two panels, we note that the percent-
age of participants reporting the maximum payoff doubles when moving from those classified as
having high ILC to those having low ILC (holding SIC constant; x?, p<0.001).

Regarding social image costs, and similar to the predictiveness with the incentivized IPT measure
(presented in Section 4.2.1), we find no statistically significant difference in claimed payoffs (MWU,
p=0.342). Focusing on the fraction claiming the highest possible payoff, we also find no difference
between those with high and low SIC (x?, p=0.104). However, for participants with low intrinsic
lying costs (right panels in Figure 9), we find that the fraction claiming the highest possible payoff
is significantly lower for participants with high SIC (18% vs 44%, x?, p<0.001). For participants with

BFurther evidence on the predictiveness of our survey measure in the context of a sender-receiver game is provided
by Feess et al. 2024.
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high ILC (left panels in Figure 9), social image costs do not appear to matter in the decision to claim
the highest possible payoff in the mind game (20% vs 23%, x?, p=0.754). These findings align well
with the predictiveness of the incentivized IPT measure, suggesting that the two survey questions

can meaningfully serve as proxies for ILC and SIC.

54 Implementation in a panel study

In this section, we briefly showcase the potential value of the survey module by exploring the
relationship between individual preferences for truth-telling and a variety of economic decisions and
outcomes.** To be able do so, we introduced the two survey items capturing ILC and SIC (in random
order) in the Innovation Sample of the German Socioeconomic Panel (2023 SOEP-IS).* The SOEP-IS
is designed for innovative data collection and thus ideal for developing and testing new measurement

tools. The 2023 SOEP-IS data set is comprised of an approximately representative sample of the
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Figure 9: Claimed payoffs in the mind game by types (based on survey measure)

Notes: The figure shows the distribution of claimed payoffs in the mind game by types (defined based on the survey
measure) in the general population sample (n=471). ILC denotes intrinsic lying costs and SIC denotes social imange costs.
The dashed horizontal line represents the expected fraction of reports for each payoff when all participants report honestly.

*Note that the survey measure can also be successfully used as an effective control variable, see for example Feess
et al. (2024).

451"articipants answered the questions themselves to avoid potential image concerns related to the interviewer.
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German population (2,387 persons).?® The SOEP-IS is part of the German Socioeconomic Panel - one
of the largest and longest—running multidisciplinary household surveys worldwide — such that we
are able to link (a subset of) SOEP-IS participants to their responses in previous SOEP waves.

While numerous economic decisions and real-life outcomes may be linked to individual pref-
erences for truth-telling, we preregistered to explore the role of ILC and SIC across three distinct
dimensions: labor market decisions and outcomes, household formation, and the influence of early
life experiences on preferences for being, or being seen as, honest. Based on previous literature, we
developed hypotheses on the relationship between real-world outcomes and ILC / SIC and pre-
registered them before gaining access to the 2023 SOEP-IS data. It is important to note that at the time
of preregistration (see: https://osf.io/fqswh), we were unaware of the specific participants who
would be involved in the 2023 SOEP-IS data collection. Consequently, we could not be certain whether
the newly collected sample would sufficiently overlap with previous waves to enable the testing of

our preregistered hypotheses. Fortunately, this overlap occurred for almost all variables of interest.”

54.1 Labor Market: Selection, Outcomes, and Dynamics

Previous literature suggests that preferences for truth-telling affect labor market decisions and labor
market outcomes. Depending on whether individuals have a preference for being honest, they may
self-select into decision environments in which their preference type benefits the most (Fehrler et al.
2020b; Saccardo and Serra-Garcia 2023). For instance, it has been shown that corruption propensities
among Indian public sector aspirants are higher than among private sector aspirants (R. Banerjee et al.
2015) and that Indian university students” willingness to enter public service is higher for dishonest
students (Hanna and Wang 2017). In contrast, in less corruption-prone public environments, positive
selection into public service has been observed. For example, Barfort et al. (2019) found that the more
honest Danish individuals were, the more likely they wished to work in public service.*® Based on
these findings, we hypothesized that individuals classified as having low intrinsic lying costs have
a different likelihood to work as a public servant in Germany (as compared to individuals classified
as having high ILC).

The first two columns of Table 2 presents the empirical relationship between a weaker preference
for being honest (low ILC) and respondents’ likelihood to work in the German public sector as a
civil servant (focusing on those respondents who are currently employed). Among more dishonest

respondents (i.e., those with low intrinsic lying costs), five percent work as a civil servant, whereas the

“For further information on the methodology of the SOEP-IS see its latest report (Zweck and Rathje 2021). Note that
our current analyses does not include survey weights. We will update the respective analyses when the survey weights
become available.

“The only variable without overlap was the question regarding honesty as a parenting goal for one’s children (2021
SOEP edgoal5) which we consequently cannot analyze.

% According to the 2023 Corruption Perceptions Index (CPI), Denmark is considered the least corrupt country whereas
whereas India is found on rank 93.
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probability substantially increases (by 4 percentage points, see Column (1)) when a participant is clas-
sified as having high ILC. When adding the pre-registered set of controls, gender, household income,
age, years of education, the state a respondent lives in, and the order in which the survey items were
presented (see Column (2)), the relationship between high ILC and working as a civil servant weakens.
The estimated marginal effect is 3 percentage points, but becomes statistically insignificant.*’

In addition to selection into working environments in which one’s preference for being (dis)honest
may be beneficial, it is plausible to assume that individuals with high SIC may wish to avoid working
in industries or occupations considered as immoral by others. For example, Schneider et al. (2020)
study explicitly whether individuals” aversion to immoral behavior (measured in a sender receiver
game without deniability) impacts their labor market outcomes and find that immoral types state
a greater willingness to work in firms and industries others perceive as immoral. Following their
results, we preregistered to study whether a preference for being seen as honest alters the likelihood
of working in industries that could be perceived as immoral. Unfortunately, and in contrast to their
laboratory and online study, the industry variables available in the German SOEP are defined at a
higher level (NACE-2).’ Consequently, we were eventually unable to directly map respondents to

Table 2: Public sector, job change, and working in immoral industries

Civil Servant Immoral Industry ~ Job Change

1) 2) ®3) ) ©) (6)
high ILC 0.04*  0.02 -0.07**  -0.04*
(0.02) (0.02) (0.02)  (0.02)
high SIC 0.01 0.00 -0.03 -0.02
(0.04) (0.04) (0.04) (0.03)
high ILC and high SIC 0.03 0.04
(0.05)  (0.05)
N 1306 1294 1312 1312 1254 1254
Pseudo/Adj. R-Squared 0.008 0.138 0.000 0.023 0.004 0.210
Controls v v v

Notes: The dependent variable in Columns (1) and (2) is a binary indicator for being a civil servant.
The dependent variable in Columns (3) and (4) is a binary indicator for working in an industry
in the bottom tercile of the ChatCPT-based morality rating. The dependent variable in Columns
(5) and (6) is the fraction how often a respondent indicated a change in employment (relative to
all responses regarding their employment status). Specifications (1) to (4) report marginal effects
from Probit regressions. Columns (5) and (6) report coefficients from OLS regressions. Standard
errors (in parentheses) are clustered at the household level. Controls include a dummy for women,
household income, age, years of education, state dummies, and an indicator for the order of IPT
questions. Asterisks indicate that the estimate is statistically significant at the 1% ***, 5% **, and
10% * levels.

“Note that education strongly correlates with high ILC and also with the probability of working as a civil servant.
In our specification, the variance inflation factor for education is high (22.35), indicating that including education as a
control (as preregistered) may cause a potential problem of multicollinearity. As such, our results in this specification
should be interpreted with a grain of salt.

*For example, at the NACE-2 level, there is only one clearly immoral category, the Gambling and betting industry,
but less than one percent of respondents actually work in this industry. Other industries typically considered as immoral
(such as weapon or tobacco production) are subsumed in categories such as “Manufacture of basic metals” and “Crop
and animal production, hunting and related service activities”.
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the industry categories provided by Schneider et al. (2020). To still shed some light on the relationship
of SIC and the perceived morality of different industries, we provide an exploratory approach in
Columns (3) and (4). Based on ChatGPT 4’s capability to meaningfully annotate text data (Celebi and
Penczynski 2024), we prompted ChatGPT (40) to provide morality ratings on the NACE-2 industry
level and estimated whether working in a particular immoral industry (i.e., in the bottom-tercile
of the ratings) is related to participants’ SIC.>! As shown in columns (2) and (3), we do not find a
statistically significant relationship between SIC and working in a particular immoral industry.
Finally, we suspected that individuals with low intrinsic costs of lying (compared to those with
high intrinsic costs) are more likely to change jobs, particularly when they have weak preferences
for being seen as honest. This may be due to their reduced concern for the ethical implications of
breaking commitments, deceiving employers, or navigating job negotiations with less honesty, or
because they are more prone to overstating qualifications (which only yields short-term benefits). We
thus preregistered to test whether job-changes are more likely to occur, when individuals have low as
compared to high ILC. Columns (5) and (6) of Table 2 present coefficients from OLS regression results
on the fraction of job changes reported by our SOEP respondents. Indeed, we find that participants
with high ILC are less likely to change jobs than participants with low ILC (and SIC). Focusing on
respondents classified as having low ILC and low SIC, the fraction of times they responded to the
question whether they changed their job (in the year preceding the interview) amounts to 30 percent.
As shown in Column (5) , this fraction decreases on average by about 7 percentage points. Adding
our set of control variables reduces this effect to four percentage points while the coefficient remains

statistically significant at the ten percent level.

54.2 Households: Characteristics and Dynamics

Since the seminal work by G. S. Becker (1973), assortative matching has been considered an important
aspect of household formation. Empirically, it has been found that partners are often similar to
each other, for example in terms of socio-economic status, educational attainment, psychological
characteristics or physical attributes and that such similarity is not strongly increasing in the length of
the relationship (Abramitzky et al. 2011; A. Banerjee et al. 2013; Blossfeld and Timm 2003; Eika et al.
2019; Little et al. 2006; Silventoinen et al. 2003; Stevens et al. 1990; Tognetti et al. 2014). Introducing
our survey items into the SOEP-IS allows us to study whether partners living in the same household
are also similar in terms of individual preferences for being or being seen as honest. Accordingly,

we pregregistered to test whether the observed fraction of honesty preference type matches within

*'We instructed ChatGPT to predict each industry’s morality rating that would result from a survey of 2000 SOEP
participants who have to rate the morality of different industries based on a 5-point Likert scale.
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a household differs from the proportions of type matches that would result from random matching
of preference types existing in the data.

We observe 444 households with a household head and a corresponding partner. Our preference
measure allows us to analyze within household similarity in terms of the four preference types defined
above (low ILC and low SIC, high ILC and low SIC, low ILC and high SIC, as well as high ILC and
high SIC) and separately based on ILC or SIC only. To form correct expectations about the fraction of
type matches with random partners, we simulate 10,000 random partner pairings for each household.
That is, we repeatedly assign each of the 444 household heads to a randomly selected partner from
our sample (with replacement). Based on these 10,000 random matches, we then calculate for each
household head the average share of preference type mismatches. This simulation exercise allows
us to estimate how many out of the 444 households we should expect to have a partner of a different
preference type. This fraction amounts to 55 percent (or 244 out of 444 households). In contrast, the
actual frequency of type mismatches amounts to only 203 (45.72 percent). Thus, we observe that part-
ners are more similar than under random matching (binomial test, p < 0.001). Repeating this approach
and focusing solely on ILC, we find that 188 out of 444 household heads with a partner (42.34 percent)
are expected to be matched with a different ILC type under random matching, whereas the actual
frequency of type mismatches is substantially lower (156 out of 444 households or 35.14 percent, bino-
mial test, p=0.002). Finally, focusing on SIC, we find that 22.07 percent (98 out of 444 household heads
with a partner) are matched with a different SIC type, whereas with random matching, we would ex-
pect 28.15 percent (125 out of 444 households, binomial test, p=0.002). Hence, also when considering
intrinsic lying costs and social image costs separately, we observe results in line with assortative match-
ing. Notably, we find that the correlations between the length of the relationships and type matches
(based on preference type, ILC, and SIC) are small and statistically insignificant (Spearman’s p = 0.082,
p=0.206; p=0.071, p=0.276; p=0.059, p=0.361). This indicates that similarity of partners may rather
result from assortative matching than adjustments in moral values within households over time.

In addition to studying assortative matching, we explore whether low ILC may also result in
a higher frequency of changing partners, in particular, when social image costs are low. For example,
it may be less appealing to live with a partner who lies to others and does not care about how others
perceive their dishonest behavior. Hence, we preregistered to study whether individuals with low
ILC are more likely to change their partners. Table 3, illustrates how ILC and SIC relate to the years
in current relationships (Columns 1 and 2) and the number of separations respondents reported
(Columns 3 and 4). The explanatory variables are indicators for whether the respondent has high
ILC, high SIC, or both, such that our baseline are respondents with low ILC and SIC. Indeed, without
our set of controls, respondents with high ILC, that is, those who care about being honest, have

spent more time in their current relationship. However, this coefficient becomes substantially smaller
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Table 3: Relationships

Years in current relationship Number of separations

1) ) €) @)
high ILC 3.46*** 1.01 -0.03 -0.06
(1.34) (0.88) (0.08) (0.08)
high SIC 1.93 -0.28 -0.03 0.00
(2.14) (1.36) (0.13) 0.12)
high ILC and high SIC  -0.39 -2.39 -0.11 -0.07
(3.08) (2.09) (0.18) (0.18)
N 1030 1030 581 581
Adj. R-Squared 0.005 0.597 -0.003 0.036
Controls v v

Notes: The dependent variables are the length of the current relationship (Columns 1-2) and the

number of separations (Columns 3-4). Displayed coefficients are from OLS regressions. Standard

errors clustered at the household level are in parentheses. Controls include a dummy for women,

household income, age, years of education, state dummies, and an indicator for the order of IPT

questions. Asterisks indicate that the estimate is statistically significant at the 1% ***, 5% **, and

10% * levels.
and statistically insignificant, when adding our set of control variables. Further, we do not find a
statistically significant relationship for the number of separations; see Columns (3) and (4). These

findings thus align with our earlier assortative matching interpretation.>

54.3 The Impact of (Early) Life Experiences

Finally, we aimed to study whether (early) life experiences shape individual preferences for truth-
telling (see also Abeler et al. 2024). To do so, we preregistered to focus in particular on the religiosity
of parents and the exposure to different political systems. In the context of religiosity, researchers
argue that parents prioritize teaching moral values to their children. Parents often act as role models,
especially when their children observe them (see also Houser et al. 2016; Sutter et al. 2019) and
parental behavior may influence whether children follow rules or act dishonestly (Hays and Carver
2014). Further, previous work has found a positive link between religion and moral judgments
(Kirchmaier et al. 2018). We thus hypothesized that parental religiosity impacts respondents” ILC
and SIC.% In Table 4, we report marginal effects of Probit models estimating whether a respondent
has high ILC or high SIC depending on whether their parents are religious. We compare respondents
with non-religious parents to those whose parents are either both religious or where only one parent,

either the mother or father, is religious. In Columns (1) and (2), we observe a weak relationship

*2Note that we further preregistered to test whether individuals with children and high ILC are more likely to indicate
that the honesty of their child is an important parenting goal (than individuals with low ILC), but, as noted above, there
is no overlap of our SOEP-IS respondents with respondents of the 2011 SOEP wave, in which the parenting goal question
was asked.

»QOriginally, we planned to condition this analysis on the religiosity of the parent with which the individual spent
their first 15 years with. However, eventually we had to rely on a general question regarding the religiosity of fathers
and mothers (2020 SOEP-IS, Q437).
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between parental religiosity and ILC. However, Columns (3) and (4) show that respondents with
both parents being religious are more likely to exhibit high SIC, even after including our set of control
variables. Although plausible, we advise caution in interpreting these results, as the data on parental
religiosity is limited to a sub-sample of fewer than 300 respondents, with only five reporting that
only their father is religious (none of whom exhibit high SIC).

Another important aspect that may affect individual preferences for being or being seen as honest
is the political system that respondents have experienced. In the German context, it has been shown
that experiencing the GDR regime may shape individuals” preferences for state-provided services
but also affect their social trust (Alesina and Fuchs-Schiindeln 2007; Rainer and Siedler 2009). The
GDR was an autocratic state that maintained control through one of the most extensive surveillance
networks in history, relying on ordinary citizens as informants to secretly gather information within
their social circles, which resulted in a profound and lasting erosion of interpersonal trust (Lichter
et al. 2021). The state’s influence began early through the education system, which emphasized
ideological conformity and the importance of outwardly conforming to rules and social norms. We
thus hypothesized that having lived in the GDR or having experienced GDR schooling may affect
individual preferences for being (ILC), and particularly, for being seen as honest (SIC).

Table 5 regresses the indicator variable for having high ILC (Columns (1) to (3)) or high SIC
(Columns (4) to (6)) on a variable that indicates whether a respondent lived in the GDR before the
German reunification in 1989 and Table 6 regresses the indicator for having high ILC (Columns (1)
to (3)) or high SIC (Columns (4) to (6)) on a variable that indicates whether the respondent attended

Table 4: Religiosity of Parents, ILC, and SIC

High ILC High SIC
(1) (2) 3) 4)
both religious 008 -021 113" 1.04™
(0.26) (0.23) (0.18) (0.18)
father religious 0.08 013 -0.99** -0.92***

022) (0.19) (0.12)  (0.13)

mother religious -0.01 -0.06  -0.08 0.01
(0.14) (0.14) (0.14)  (0.13)

N 299 297 297 283
Pseudo R-Squared 0.000 0.087  0.015 0.071
Controls v v

Notes: The dependent variable is an indicator for having high ILC (Columns
1 and 2) or high SIC (Columns 3 and 4). Displayed coefficients are marginal
effects from probit regressions. Standard errors clustered at the household level
are in parentheses. Controls include a dummy for women, household income,
age, years of education, state dummies, and an indicator for the order of IPT
questions. Asterisks indicate that the estimate is statistically significant at the 1%
*** 5% **, and 10% * levels.
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Table 5: Lived in GDR, ILC, and SIC

High ILC High SIC
1) @ ®) 4) ©) (6)
Lived in GDR -0.04 -001 -0.03 004 0.01 0.00
(0.03) (0.03) (0.03) (0.02) (0.03) (0.03)
N 2233 2233 2233 2231 2231 2231
Pseudo R-Squared 0.001 0.002 0.023 0.002 0.003 0.037
Former GDR State v v v v
Controls (w/o state FE) v v

Notes: The dependent variable is an indicator for having high ILC or high SIC. Lived in
GDR indicates that the respondent lived in the GDR before 1989. We report marginal
effects from Probit regressions in all columns. Clustered standard errors (at the household
level) in parentheses. Controls include a dummy for women, household income, age, years
of education, and an indicator for the order of IPT questions. Asterisks indicate that the
estimate is statistically significant at the 1% ***, 5% **, and 10% * levels.

Table 6: Attended school last in GDR, ILC, and SIC

High ILC High SIC
1) @ ®) “4) ©) (6)
School in GDR -0.02 0.02 -0.04 0.07%* 0.07** 0.05*
(0.03) (0.03) (0.03) (0.02) (0.03) (0.03)
N 2233 2233 2233 2231 2231 2231
Pseudo R-Squared 0.000 0.002 0.023 0.006 0.006 0.039
Former GDR State v v v v
Controls (w/o state FE) v v

Notes: The dependent variable is an indicator for having high ILC or high SIC. School in
GDR indicates that the school the respondent attended last was in the GDR. We report
marginal effects from Probit regressions in all columns. Clustered standard errors (at the
household level) in parentheses. Controls include a dummy for women, household income,
age, years of education, and an indicator for the order of IPT questions. Asterisks indicate
that the estimate is statistically significant at the 1% ***, 5% **, and 10% * levels.

school last in the GDR. Because having lived in the GDR or attending school in the GDR may also
proxy living in a former GDR state today, we add a dummy variable for whether the respondent
lives in a former GDR state today (instead of state fixed effects) in Columns (2) and (5). Finally, in
Columns (3) and (6), we include our additional control variables.

As shown in Table 5, we find no statistically significant relationship between living in the GDR
and ILC (Columns (1) to (3)), and if at all a weak relationship between living in the GDR and SIC
when adding the dummy variable for whether the respondent lives in a former GDR state today and
our controls (Columns (5) to (6)). However, we do find that having been in school last in the GDR -
and thus having experienced the regime at a younger age — relates statistically significantly to higher
SIC (Table 6, columns (4) to (6)). The marginal probability of having high SIC is about 7 percentage
points larger, even when controlling for whether a respondent still lives in a state that formerly

belonged to the GDR (Column (5)) and and about 5 percentages points higher when controlling for
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our additional set of control variables (Column (6)). Hence, our data allows for novel insights in terms
of the malleability of honesty preferences. They are in line with the idea that early live experiences
may shaped the preference for being seen as honest but do not indicate a strong relationship between

such experiences and participants intrinsic preference for being honest.

6 Replication exercise

To establish the validity and robustness of empirical findings, replications are crucial. Apart from large-
scale replication approaches (Camerer et al. 2016a,b), direct or so-called ‘self-replications’ are an appeal-
ing measure to establish robustness of results within and across different participant pools (Englmaier
et al. 2024; List 2003, 2004a,b, 2006; Schultze et al. 2019; Shah et al. 2019). Following this idea, we
conduct a replication exercise by administering our incentivized IPT measure, the mind game, and the
survey measure in an additional sample representative of the UK in terms of gender, age, and ethnic-
ity>* This allows us to assess i) the heterogeneity of preferences within a representative sample and the
robustness of type distributions across samples, ii) whether the incentivized measure and the survey
measure remain predictive for behavior of a more diverse sample, and iii) which socio-demographic

characteristics relate systematically to intrinsic preferences for being and being seen as honest.

6.1 Type distribution

We use our IPT paradigm and classify participants based on their incentivized willingness to pay for
information (low ILC if WTPj,¢, > 0) and their incentivized willingness to pay for the favorable switch
(high SIC if WTPgyitcn, > 0). Table 7 shows the resulting type distribution. Again, we identify substan-
tial heterogeneity in IPT and a negative correlation between intrinsic lying costs and social image costs
(Spearman’s p=—0.289, p-value< 0.001). To study how much heterogeneity exists in the type distribu-
tion across samples, we additionally compare the data from all samples in which we administered the
incentivized IPT measure. As shown in Figure 10, we find fairly robust type distributions across all
three samples. The most prevalent type is the one with low ILC and high SIC, i.e., intrinsically willing
to lie but concerned about their social image (between 35% and 39% of the samples). The least frequent
type is the one that cares about both motives, i.e., high ILC and high SIC (between 7% and 11%). In
the representative and the student samples, the second most frequent type cares about neither motive
(31% and 28%, respectively), whereas this type is the third most frequent in in the convenience sample
(26%). In sum, we document substantial heterogeneity in preferences for truth-telling across indi-

viduals (in all three samples), with a substantial fraction of participants caring about only one of the

%We use Prolific’s feature to recruit the representative sample (n = 500). Although this sample encompasses older
participant who are less familiar with studies run on Prolific, similarly many participants needed to be excluded according
to our pre-registered exclusion criteria as in the Prolific convenience sample (eight vs. eleven percent). These participants
were replaced by new invites adhering to the original quotas.

35



Table 7: IPT Types

Low SIC High SIC
LowILC  31.0% 39.0%  70.0 %
HighILC  22.0% 8.0 % 30.0 %
53.0 % 47.0 %

Notes: Representative sample (n=500). A participant is
classified as low ILC if their WTPiy, is strictly larger
than zero, and as high ILC otherwise. Conversely, a
participant is classified as low SIC if their WTPgyitcn is
zero, and as high SIC otherwise.

0% 20% 40% 60% 80% 100%
mLow ILC, high SIC Low ILC, low SIC
m High ILC, low SIC m High ILC, high SIC

Figure 10: Comparison of the type distribution across samples

two underlying motivations (or none). Additional ANOVA analyses show that the between-sample
variation of the WTPj,¢, and the WTPgyiq, is substantially lower than the within-sample variation
(Bartlett’s equal-variances tests, both p-values < 0.001). This further illustrates that individual-level

heterogeneity in preferences for truth-telling is more prevalent than heterogeneity across samples.

6.2 Predictiveness of the incentivized and the survey measure

As pre-registered, we also replicate the assessment of our measures’ predictiveness using the mind
game, both for the incentivized measure (analogously to Section 4.2.1) and the survey measure
(analogously to Section 5.2). Figure 11 illustrates payoffs from the mind game for the four prefer-
ence types. The top-panel shows participants with low SIC, among which we clearly observe that
participants with high ILC reported substantially lower payoffs than participants with low ILC. A
similar picture arises when comparing participants in the bottom panels (i.e. those with high SIC).
These observations are also reflected in a significant negative correlation between intrinsic lying costs,

captured by WTPj,¢,, and the claimed payoff in the mind game (Spearman’s p=0.205, p<0.0001).
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Figure 11: Claimed payoffs in the mind game by IPT types

Notes: The figure shows the distribution of claimed payoffs in the mind game by types (based on incentivized measure)
in the representative sample (n=500). ILC denotes intrinsic lying costs and SIC denotes social imange costs. The dashed
horizontal line represents the expected fraction of reports for each payoff when all participants report honestly.

Although visual inspection further indicates a tendency of participants” with high SIC to report
the highest payoff less often (comparison of top vs. bottom panels), we do not find a statistically
significant correlation between receiving the highest payoff and WTPy it (Spearman’s p=—0.013,
p=0.771), even when focusing exclusively on individuals with low intrinsic lying costs (Spearman’s
p=—0.060, p=0.265). However, focusing on participants that are generally willing to lie (i.e., those
with low ILC), we find that the fraction receiving the highest payoff is significantly lower with high
as compared to low SIC (33.3 vs. 47.2, x2-test, p=0.093, see also right panels in Figure 11).
Concerning the survey module, we proceed as in Section 5.2 along our pre-registration. Most im-
portantly, we replicate that the survey question corresponding to ILC meaningfully captures variation
in the incentivized experimental measure, both at the intensive (i.e., WTPj,¢,) and the extensive margin

(the ILC type classification).”® In terms of social image costs, we find a somewhat weaker relationship

*In particular, WPy, is smaller for those who report zero tails compared to those who report more than zero tails
(for a true outcome of zero, MWU, p<0.001). Regarding the extensive margin, the fraction of participants reporting zero
tails (for a true outcome of zero) is differs between participants with high ILC as compare to low ILC (x*-test, p<0.0001).
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Figure 12: Claimed payoffs in the mind game by types (based on survey measure)

Notes: The figure shows the distribution of claimed payoffs in the mind game by types (defined based on the survey
measure) in the representative sample (n=500). ILC denotes intrinsic lying costs and SIC denotes social imange costs. The
dashed horizontal line represents the expected fraction of reports for each payoff when all participants report honestly.

that is only statistically significant at the extensive margin.°® Nonetheless, the survey questions are

predictive of behavior in the mind game (see Figure 12 and Appendix C for the corresponding tests).

6.3 Correlates of ILC and SIC

The representative sample allows us also to shed light on the relationship of personal characteristics
and individual preferences for truth-telling. Previous correlational evidence from aggregate lying
measures (such as the die-rolling paradigm, Fischbacher and Follmi-Heusi 2013) indicate that women
tend to lie less than men (see, e.g., the meta-studies by Abeler et al. (2019), Capraro (2018), and
Gerlach et al. (2019)),”” and further, a (somewhat weaker) positive relationship of age and honesty.
For example, the meta-study by Gerlach et al. (2019) finds less lying for older individuals. Abeler et al.

(2019) report a similar tendency, albeit in their data, the positive relationship of age and honesty is not

%The WTPyyitch is larger for those reporting less than 4 than for those who report 4 (for a true outcome of 4) MWU,
p=0.0415). However, the fraction of decision makers reporting less than 4 tails (for a true outcome of 4) is not different
among DMs with high SIC and low SIC (x*-test, p=0.147).

’Single studies investigating this relationship either find that women lie less (e.g., Conrads et al. 2013; Dreber and
Johannesson 2008; Erat and Gneezy 2012; Fischbacher and Follmi-Heusi 2013; Friesen and Gangadharan 2012; Grosch
and Rau 2017; Kajackaite and Gneezy 2017; Kocher et al. 2018) or the same (e.g., Abeler et al. 2014; Belot and Schroder
2013; Childs 2012; Ezquerra et al. 2018; Gravert 2013; Lundquist et al. 2009; Muehlheusser et al. 2015; Pate 2018).
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Table 8: Correlates of WTP;,¢, and WTPg it

Representative Sample Convenience Sample Student Sample
WTP Info WTP Switch WTP Info WTP Switch WTP Info WTP Switch
Female -35.23** -11.29 -52.80"* -6.64 -49.12 2.61
(17.56) (10.82) (17.83) (10.97) (33.16) (29.43)
Age -0.46 0.37 -2.83%* -0.61* 13.63 13.70
(0.53) (0.33) (0.57) (0.34) (18.56) (18.39)
Political preference 1.68 4.65 3.76 9.86™* -12.74 -14.68
(6.89) (4.18) (6.26) (3.86) (12.42) (10.06)
N 498 498 450 450 323 324
R-Squared .01 .0098 059 019 011 .007

Notes: Data from the representative sample (Columns 1 and 2), the convenience sample (Columns 3 and 4), and the student
sample (Columns 5 and 6). DV is either WTPj¢, or WTPsyjich, as indicated in the column headings. OLS regressions and
robust standard errors in parentheses. Female is a binary variable, age is measured in years in the representative and the
convenience sample and in six brackets in the student sample. Political preference is measured on a scale from 1 (left) to 7
(right). Asterisks indicate that the estimate is statistically significant at the 1% ***, 5% **, and 10% * levels.

robust to different empirical specifications.® In contrast to our approach, this literature did not aim at
disentangling intrinsic lying costs and social image costs. For example, not reporting the maximum
payoff a reporting paradigm is consistent with both high intrinsic lying costs and high social image
costs (Abeler et al. 2019; Fischbacher and Follmi-Heusi 2013). Our measure instead enables us to
correlate gender and age separately with intrinsic lying costs and social image costs (across three
samples). As we additionally elicited political preferences in a consistent way in all three samples,
we also explore the relationship of individual preferences for truth-telling and political orientation.>

Table 8 displays the results. In line with previous findings, we identify the most robust relation-
ship for gender. In particular, being female is negatively related to the WTPjys,, i.e.,, women are less
willing to lie than men due to an intrinsic preference for honesty. While the coefficient is negative
in all three samples, the size and statistical significance vary. Interestingly, we see no significant
relationship between gender and the preference for being seen as honest. Thus, the well-documented
relationship of more honest women is likely driven by gender difference in intrinsic preferences for
truth-telling rather than higher social image costs among women.

Akin to previous findings in the literature, our results regarding age are mixed. While the
negative correlation with WTPj,s, in the convenience sample suggests older individuals to be more

honest, the coefficient in the representative sample is smaller and statistically insignificant.®* As for

58Single studies find that older individuals lie less (e.g., Conrads et al. 2013; Friesen and Gangadharan 2013; Glatzle-
Riitzler and Lergetporer 2015) or the same (e.g., Abeler et al. 2014; Bucciol and Piovesan 2011; Conrads and Lotz 2015).

PFew studies report correlations of lying with political orientation. One exception is Abeler et al. (2014), who find
no strong relationship in reported payoffs and political preferences. Concerning other characteristics that may relate to
IPT, we elicited religiosity, but only in the representative sample. We find that religiosity correlates negatively with WTPjy,
but not statistically significantly with WTPgyitch.

%In the student sample, the coefficient is even positive, however, that majority of students is between 21 and 25 years
old, such that there is a lack of variation in the explanatory

39



gender, we see no consistent relationship between age and social image costs. Finally, we find no

consistent relationship between political preferences and preferences for being or being seen as honest.

7 Conclusion

This paper provides a comprehensive assessment of individual preferences for truth-telling. Various
models of lying costs propose the distinction between intrinsic costs of lying and social image costs
of lying (Abeler et al. 2019; Gneezy et al. 2018; Khalmetski and Sliwka 2019). So far, these types of
costs could only be measured on an aggregate level. We propose a novel method of assessing these
two types of costs on an individual level and independently of each other, but in one coherent setting.
Our experimental measure of individual preferences for truth-telling elicits two willingnesses to pay
that are indicative of the individual’s preference for being honest and for being seen as honest. Using
this measure in three different samples, we find substantial heterogeneity in preference types. Further,
we show that the preference types captured by our experimental measure are predictive of behavior
in two other incentivized experimental paradigms which are commonly used to study honesty and
deception: a mind game (Greene and Paxton 2009; Jiang 2013; Kajackaite and Gneezy 2017). and
a sender-receiver game (Gneezy 2005; Gneezy et al. 2013). We also present evidence that social image
costs identified with our incentivized IPT measure meaningfully relate to lying for social image in
a paradigm (without any material gains) in which individuals trade off social image and honesty.

While our incentivized experimental measure offers detailed insights into the relation of ILC and
SIC and allows for more fine-grained classifications of preference types, it may not be practical to
elicit preferences when research time is scarce. For this reason, we also developed a 2-min survey
module that consists of only two questions. The module allows researchers to proxy individual
preferences for truth-telling due to intrinsic lying costs and social image costs. In a within-individual
comparison of classifications, we document meaningful overlap between classified types based on
the experimental and the survey measure, and highlight the survey measures predictiveness for the
mind game. Thus, the survey measure can serve as a reasonable alternative when the incentivized
procedure is not applicable or when a binary type classification is sufficient.

Our results from the incentivized measure and the survey measure underscore the critical role
of both intrinsic lying costs and preferences for being seen as honest. First, the two measures reveal
systematic heterogeneity in preference types, and the incentivized measure highlights the remarkable
stability of preference type distributions across different samples (extending recent findings on the
stability of honesty preferences, see, e.g., Bortolotti et al. 2022). Second, by independently measuring
the two preference components, our approach offers new and valuable insights into potential de-

terminants of (un)ethical behavior. On the one hand, our measure allows for a better understanding
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of social image concerns and observability (see, e.g., Fries et al. 2021; Kobis et al. 2016; Van de Ven
and Villeval 2015; Villeval 2024) as well as the potential consequences of varying communication
channels, dynamics, and interaction partners (see, e.g., Cohn et al. 2022; Leib et al. 2024; Rilke et al.
2021). On the other hand, independently measuring both preference components reveals that early
life experiences may particularly shape preferences for being seen as honest rather than the intrinsic
preference for being honest (Abeler et al. 2024).

Finally, our approach opens several promising avenues for future research. For example, it
appears promising to administer our measures across other representative samples or panels, and
linking these with administrative data. This will further enhance our understanding of fraudulent
real world behaviors and allows for exploring the cultural underpinnings of individual preferences
for being honest and the desire to be perceived as honest. As we observe systematic heterogeneity
in preference types but stable type distributions across samples, future research may also investigate
whether the effectiveness of interventions aimed at reducing dishonest behavior—such as moral
appeals, norm nudges, and honesty oaths— depends not only on the informational content or
framing (see, e.g., Jacquemet et al. 2019; Kingsuwankul et al. 2023; Zickfeld et al. 2024) but also on the
underlying type distribution within a population. Hence, our novel measurement may contribute
to a better understanding of institutional effectiveness in addressing fraudulent behaviors as well

as to the design of more informed and targeted interventions.
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Online Appendix

A Additional results: Student sample (n=331)

A.1 Heterogeneity in IPT

We briefly present heterogeneity in preferences for truth-telling for the student sample. Figure A.1
displays similar heterogeneity as in our general population sample (Figure 2). The figure plots the
distributions (WTPj¢, in Panel A.1a) and (WTPgyjtcn in Panel A.1b). Table A.1 shows the resulting

type classification.
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Figure A.1: Distributions of ILC and SIC

Notes: Panel a presents the distribution of WTPj,s,, where smaller values imply larger ILC. Panel b presents the distribution
of WTPgitch, Where smaller values imply smaller SIC. Student sample (n=331).

Table A.1: IPT Types

Low SIC High SIC
Low ILC 28.4 % 393%  67.7%
High ILC 21.2% 112% 324 %
49.6 % 50.5 %

Notes: Student sample (n=331). A participant is classi-
fied as high intrinsic lying costs (ILC) if their WTPjy, is
equal to zero, and as low ILC otherwise. Conversely, a
participant is classified as high social image cost (SIC)
if their WTPsyitch is strictly larger than zero, and as low
SIC otherwise.

A.2 Reports

The focus of our IPT measure is on the intention to be honest and the intention to be perceived
as honest. Therefore, we do not discuss participants’ reports in the main text. For completeness,

however, we briefly present results on reporting behavior in the convenience sample below, even
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Table A.2: Reports in high- and low-stakes IPT tasks

Reportlowin  Report high in
low-stakes task low-stakes task

Report low in high-stakes task 44.1 % % 12.7 % 56.8 %
Report high in high-stakes task 26.6 % 16.6 % 43.2 %
70.7 % 29.3 %

Notes: Student sample (n=331).

though this behavior may be confounded by participants’ reevaluation of their earlier choices, choice
inconsistencies, or reporting decisions aimed at avoiding costs associated with a favorable switch.
Honest reporting would predict the high-paying item to be reported with a probability of 12.5%
in each task. Table A.2 shows evidence of misreporting at the aggregate level, as the fractions of
high-paying item reports are substantially larger for both the high-stakes task (43.2 %) as well as the
low-stakes task (29.3 %). Interestingly, misreporting rates are higher in the high-stakes task despite the
high-paying items being known to everyone in the low-stakes task. Of those who buy the information,
67 % report the high-paying item. This implies that 33 % report the low-paying item after learning the
high-paying outcome. Part of this appears to be driven by social image concerns as not everyone who

was willing to pay for the favorable switch was willing to pay the randomly determined price for it.

A.3 Robustness: Curiosity and Risk

Our measure of the intention to be honest (WTPjys,) is based on the assumption that the reason for
wanting to learn the high-paying item is that participants intend to (are willing to) lie. Additional
factors that could have influenced whether participants wanted to learn the correspondence of
items to payoffs before reporting are curiosity (preferences for non-instrumental information Eliaz
and Schotter 2010) and —conditional on being willing to misreport— participants’ risk preferences.
To control for these factors, we implemented an additional task in the student sample that mir-
rored the situation participants faced when choosing their WTP;¢,, but isolated decisions regarding
information and risk preferences.

To this end, participants were informed that they would participate in a lottery in which they
selected one out of eight pieces of a pie. If this piece coincided with the piece the computer randomly
selected with equal probability, they would earn a payoff of 1000 ECUs, whereas if they selected one
of the other seven pieces, they would earn a payoff of 200 ECUs (akin to the randomly generated
outcome in the IPT task). Importantly, in the lottery task, participants had no opportunity to behave
dishonestly. Still, we elicited whether they were willing to pay for (non-instrumental) information

regarding the lottery. To do so, we informed participants that they would be randomly assigned one
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of eight lotteries (with identical prospects), which only differed in terms of the color of the pie they
would select the item from (blue, green, yellow, purple, pink, turquoise, red, or olive).

Mirroring the situation participants faced in WTPjys,, we asked for their WTP for receiving infor-
mation that they would otherwise receive right after their decision. That is, we elicited participants’
WTP to learn which color (e.g., blue) their lottery had before they learned the outcome of the lottery
they participated in (WTPcuriosity)- Because the color of the lottery did not affect the lottery’s prospects
in any way, we truly captured a willingness to pay for non-instrumental information.

To control for risk preferences, we informed participants, after they stated their WTPcyriosity, that
they could also avoid playing the lottery at all and instead secure a certain payoff of 1000 ECUs.
To enable them to do so, we elicited participants” willingness to pay (between 25 and 775 ECUs) to
ensure the safe payoff of 1000 ECUs instead of participating in the lottery (WTP,). Participants were
informed that the possible costs they would incur to learn the color of the lottery would only become
payoff-relevant if they actually participated in the lottery. This sequence of choices allowed us to
elicit preferences for information even for those who wished to incur costs to ensure a safe payment.
Complementing the incentivized measures, we additionally elicited participants’ curiosity (Kashdan
et al. 2009)°! and risk (Dohmen et al. 2011) preferences using non-incentivized survey questions.

To evaluate the importance of curiosity and risk preferences, we correlate our incentivized and
non-incentivized measures with the WTP;,¢, from the IPT task and use them as additional controls
when evaluating the predictiveness of the IPT measure in the mind game. Notably, we find a weak
and marginally statistically significant correlation between WTPi,¢, and WTPyriosity (Spearman’s
p=0.092, p=0.094) and no correlation between WTP;,¢, and the non-incentivized curiosity measure
(Spearman’s p=—0.018, p=0.747). We thus conclude that curiosity does not play a crucial role in the
decision to reveal the high-paying item in IPT.

Turning to risk preferences, we find a significant correlation between WTPj,;, and WTP, ;g
(Spearman’s p=0.327, p<0.001), but not between WTP, s, and the general risk question (Spearman’s
p = 0.081, p=0.144). As such, the intensive margin of our the ILC measure may be affected by
risk preferences.®? Importantly, further analyses reveal that risk (and curiosity) preferences do not
confound the explanatory power of our IPT measure when predicting behavior in the mind game.
Table A.3 displays regressions analyzing the determinants of the payoffs participants received in the
mind game. Columns (1) shows the predictive power of WTPj,¢, without controlling for curiosity
and risk preferences. In Column (2) we add WTPjqx and WTPcuriosity as control variables. Comparing
the coefficients for WTPjy¢, in (1) and (2) reveals that measures for risk and curiosity impact neither

the direction nor the size or significance of the coefficient of WTPing,. For completeness, we repeat this

®'For curiosity, we ask all ten items used by Kashdan et al. (2009) and form a simple average for each person.
2Note again that risk preferences can only play a role for participants who are willing to lie, such that or type
classification based on (WTPj,(, =0) cannot be affected by risk preferences.
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analysis for WTPgyitch in Columns (3) and (4). In Column (5), we add both WTP;,¢, and WTPsyitch,
and in Column (6), we further add the interaction between the two. The influence of WTP;,¢, on
the payoff in the mind game remains significant and positive in both specifications and is also
robust to including WTP,; and WTPcyiosity (Column (7)) as well as to including additional control
variables (gender, income, age, political orientation, Column (8)). Column (9) includes the IPT type
classifications instead of the WTPs, and Column (10) adds WTP ;s and WTPusiesity- These analyses

underline the robustness of the predictive power of our IPT measure.
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A4 Observers

We use the strategy method to elicit observers’ rating, i.e. observers rate the character both of a person
who reports a likely, low-paying outcome and of a person who reports an unlikely, high-paying
outcome. We encourage observers to take the rating task seriously by incentivizing the ratings on
the two scorecards as a coordination game. One of the two scorecards is then randomly chosen to
be payoff-relevant. We compare each of the four ratings on this scorecard to the ones of a randomly
matched observer and pay 200 ECU for each rating that is the same. At the very end of the experiment,
observers are shown the Player-IDs of all players whose report resulted in an unlikely, high-paying
outcome as well as the IDs of the players whose report resulted in a likely, low-paying outcome.%®

We examine how observers actually rated DMs’ reports that resulted in a high and unlikely or
low and likely payoff. Figure A.2 displays how observers rate DMs” honesty based on the information
that DM'’s report resulted in a high, unlikely payoff (left panel) or in a low, likely payoff (right panel).
Clearly, observers rate DMs more critically if they reported the unlikely item which yields a high
payoff. The average honesty rating equals 44.8, with many observers stating that the probability of
DM being an honest person is 50 percent or only 25 percent. For the more likely item which yields
a low payoff, the picture changes. The most frequently chosen options are 75 percent and 100 percent
and the average rating amounts to 71.88 percent. Given that we used the strategy method and asked
each observer for their rating for both scenarios, we can also look at the within-subject variation
across the two outcomes. We find that 75 percent of observers rate DMs more negatively if DM’s
report results in an unlikely high payoff (Wilcoxon signed-rank test, p=0.002). Thus, the social image
of a DM did in fact suffer if they reported an unlikely, high-paying item.

%They are further shown i) the two scorecards that oberservers generated themselves for unlikely, high-paying
outcomes and likely-low paying outcomes, ii) the two scorecards the matched observer generated and iii) the two
scorecards that result from averaging own and partner’s scores.

52



Percent

20 30 40
Percent

40

20
L

10

T T T

0 25 5 75 100 50 75 100
High and unlikely payoff (1 out of 8) Low and likely payoff (7 out of 8)

Tl Tan

Figure A.2: Observer ratings

Notes: The figure shows how often a certain honesty rating was choosen by observers.
The left panel shows ratings for the high and unlikely payoff, whereas the right panel
shows ratings for the low and likely payoff. Student sample (n=24).
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B Additional results: Prolific convenience sample

(general population, n=471)

B.1 The mind game

To assess the robustness of our IPT measure’s predictiveness, we included the mind game also in
the Prolific convenience sample. In this section, we briefly replicate our analyses performed earlier in
the student sample. Figure B.3 shows payoffs in the mind game by types in the convenience sample.
Again, we observe a clear shift in payoffs from high to low ILC types. Those classified as having low
ILC in our IPT task again claim significantly higher payoffs in the mind game than those with high
ILC (844.3 vs 649.7, MWU, p<0.001), and are more likely to claim the highest payoff (x-test, p<0.001).

Consistent with our main results and the corresponding hypothesis, WTPj,;, and the payoff in the

mind game are positively correlated (Spearman’s p=0.242, p<0.001).

Notes: The figure shows the distribution of claimed payoffs in the mind game by IPT types. General population sample
(n=471). The red horizontal line represents the expected fraction of reports for each payoff when all participants report

honestly.
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Figure B.3: Claimed Payoffs in mind game by IPT types
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B.2 Reports

Similar to the additional analyses in the student sample, we briefly present reporting behavior results
for the convenience sample below for completeness. As reporting behavior may be influenced by
participants’ reevaluation of earlier choices, inconsistencies in decision-making, or attempts to avoid
costs associated with a favorable switch, we refrain from drawing broader conclusions based on
reporting behavior.

Table B.4 displays the fractions of reports of the high- and low-paying item in the high- and low-
payoff tasks. Honest reporting would predict the high-paying item to be reported with a probability of
12.5% in each task. The table shows evidence of misreporting at the aggregate level, as the fractions re-
porting high-paying items are substantially larger in both tasks than expected under honesty. Despite
the high-paying item being known to all in the low-stakes task, the fraction of reports resulting in the
high payoff are larger in the high-stakes task than in the low-stakes task (33.97% vs 24.20%). Of those
who buy the information, 55 % report the high-paying item. This implies that 45 % report the low-
paying item after learning the high-paying outcome. Part of this appears to be driven by social image
concerns as not all participants who were willing to pay for the favorable switch were willing to pay
the randomly determined price. Notably, and reassuringly those participants who bought both the in-
formation and the favorable switch, everyone reported the high-paying items in the high-stakes task.

Table B.4: Reports in high- and low-stakes IPT tasks

Reportlowin  Report high in
low-stakes task low-stakes task

Report low in high-stakes task 53.08 % 12.95 % 66.03 %
Report high in high-stakes task 22.72 % 11.25 % 33.97 %
75.80 % 24.20 %

Notes: General population sample (n=471).
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C Additional results: Prolific Representative Sample (n=500)

C1 Reports

For completeness, we also briefly present results on reporting behavior in the representative sam-
ple below. Recall that honest reporting would predict the high-paying item to be reported with a
probability of 12.5% in each task whereas, again, we find evidence for misreporting at the aggregate
level (see Table C.5), The fractions of high-paying item reports are substantially larger than 12.5%
for both the low-stakes task (27.6 %) as well as the high-stakes task (34.8 %). As in the other samples,
misreporting rates are higher in the high-stakes task despite the high-paying items being known to
everyone in the low-stakes task. Of those who buy the information, 58 % report the high-paying item.
This implies that 42 % report the low-paying item after learning the high-paying outcome. Again,
this appears to be at least partially driven by social image concerns as not all participants who were
willing to pay for the favorable switch but received a relatively high (randomly determined) price.
Notably, again, those participants who bought both the information and the favorable switch all
reported the high-paying items in the high-stakes task.

Table C.5: Reports in high- and low-stakes IPT tasks

Reportlowin  Report high in
low-stakes task low-stakes task

Report low in high-stakes task 53.2 % 12 % 65.02 %
Report high in high-stakes task 19.2 % 15.6 % 34.8 %
724 % 27.6 %

Notes: Representative sample (n=500).

C.2 Explanations of behavior

To better understand participants” motivation behind their choices in the IPT task, we asked them
four questions regarding the favorable switch and four questions regarding the information on a
ten point Likert-scale in the post-experimental questionnaire as follows: “Below we list factors that
could have influenced your decision to pay for the information. To what extent do you agree with

the following statements”.

¢ [ considered the [switch/information] useful for my report
¢ Iselected the wrong button
¢ I cared about how the researchers would perceive my decision to buy the [switch/information]

¢ [ wanted to save money by not buying the [switch/information]
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Below, we present the results separately by participants” ILC / SIC type. Table C.6 shows mean
agreement to the statements for individuals with high ILC (Column 1) and individuals with low ILC
(Column 2), as well as the difference in means. While answers may suffer from ex-post rationaliza-
tion, they are in line with our interpretation of the measure: Individuals trade off the costs and the
usefulness of information, and those who decide to buy (i.e., those with low ILC) are more likely to
state that information is useful and less likely to indicate that they wanted to save money. Further, we
find that errors appear rare (clicking the wrong button) and are slightly more often reported to occur
by low ILC types (potentially as these participants use errors as an exp-post excuse for buying the
information). In addition, we find that low ILC types (i.e., those wanted to buy the information for
the high stake report) indicate being more concerned about how they are perceived by the researchers
than high ILC types (those not buying the information). This finding suggests that social desirability
did not generally keep participants willing to lie from buying the information. Finally, we find that
both low and high ILC types indicated a reasonable level of understanding of the instructions (5.4-5.5
on a 7 point Likert scale, where 7 indicates "very high"). As the most pronounced differences between
the two groups arise for the two items that capture the core trade-off between the costs and the
usefulness of information, we are confident that our measure captures ILC well.

Table C.7 presents results regarding participants’ decision for (or against) the favorable switch.
Akin to the findings regarding ILC, we find that those who opt for the option at hand (here the
favorable switch) are more likely to report that the option (the switch) was useful and less likely to
state that they wanted to save money with their choice. Also, errors regarding the switch decision
are rarely reported, but if so, slightly more often among those who opt for the switch. Importantly,

we again find that those opting for the option at hand (the switch) are the ones who are more likely

Table C.6: ILC type and explanation of behavior regarding information

@ @ G)

Variable Mean ILC low Mean ILC high Difference
Considered info useful 7.034 3.953 -3.081%*
(2.515) (2.970) (0.278)
Clicked wrong button 1.491 1.120 -0.371**
(1.542) (0.655) (0.098)
Cared about researchers’ perception 3.977 3.407 -0.570**
(2.783) (2.922) (0.282)
Wanted to save money by not buying 3.897 6.507 2.610%*+*
(2.775) (3.491) (0.322)
Understanding 5.391 5.547 0.155
(1.245) (1.229) (0.121)
Observations 350 150 500

Notes: Representative sample (n=500). Likert-scale questions that ask whether the following was important
in the decision from 1 (not at all) to 10 (to a great extent). Understanding is self-rated understanding of the
instructions (on a 7-point scale where, 7 indicates “very high”).
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Table C.7: SIC type and explanation of behavior regarding favorable switch

1) ) ©)

Variable Mean SIC low Mean SIC high  Difference
Considered switch useful 3419 5.723 2.305%**
(2.579) (2.588) (0.232)
Clicked wrong button 1.279 1.723 0.444**
(1.065) (1.836) (0.137)
Cared about researchers’ perception 3.362 4.843 1.480***
(2.716) (2.807) (0.248)
Wanted to save money by not buying 6.204 3.936 -2.268***
(3.276) (2.790) 0.272)
Understanding 5.506 5.362 -0.144
(1.191) (1.295) (0.112)
Observations 265 235 500

Notes: Representative sample (n=500). Likert-scale questions that ask whether the following was important
in the decision from 1 (not at all) to 10 (to a great extent). Understanding is self-rated understanding of the
instructions (on a 7-point scale where, 7 indicates “very high”).

to state that they are concerned about how this choice might appear to the researchers. Hence, social
desirability again did not seem to stop them from opting for the switch. Finally, also for SIC, we find
a reasonable level of understanding of the instructions among both low and high SIC types. Overall,
and similarly to the responses regarding ILC types, our findings underline that our measurement

of SIC captures the core trade-off between the costs and benefits of appearing honest towards others.

C.3 Survey measure and mind game

As in Section 5.3, we find that lying costs proxied by the survey question are informative for claimed
payoffs in the mind game: those with low ILC claim significantly larger payoffs (959 vs. 743 points;
MWU, p<0.001). Focusing on individuals with low SIC, we again find that claiming the maximum
payoff occurs more than twice as often for those with low ILC (see upper two panels of Figure 12).
Regarding social image costs, we also replicate our findings from Section 5.3. Across all participants,
SIC are not predictive of the payoff claimed (MWU, p=0.696) or claiming the maximum payoff (x?),
p=0.649). Conditional on low intrinsic lying costs, participants with low SIC are more likely to claim
the highest payoff (47% vs. 33%; x2, p=0.060), whereas SIC do not matter for those with high intrinsic
lying costs (21% vs 20% claim the largest payoff; x2, p=0.885). These results closely mirror the results
regarding the predictiveness of the survey measure in the convenience sample (Section 5.3) and

provide further evidence of the validity of our survey module.
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D Data collection logistics

To provide full transparency in terms of data collection, we briefly summarize the evolution of this
project in this section. An overview of our preregistrations can be found in Table D.8. At the end
of 2020, we initiated this project with an elaborate experimental framework aimed at examining the
interplay between intrinsic lying costs (ILC) and social image concerns (SIC). In this initial design,
participants could achieve varying payoff levels (low, medium, or high) within a single reporting
paradigm and were additionally asked for their willingness to pay for appearing more honest to
observers contingent upon the payoff they might receive. However, this design proved operationally
intricate and introduced a potential confound, undermining the independent measurement of ILC
and SIC. Recognizing these limitations, we opted for a fundamental redesign, prioritizing a simplified
experimental setup that preserved the independence of the two constructs, which is the basis of
this manuscript. We implemented this new design for the first time in July 2021, with a student
sample (n=331). In the same year, we also ran the experiment and the survey questions in the online
convenience sample. In 2023, we additionally conducted the treatments to establish internal validity
and, in 2024, we replicated the experiment in the representative sample. Data from the German SOEP

(including the results from our survey module) were received in May 2024.

Table D.8: Pre-Registration

Date Sample Short description Registration Link

16.12.2020 student sample early, more complex design (not included) #54433 https:/ /aspredicted.org/ztq8-j2fz.pdf
13.07.2021 student sample main experiment #70550 https:/ /aspredicted.org/pg8v-67t4.pdf
05.12.2021 Prolific convenience main experiment #82028 https:/ /aspredicted.org/74py-sbc7. pdf
18.04.2023  Prolific convenience 0 vs 2 observer #129232 https:/ /aspredicted.org/nwt2-ym4v.pdf
04.05.2023 Prolific convenience Lie vs NoLie #131061 https:/ /aspredicted.org/6tqc-9j6p.pdf
12.02.2024 UK representative  replication #161756 https:/ /aspredicted.org/kt5w-5b5x.pdf
28.03.2024 SOEP survey module only https:/ /osf.io/fqswh

Finally, Table D.9 shows which tasks have been administered in which sample, and when exactly

this data collection took place.

Table D.9: Data presented in this paper

Data collection Sample N Experimental tasks Survey questions
10.08.-04.11.2021 Students 331 IPT, mind game, no
sender-receiver, knowledge reporting,
risk and curiosity task

06.12.-09.12.2021 Prolific convenience 471 IPT, mind game yes
20.04.-24.04.2023 Prolific convenience 499 IPT treatments: no
ZeroObservers or TwoObservers
08.05.-10.05.2023 Prolific convenience 503 IPT treatments: no
LieNoObservers or NoLieNoObservers
04.03.-15.03.2023 UK representative 500  IPT, mind game yes
May — Nov 2023 SOEP-IS 2,387 none yes

(received April 24)
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E Instructions and Screenshots

E.1 Experimental Measure (IPT)
Decision-Makers

The following section displays screenshots of the instructions we used on Prolific. Instructions for
the student sample are available upon request.

General instructions

« This study consists of two parts and the final questionnaire. At the beginning of each part, additional instructions will appear on
your screen.
¢ Please read the instructions carefully and answer the control questions.

« Control questions must be answered correctly before you can proceed.
« We will pay you a bonus payment of £0.23 for the control questions. If you repeatedly fail to answer the questions

correctly you will not receive the bonus payment.
« If you fail to answer several control questions correctly on the first try, you may not receive this additional bonus payment.

Please note that this study needs to be completed on a laptop, computer, or tablet.

You will need a pen and a piece of paper. Please make sure now that you have them ready.

Next

Payment

You will only receive a monetary payoff if you complete the entire study.
You will receive

» £3.75 for the completion
» £0.23 for answering the control questions correctly
« An additional bonus payment depending on your choices in one of the two different parts.

One part of this study has been randomly determined to be payoff relevant for you. For this part, we will convert the points earned
into British Pounds. The conversion rate is:

£1.00 = 260 points

Which part is relevant for your payment will only be shown at the end of the study. As each choice may be relevant for your bonus

payment, please carefully consider all your choices.

Next
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Part 1
Task 1: Vegetable

We have assigned a participant number to each participant. You are participant 1.

We now ask you to spin a wheel of fortune on an external website to generate a random outcome and write the outcome down on a
piece of paper. The written note is only for you to remember your outcome, as we will ask you about the outcome you saw at a later
stage.

To do so,

1. Use the link provided below to open the random outcome generator website in a new browser tab or window. https://
wordwall.net/resource/26056229

2. On the website, click on “Start” and then on “Spin It". The wheel of fortune will spin and generate a random vegetable.

3. Write down the vegetable that was randomly selected on a piece of paper.

4. When you are done, return to the study page.

Please now confirm that you have written down the randomly generated vegetable.

DI confirm that | have written down the vegetable.

Next

Task 2: Fruit

We now ask you to spin a different wheel of fortune to generate another random outcome and write it down on a piece of paper. As
before, the written note is only for you to remember your outcome, as we will ask you about the outcome you saw at a later stage.

1. Use the link provided below to open the random outcome generator website in a new browser tab or window. https://
wordwall.net/resource/26056405

2. On the website, click on “Start” and then on “Spin It". The wheel of fortune will spin and generate a random fruit.

3. Write down the fruit that was randomly selected on a piece of paper.

4. When you are done, return to the study page.

Please now confirm that you have written down the randomly generated fruit.

DI confirm that | have written down the fruit.

Next
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Screenshots Wheels of Fortune for Random Draw (on external website)

E wii B 3
Fruit wheel of fortune = share Vegetable wheel of fortune = share |
(a) Wheel of Fortune - fruit (b) Wheel of Fortune - vegetables

62



Reports and payments

Later, we will ask you to tell us which two items (that is, which fruit and which vegetable) you have randomly generated with the two
wheels of fortune (task 1 and task 2). These two reports will determine your payoff for this study and we will sum up the points
resulting from your two reports.

Payoff

For each report you make (fruit and vegetable), you may either receive a lower or a higher payoff. It is determined randomly which
items yield a lower or a higher payoff.

For your fruit report you will receive either 10 points or 2 points:

» One fruit yields 10 points
» The seven other fruits yield 2 points

For example, if Banana has randomly been determined to yield a payoff of 10 points, you will receive...

* 10 points if you report “Banana”,
« 2 points if you report any of the other fruits.

For your vegetable report you will receive either 1000 points or 200 points:

» One vegetable yields 1000 points
» The seven other vegetables yield 200 points

For example, if Tomato has randomly been determined to yield a payoff of 1000 points, you will receive...

» 1000 points if you report “Tomato”,
200 points if you report any of the other vegetables.

Information on your payoff

Currently you do not know which fruit and which vegetable has been assigned to the higher payoffs, but each fruit and each
vegetable has the same chance of yielding the higher payoff.

Before reporting, you will learn for one of the foods (fruit or vegetable) which item yields the higher payoff.

Further, you may (or may not) learn which item yields the higher payoff for the other food.

Mext
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Control Questions

To proceed, please indicate whether the following statements are true or false:

Payoffs resulting from the reported fruit and the reported vegetable will be summed up:

@True
O False

For both foods, it is randomly determined which item yields the higher payoff:

@True
O False

Before reporting, | will learn which item yields the higher payoff for one of the two reports (fruit or vegetable). | may (or may not)
learn this for the other report as well.

@True
O False

For each food (fruit and vegetable)...

» 2 out of the 8 items (25 percent of items) are associated with the higher payoff:

OTrue
@ False

* 6 out of the 8 items (75 percent of items) are associated with the lower payoff:

OTrue
@ False



Scorecard and Observers

Nobody except you knows which fruit and vegetable were generated by the wheels of fortune. However, we will inform other prolific

participants about whether you received a high or low payoff from one of your reports.

@ We call these other participants “Observers”. Observers do not make any reports themselves and do not affect your
payoffs. Observers’ task is to reflect on what to conclude about your character based on your reporting behavior in

, either the fruit or the vegetable task.

For each participant, two Observers fill in a scorecard (see example below).

Participant
1

Probability of being an honest person
0% 25% 50% 75% 100%

| find this person trustworthy
I would lend this person money

| would buy a used car from this person

Information provided to Observers

The Observers will fill in your scorecard based on whether your report resulted in

» the high payoff that is unlikely (1 out of 8 items assigned)
« or the low payoff that is more likely (7 out of 8 items assigned).

NOTE:

» Observers will only learn whether your report resulted in the high or the low payoff, but are not informed about the exact size

of the payoff.
» Observers will only learn about the result of one of your reports (either fruit or vegetable). The computer has randomly

determined whether observers are informed about the fruit or the vegetable task.

Knowledge of Observers
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What else do Observers know?

Before filling in the scorecard and reflecting on your character, Observers will learn that

» ..your task is to report one item that was randomly selected out of 8 possible items by a Wheel of Fortune,
 ..your report determines your payoff,

s _.only one item yields a high payoff and seven items yield a low payoff,

+ ..you may know before reporting which item yields a high or a low payoff.

What is unknown to Observers?

Observers are MOT informed that...

 ..you have two tasks and make two reports (fruit and vegetable),

 ..how many points you can earn with any of the reports,

+ ..how many points you can earn by reporting a specific item,

« ..whether you actually learned which item corresponds to which payoff before reporting.

Control questions

Please indicate whether the following statements are true or false:

Only one Observer will fill in a scorecard:

OTrue
@False

Observers learn that one item corresponds to a high payoff and seven items correspond to a low payoff:

@True
OFaIse

The computer randomly determines whether Observers fill in my scorecard based on my report in the fruit or the vegetable
task:

@True
OFaIse

Observers know that | will report two items (fruit and vegetable):

OTrue
@False

Mext

66



Previous ratings

As explained, two Observers will reflect on your character and fill in your scorecard.

Since scorecards will not be shown to you, the figure below provides information on the most frequently chosen ratings by 27
Observers who reflected on participants’ characters in a previous study and who considered participants’ characters carefully (the
graph excludes the three fastest Observers).

Participant reported an outcome that corresponds to
unlikely high payoff likely low payoff
Participant Participant
1 1
Probability of being an honest person Probability of being an honest person
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

| find this person trustworthy | find this person trustworthy
I would lend this person money I would lend this person money
I would buy a used car from this person I would buy a used car from this person

As becomes clear, Observers perceive participants whose reports resulted in the unlikely high payoff less favorably (e.g., less honest)
than those whose reports resulted in more likely low paying outcomes.

Please indicate whether the following statement is true or false:

| can expect that the Observers will have a more favorable opinion of me if my report yields the unlikely high payoff:

OTrue
@False

MNext
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Ensuring correct representation of behavior

Recall that for one of the reports (vegetable or fruit) you may not know which item will result in which payoff. You may thus find
yourself in the following scenario:

Potential scenario

It was randomly determined that two Observers fill in your scorecard based on your report in the vegetable task, and your vegetable
report happens to coincide with the item that results in the unlikely high payoff of 1000 points, while at the same time your fruit
report coincides with the low payoff.

Potential misperception of your character and favorable switch

In this scenario, the two Observers who fill in your scorecard based on your outcome in the (randomly selected) vegetable task may
perceive your character unfavorably because the Observers only know that you obtained an unlikely high payoff but they neither
know that there were two tasks nor whether you knew which payoff your report would result in.

For this reason, we offer you the option of a “favorable switch” if all of the following conditions apply:

» the vegetable task is the task based on which the Observers fill in your scorecard
« your report in the vegetable task results in the high payoff (1000 points)
« your report in the fruit task results in the low payoff (2 points).

That is, if you opt for the “favorable switch”, the Observers will rate your character based on the more likely, low payoff in the fruit

task if the scenario described above arises.

Note: this switch will only be implemented if the exact scenario above arises (the randomly selected task for your scorecard is the
vegetable task, and you obtained a high payoff from this report, and you obtained a low payoff from the fruit task).

Control questions

Please indicate whether the following statements are true or false:

I will now decide whether | want the favorable switch to be implemented in case the scenario described above arises:

OTrue
OFaIse

The switch will only occur if my report in the fruit task coincides with one of the seven fruits that yield the low payoff:

OTrue
OFaIse

Observers do not know that there are two tasks and thus they do not know how many points the vegetable and the fruit reports

can yield:

OTrue
OFaIse

MNext
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Your Choice

Recall: two Observers will judge your character.

Do you want to implement the favorable switch in case the scenario explained before arises?

OYes ONO

Show scenario for favorable switch

Important: The two Observers will not be informed that you have to report both a fruit and a vegetable and will thus not learn
whether you decided to switch which report (fruit or vegetable) your scorecard is based on.

Payment for favorable switch

We have randomly determined a price that you need to pay for the favorable switch. If you are willing to pay that price, we will
implement the switch for you. If you are not willing to pay the price, the switch will not be implemented.

The price we have randomly determined is one of the 17 possible prices shown below.

«» Possible prices: 0, 25, 50, 75, 100, 125, 150, 175, 200, 250, 300, 350, 400, 500, 600, 700, 800
What is the highest price you are willing to pay for the favorable switch?
50 points v
The highest price you are willing to pay implies

» you are willing to pay any of the following prices: 0, 25, 50
» you consider all following prices too high: 75, 100, 125, 150, 175, 200, 250, 300, 350, 400, 500, 600, 700, 800

At the end of the study, we will check whether the price we have randomly determined is among the prices you are willing to pay. If
so, the favorable switch (if applicable) will be implemented.

Note: You will only pay the price if the relevant scenario for the favorable switch arises.

Show scenario for favorable switch

The relevant scenario arises if all the following conditions apply:

» the vegetable task is the task based on which the Observers fill in your scorecard,
« your report in the vegetable task results in the high payoff (1000 points),
« your report in the fruit task results in the low payoff (2 points).

Please confirm you are willing pay any of the following prices: 0, 25, 50
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Learning the payoff

You will now learn which fruit yields the higher payoff: Grape.

That is, if you report Grape you will receive 10 points. If you report any of the other fruits, you will receive 2 points.

Opportunity to learn the higher-paying vegetable before entering the
report

By default, you will learn which vegetable yields the higher payoff right after entering your report.
You have the opportunity to pay a price to learn which vegetable yields 1000 points before entering your report.

If you decide to pay the price, we will subtract it from your total payoff and you will learn which vegetable yields 1000 points before
entering your report. The next screen provides further information on the price.

Note: Observers do not know that you can choose to learn which vegetable yields 1000 points before reporting. Independent of your
choice, Observers are only informed that you “may or may not” know the relationship of items to payoffs.

Control questions

Please indicate whether the following statements are true or false:

If | don't pay the price, | will learn the higher-paying vegetable right after entering my report:

@True
O False

Observers are informed about when | learn the relationship between my report and my payoff:

OTrue
@ False

Mext
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Choice: revealing the higher-paying vegetable

We have randomly determined the price you need to pay to learn which vegetable yields 1000 points before entering your report. If
you are willing to pay that price, you will learn which vegetable yields 1000 points before entering your report. If you are not willing
to pay the price, you will learn which vegetable yields 1000 points right after entering your report.

The price we have randomly determined is one of the 16 possible prices shown below.

» Possible prices: 25, 50, 75, 100, 125, 150, 175, 200, 250, 300, 350, 400, 500, 600, 700, 800

What is the highest price you are willing to pay to learn which vegetable yields 1000 points before entering your report?

100 points v

The highest price you are willing to pay implies

«» you are willing to pay any of the following prices: 25, 50, 75, 100
= you consider all following prices too high: 125, 150, 175, 200, 250, 300, 350, 400, 500, 600, 700, 800

Before you report, we will check whether the price we have randomly determined is among the prices you are willing to pay. If so,
you will learn which vegetable yields 1000 points before entering your report and pay the price we have randomly determined.

Please confirm you are willing pay any of the following prices: 25, 50, 75, 100

Information and Report

Task for scorecard and favorable switch

¢ The computer randomly determined that your scorecard will be based on your report in the following task: vegetable. Your
scorecard will be based on the report in this task.

¢ The randomly determined price for the favorable switch was 25 points. As you indicated that you are willing to pay this price,
we will implement the switch in case the relevant scenario arises, and your scorecard will then be based on your report in the
fruit task.

Show scenario for favorable switch

The relevant scenario arises if all the following conditions apply:

« the vegetable task is the task based on which the Observers fill in your scorecard,
« your report in the vegetable task results in the high payoff (1000 points),
« your report in the fruit task results in the low payoff (2 points).

Decision to learn the higher-paying vegetable

The randomly determined price to learn which vegetable yields the higher payoff is 100 points.

You indicated that you are willing to pay this price to learn which vegetable yields the higher payoff before reporting. It is: Cabbage.
That is, if you report Cabbage, you will receive 1000 points. If you report any of the other vegetables, you will receive 200 points.

Enter reports
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Please now enter the randomly generated vegetable that resulted from the spin of the wheel of fortune:

@ J

OTomato (200 points) OAvocado (200 points) OCarrc:-t (200 points) OAubergine (200 points)

e ® e

OBroc::oIi (200 paints) OCabbage (1000 points) OMushroom (200 points) OPepper (200 points)

Recall: the higher-paying fruit is Grape.

That is, if you report Grape, you will receive 10 points. If you report any of the other fruits, you will receive 2 points.

Please now enter the randomly generated fruit that resulted from the spin of the wheel of fortune:

C

i <

Y \

i

OBanana (2 points) OLemon (2 points) OApple (2 points) OGrape (10 points)

&

OPineappIe (2 points) OWatermelon (2 points) OStrawberry (2 points) OCherry (2 points)

Results

Your higher-paying vegetable is Cabbage.
Your higher-paying fruit is Grape.

« For your reported vegetable (Cabbage) you will receive 1000 points.

* For your reported fruit (Strawberry) you will receive 2 points.

* You paid 100 points to learn the higher-paying vegetable before reporting.

» The randomly determined price for the favorable switch was 25 points. As you indicated that you are willing to pay this price,
we implemented the switch such that your scorecard will be based on the outcome in the fruit task. You will pay 25 points for
the switch.

Your payoff is thus 877 points (= 1000 points + 2 points — 100 points — 25 points ).

Mext
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Observers

Your task

On the following screens, you will receive information about the behavior of ather Prolific participants who took part in our
study. We call these participants “decision-makers".

Your task today is to rate the behavior of these decision-makers on a scorecard that includes four dimensions:

Participant
X

Probability of being an honest person

0% 25% 50% 75% 100%

| find this person trustworthy
| would lend this person money
| would buy a used car from this person

Your payoff

Your payoff depends on how well your ratings correspond with the ratings of another, randomly selected participant who also
rates decision-makers. This participant has exactly the same task and has the same incentives that you have.

« There are four dimensions (probability that the decision-maker is an honest person, trustworthiness of the decision-maker,
whether you would lend money to the decision-maker and whether you would buy a used car from the decision-maker)

= For each dimension, the scorecard has a 5-point-scale (honesty 0% 25% 50% 75% 100%, other ratings: 1-5 stars).

= You will receive 200 points for each of your ratings that exactly corresponds to the rating of the other participant you are
paired with.

» As the scorecard has four dimensions, you may earn 0, 200, 400, 600, or 800 points in this task

Control questions

Please indicate which option applies:

My task is to rate decision-makers on four dimensions:

O True
OFalse

| will earn 800 points for this task irrespective of my ratings:
O True
O ralse

If | have rated the decision-maker at the exact same level as the other participant | am paired with in three dimensions, but our
ratings differ for the fourth dimension, | will earn:

Osoo points
O 600 points
() 400 points
() 200 points
O nothing
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Information about decision-makers

You will judge a report by decision-makers. For this report, decision-makers were asked to state the randomly generated item that a
wheel of fortune had selected out of 8 possible items.

The reported item affected the decision-maker's payoff. One of the eight possible items resulted in a high payoff whereas the seven
other items resulted in a low payoff.

Decision-makers may have learned the relationship between their report and the payoff before or after making their report.

Your task

e Reflect on what to conclude about the character of the decision-maker based on his or her report.
e Carefully design a scorecard, in which you rate the decision-maker on four dimensions as shown before.
= Openly express your opinion about what to conclude about a decision-maker depending on the report.

We will ask you to design the scorecard and express your opinion depending on whether the decision-maker's report resulted in an
unlikely high or a likely low payoff.

Control questions

Please indicate which opticn applies:

Decision-makers are asked to report an item that they have chosen themselves:

OTrue
O False

In the decision-makers’ task, an item has a chance of 1in 8 to be realized if it is randomly generated by a wheel of fortune:

OTrue
Oralse

A randomly generated item is more likely to result in a high payoff than in a low payoff:

OTrue
O False

Next
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How to rate

On the next page, we will ask you to rate the decision-maker. Please read the following instructions first.

Decision maker reported an outcome that corresponds to

unlikely high payoff

likely low payoff

Participant
X

Probability of being an honest person

0% 25% 50% 75% 100%

Participant
X

Probability of being an honest person

0% 25% S0% 75% 100%

| find this person trustworthy

| find this person trustworthy

| would lend this person money

I would lend this person money

1 would buy a used car from this
person

1 would buy a used car from this
person

Important: Consider both scenarios (report of an unlikely high-paying outcome vs report of a likely low-paying outcome)
carefully. One of the scenarios will be randomly selected for each participant to determine his/her number of points. We will
count the number of exact matches between your and the other participant's rating for the randomly selected scenario.

Feedback

At the end of this study, you will learn which of the two scenarios was randomly selected for your payments and see to what
extent your ratings correspond to the ratings of the participant you are matched with.

We will also provide you with information on which fraction of the decision-makers falls into each scenario (based on their

report).

We will also show you all ratings of your matched partner.

Control questions

Please complete the following statements:

I will be paid for my ratings in both scenarios:
O True

O False

| will be paid for one randomly selected scenario, depending on how well my ratings in this scenario correspond with those of

the participant | am matched with:
O True

(O False

Next

Please enter your rating below by selecting the values on both scorecards.

Decision maker reported an outcome that corresponds to

unlikely high payoff

likely low payoff

Participant X

0% 25% 50% V5%

Probability of being an honest person

100%

Participant X

0% 25% 50% V5%

Probability of being an honest person

100%

| find this person trustworthy

| find this persan trustworthy

| would lend this person money

| would lend this person money

| would buy a used car from this
person

| would buy a used car fram this
person

Mext
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Your opinion on behavior of decision-maker

1. You can openly express your opinion about the decision-makers who reported the lower (more likely) payoff here:

Y

2. You can openly express your opinion about the decision-makers who reported the higher (less likely) payoff here:

A,

Your opinion on feelings of decision-maker

1. How comfortable do you think a decision-maker feels whose report results in the unlikely, higher payoff?
very uncomfortable very comfortable

O1 Q2 0Oz 0Os4 0Os 0Os 0O7

2, How comfortable do you think a decision-maker feels whose report results in the more likely, lower payoff?
very uncomfortable very comfortable

O1 O2 O3 02 0Os 0Os 0O7

76



Questionnaire

Before the end of this study, we would like you to answer a few more questions.

Next

Questionnaire

Please indicate your gender:

Please indicate your age class:

FE— w

Approximately, how much money (in £) do you have available at the beginning of every month before paying expenses?

In politics, people often speak of “left” and “right” when it comes to denoting different political attitudes. Thinking
about your own political views, where would you classify those views?

left right
O1r O2 03 04 0Os 0Os O7

How would you rate your understanding of this study’s instructions?

very low very high
O1 0O2 03 04 0Os 0Os 0O7

Is there anything else you would like to let us know?



Payoff information scorecard

The ratings that will determine your payoff for this part were randomly chosen to be based on the outcome that results in an
unlikely high payoff.

For this category, the ratings of the participant you're

Your rating for this category was
9 9ory paired with was

Participant Participant
X X
Probability of being an honest person Probability of being an honest person
50% 50%

| find this person trustworthy * xRk | find this person trustworthy *
| would lend this person money oo I would lend this person money * A
I would buy a used car from this L B & I would buy a used car from this L & &
person person

Your ratings in this category match for the following dimensions:

* Probability of being an honest person.
« | would buy a used car from this person.

Your ratings in this category do not match for the following dimensions:

» | find this person trustworthy.
| would lend this person money.

Your payoff from the scorecards is 400 points and thus equals £1.00.

Before proceeding to the final payment page, we will show you which decision-makers fall into which category.
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Part 1 - Overview

Below you see which participants reparted outcomes that yielded the unlikely high payoff, and which participants reported
outcomes that resulted in the likely low payoff (the letter indicates the participation date and time, and the number the

participant's identifier).

unlikely high payoff

likely low payoff

D5

A-17, A-24, A-32, A-37, A-9, B-1, B-124, B-129, B-13,
B-148, B-156, B-165, B-172, B-177, B-28, B-28, B-36, B-40,|A-41, A-44, A-45, A-5, A-8, B-100, B-101, B-104, B-105,
B-48, B-5, B-69, B-89, -9, B-97, C-13, C-25, C-33, C-36,
C-40, C-48, C-57, D-21, D-25, D-4, D-44, D-49, D-53,
D-57, D-9, E-12, E-20, E-29, E-33, E-5, E-§, F-28, F-32,
F-37, F-44, F-48, G-21, G-25, G-29, G-33, G-44, G-53,
G-57, G-61, G-8, H-33, H-48, H-48, H-61, H-64, H-68,
H-72, H-76, H-77, H-81, I-13, I-4, |-5, |-g, J-33, J-37, J-45,
1-53, K-12, K-20, K-24, K-25, K-33, K-5, K-8

A-1, A-12, A-13, A-20, A-21, A-25, A-28, A-33, A-36, A-40,

B-108, B-109, B-112, B-117, B-120, B-121, B-125, B-128,
B-132, B-136, B-137, B-141, B-144, B-145, B-149, B-152,
B-153, B-157, B-16, B-160, B-161, B-164, B-168, B-169, B-17,
B-173, B-176, B-180, B-181, B-184, B-20, B-21, B-32, B-33,
B-37, B-4, B-41, B-44, B-45, B-53, B-56, B-57, B-60, B-61,
B-64, B-65, B-68, B-72, B-73, B-76, B-77, B-8, B-80, B-81,
B-84, B-85, B-88, B-92, B-96, C-12, C-16, C-17, C-21, C-28,
C-29, C-32, C-41, C-45, C-49, C-56, C-60, C-65, C-68, C-69,
-9, D13, D-17, D-20, D-28, D-32, D-33, D-36, D-37, D40,
D-41, D-48, D-52, D-60, D-8, E-13, E-16, E-21, E-24, E-25,
E-28, E-32, E-36, E-37, E-4, E-40, E-44, E-45, E-52, E-53,
E-57, E-9, F-12, F-16, F-17, F-20, F-21, F-24, F-25, F-29, F-33,
F-36, F-4, F-40, F-41, F-49, F-5, F-32, F-36, F-8, F-9, G-12,
G-13, G-17, G-20, G-24, G-28, G-36, G-4, G-41, G-45, G-49,
G5, G-52, G-56, G-8, H-12, H-13, H-16, H-17, H-20, H-21,
H-24, H-28, H-20, H-32, H-36, H-37, H-40, H-41, H-d4,
H-45, H-53, H-56, H-57, H-60, H-65, H-69, H-73, H-8, H-B0,
H-0, -1, 1-12, I-8, J-18, J-20, J-21, J-24, J-25, J-28, J-32,
1-36, J-4, 1-40, J-41, J-48, J-48, J-8, J-9, K-1, K13, K-16,
K-17, K-21, K-29, K-32, K-36. K-37, K-4, K-40, K-41, K-8

Your ratings

Participant
see above for IDs

Probability of being an honest person

Participant
see above for IDs

Praobability of being an honest person

_______

50% 75% -

| find this person trustworthy * N | find this person trustworthy * ok k
| would lend this person money L & & | would lend this person money * & &
| would buy a used car from this * W | would buy a used car from this L & &
Person person

The ratings Participant Participant
of the see above for IDs see above for IDs
participant N _ - )
ou have Prabability of being an honest person Probability of being an honest person
with 50% S0%
| find this person trustwarthy w* | find this person trustworthy ' & &
| would lend this persoen money * * | would lend this person money L & 4
| would buy a used car from this L & & 1 | would buy a used car from this * &
person person

Participants’ Participant Participant

ffinal see above for IDs see above for IDs

scorecards

based on Probability of being an honest person Probability of being an honest person

your and [ —

pour 50% 75%

partners

rating | find this person trustworthy 4 | find this person trustworthy AN
| would lend this person money * W W | would lend this person money L & &
| would buy a used car from this * | would buy a used car from this * &
person person

Percent of 28% 72%

participants

in this

categary

et
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Payoff information

Your participation payment is £1.50,
Your payoff from the scorecards is 400 points and thus equals £1.00.

You answered 8 out of 8 control questions correctly. For everyone who answered at least 5 control questions, we will pay the
bonus. You will thus receive the bonus for answering control questions.

Your total payoff from this study is £2.70 (£1.50 + £1.00 + £0.20 ).

Please click on the following link to return to Prolific: https://app.prolific.co/submissions/complete?cc=5CC3FEAC
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E.2 Validation tasks
E2.1 Mind game
General Instructions

In this part, you will be shown a list of six African cities. Your task is to pick one of these cities and
memorize it.
[NEXT]

List of African Cities

The following list shows six African cities. Please pick one of these cities and memorize it (the exact
spelling is not important) [Order of names randomized on individual level, as on previous page;
single choice]:

¢ Conakry

e Harare
¢ Luanda
¢ Malabo
¢ Praia

¢ Yamoussoukro

[checkbox] I confirm that I have memorized one of the above cities
[NEXT]

Entry

[Association of cities and payoffs randomized on individual level.] Please now report the city you
memorized. Depending on the city you memorized, you will earn between 0 points and 1250 points.
The table below shows the payoff that corresponds to each possible report. I memorized the African

city:
¢ Conakry

¢ Harare
e Luanda
e Malabo
¢ Praia

¢ Yamoussoukro

Name of City‘ Harare ‘ Praia ‘ Luanda ‘ Malabo ‘ Conakry ‘Yamoussoukro

Payoff ‘ 250 points ‘ 500 points ‘ 750 points ‘ 1000 points ‘ 1250 points 0 points

Table E.10: Example of mapping of reports to payoffs in mind game

[NEXT]

Payoff information

Thank you for your report. You reported [city] as your memorized city. By the way: [city] is the
capital of [country]. Your payoff from this part is [payoff] points.
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E2.2 Sender-receiver game
General Instructions [Sender]

During this part, you will be matched with another participant whose choices do not affect your
payoff. This participant needs to choose one out of ten available options (Option A to J), and the
option the other participant chooses determines the other participant’s payoff. However, the other
participant does not know the payoff associated with each option. In contrast, you know which
option will result in which payoff for the other participant and you can advise the other participant
by sending a message of the form “Option X yields the highest possible payoff for you.” While the
other participant’s payoff is determined by the option the other participant chooses, your payoff is
determined by the message you send:

¢ If you send the message “Option [A] yields the highest possible payoff for you.” to the other
participant, you will earn 100 points.
¢ If you send any other message, you will earn 900 points.

You choose which message to send to the other participant. The computer randomly determines
whether your message will be delivered. Then, the other participant chooses an option. The following
table shows the ten possible messages you can send, the payoff each message yields for you, and
the other participant’s payoff if they follow your message.

Message you send the other participant Your payoff if you | Other participant’s payoff if
send this message | they follow your message
Option A yields the highest possible payoff for you. 100 900
Option B yields the highest possible payoff for you. 900 100
Option C yields the highest possible payoff for you. 900 100
Option D yields the highest possible payoff for you. 900 100
Option E yields the highest possible payoff for you. 900 100
Option F yields the highest possible payoff for you. 900 100
Option G yields the highest possible payoff for you. 900 100
Option H yields the highest possible payoff for you. 900 100
Option I yields the highest possible payoff for you. 900 100
Option ] yields the highest possible payoff for you. 900 100

Two scenarios [Sender]

There are two possible scenarios, and in both scenarios, the other participant does not know which
option yields which payoff for them. Further, the other participant neither learns your payoff, nor
how it is determined. The two scenarios differ with respect to whether the other participant knows
which payoff levels they can obtain.

Scenario 1

¢ The other participant does not know which possible payoff levels exist.
¢ The only information the other participant receives is the message.
¢ That is, the other participant cannot know whether the message is true or not.

Scenario 2

¢ The other participant is informed that two possible payoff levels exist, and that one option
yields a payoff of 900 points while the nine other options yield a payoff of 100 points.

¢ In addition, the other participant receives the message.

¢ That is, the other participant may infer whether the message is true or not.

82



The computer has randomly determined whether Scenario 1 or Scenario 2 is payoff-relevant. Both
scenarios were equally likely to be selected. However, you do not know which scenario is relevant.
We thus ask you to select the message to be sent for both scenarios. After you have submitted your
choice for each scenario, you will learn which scenario was relevant. Note: The other person does
not know that there are two possible scenarios and receives the information based on the randomly

determined payoff-relevant scenario.
[NEXT]

Choice [Sender]

The computer has randomly determined the relevant scenario. In the table below, please choose a
message that will be sent in case the relevant scenario is:
Scenario 1:

¢ The other participant does not know which possible payoff levels exist.
¢ The only information the other participant receives is the message.
¢ That is, the other participant cannot know whether the message is true or not.

[TABLE WITH SELECTION OPTIONS AS SHOWN IN TABLE ABOVE]
Please select the message you would like to send
[CONFIRM]
Scenario 2:

¢ The other participant is informed that two possible payoff levels exist, and that one option
yields a payoff of 900 points while the nine other options yield a payoff of 100 points.

¢ In addition, the other participant receives the message.

¢ That is, the other participant may infer whether the message is true or not.

[TABLE WITH SELECTION OPTIONS AS SHOWN IN TABLE ABOVE]
Please select the message you would like to send
[CONFIRM]

Payoff information [Sender]

The computer randomly determined scenario [SCENARIO] to be the relevant scenario. For this
scenario, you chose the message “Option [CHOICE] yields the highest possible payoff for you”. Your
payoff for this part thus equals [Payoff] points.

[NEXT]

General instructions [Receiver]

During this part, you will be matched with another participant who can advise you on which out
of ten available options to choose (Option A to J). The option you choose will determine your payoff.
However, you do not know the payoff associated with each option when choosing an option. [if
Scenario 2, add: One option yields 900 points while the other nine options yield 100 points.] The
participant you are matched with knows to which payoff each option corresponds and can advise
you by sending you one out of ten possible messages of the form: “Option X yields the highest
possible payoff for you” where “X” will correspond to one out of the ten Options “A” to “J”.
[NEXT]

Choice [Receiver]
The other participant sent you the following message:

Message [CHOICE SENDER]: “Option [CHOICE SENDER] yields the highest possible payoff for

7

you.
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Please select one option.
[CONFIRM]

Payoff information [Receiver]

You chose option [CHOICE RECEIVER]. This option is associated with a payoff of [Payoff] points
for you. Your payoff for this part thus equals [Payoff] points. [NEXT]

E.2.3 Knowledge reporting task
Introduction

This part consists of two tasks.

Task Y:

On the following screen, you will see a list of 20 entries for 60 seconds. We will ask you how many of
the entries you identify as important people in human history. You have to submit an answer within
60 seconds to receive 500 points for this task. If you do not submit an answer within that time, you
will receive 0 points for this task.

After the task is completed, observers will be shown the number of people you identified, along with
the number of entries all other participants identified. [NEXT]

Task Y

How many of the following entries do you identify as important people in human history?

George Washington
Leonardo da Vinci

Nelson Mandela

Marie Curie

Cleopatra

Mahatma Gandhi
Makalalo Nihambo
Augusta Cincoquanta
Salazar Ariza

Maria Heinrich von Graubert
Chen-Shun Li

Matteo Sacrosanto

Natalia Krusajeva

N’koto Maboyo

Theodore Lomney II

Henri Marques du Cressant
Jonathan Hammersmith
Takeo Nokosato

Olivia Broker

Mustafa Al-Jazaa

I'identify the following number of entries as important people in human history:

Task Z

On the following screen, you will see a list of 20 entries for 60 seconds. We will ask you how many of
the entries you identify as birds. You have to submit an answer within 60 seconds to receive 500 points
for this task. If you do not submit an answer within that time, you will receive 0 points for this task.
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After the task is completed, observers will be shown the number of birds you identified, along with
the numbers all other participants identified. [NEXT]

Task Z
How many of the following entries do you identify as birds?

Swan

Duck

Flamingo

Owl

Eagle

Crow
Plantipallo
Coughting
Nashvine
Tuttlebeek
Nimbar
Cuttlesplint
Nevalus Pantae
Frogpiper
Yellow Splintling
Brown Belster
Yukzi
Membinta
Cinpalla
Katchuk

I'identify the following number of entries as birds:

Payoff

- [if no humans timeout] You identified the important people in human history in time and will
thus receive 500 points.

- [if humans timeout] You did not identify the important people in human history in time, so
you will not receive points for this task.

- [if no birds timeout] You identified the birds in time and will thus receive 500 points.

- [if birds timeout] You did not identify the birds in time, so you will not receive points for this
task.

Your total payoff for part 4 is [0/500/1000] points.

E.3 Survey questions

The following displays the vignette and questions for the unincentivized survey questions.
Please imagine the host of a live radio show calls you to participate in a radio raffle. Your task is the following:
you must flip a coin 4 times and report the number of “tails” you flipped. You will receive 10 pounds for each

reported “tail”. You know that there is no way the host can verify whether you reported the true number of

“tails” you flipped.

Situation 1: Imagine the unlikely case occurs that you flip 4 tails.
How many tails will you report to the host? [Choice 0/1/2/3/4]

Situation 2: Imagine the unlikely case occurs that you flip O tails.
How many tails will you report to the host? [Choice 0/1/2/3/4]
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