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A B S T R A C T

Is dishonesty more prevalent in interactions with chatbots compared to humans? Amidst the rise of artificial
intelligence, this question holds significant economic implications. We conduct a novel experiment where
participants report the outcome of a private, payout-relevant random draw to either a chatbot or a human
counterpart, with varying degrees of signaled agency. We find that signaling agency increases honesty when
interacting with humans but not with chatbots. Moreover, participants are consistently more honest with
humans in the presence of agency cues. Our results suggest that social image concerns and perceived honesty
norms play a more prominent role in human interactions. Surprisingly, standard online forms generate the same
levels of honesty as human-to-human chat interactions. These findings offer valuable insights for designing
effective communication and trust-building mechanisms in digital economies where human-chatbot interactions
are increasingly prevalent.
1. Introduction

Does human economic behavior change when interacting with a bot
as opposed to another human being? This a key behavioral question yet
to be understood in the context of the vast substitution of humans with
automated and autonomous conversational agents (i.e., chatbots) in the
digital economy. While conversational artificial intelligence (AI)1 has
already enabled the use of such chatbots for automation of service and
assistance tasks with significant efficiency gains (for both consumers
and organizations),2 most recent developments in this field, such as the
release of the large language model ChatGPT, showcase the tremendous
potential for future disruption (Heilweil, 2022; Mollick, 2022).

However, there is a potential flip side of replacing human-to-human
with human-to-bot interactions: humans might be more inclined to
report dishonestly when interacting with a bot as opposed to a human,
because lying might simply evoke lower psychological costs of lying in
the interaction with a bot as opposed to a human. Such psychological
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1 In fact, a study by Juniper (2019) estimates that the operational costs savings from using chatbots will reach about USD 8 billion in banking and amount to
USD 1.3 billion in insurance claims management alone in 2023.

2 An insurance example is the US digital insurance company Lemonade, which sells insurance policies and settles claims via chatbots or the Swiss insurance
company Helvetia, which utilizes chatbots in the claims settling process. Several studies expect this technology to entirely change the means of interactions in
both banking (Brewster, 2016) and insurance (Hall, 2017).

costs of dishonest behavior have been linked to social-norm compliance
(Krupka & Weber, 2013) as well as social- (Bursztyn & Jensen, 2017)
and self-image (Mazar, Amir, & Ariely, 2008) concerns. A key question
in addressing this issue is whether non-human bots can be designed to
be perceived as more human in a sense that it increases the psycho-
logical costs of dishonest behavior when interacting with them, which
appears unlikely given the fact that humans expect other humans (but
not bots) to possess a mind. A central dimension in this context has
been suggested to be the perceived ‘‘agency’’ (Gray & Wegner, 2012).
We interpret ‘‘agency’’ specifically as the perceived capacity of the
counterpart to exert self-control and make autonomous decisions. This
is distinct from the perceived independence or self-sufficiency of the
machine from its human creators or operators. Our focus is on whether
the interaction signals the presence of a mind capable of deliberate
action and self-regulation, rather than on the organizational or physical
distance from human oversight. This interpretation aligns with the
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psychological dimensions of agency discussed by Gray, Gray, and Weg-
ner (2007) but is operationalized here in the context of self-control
during interactive communication.3

Considering the economic costs caused by dishonest behavior, re-
ucing dishonesty effectively is of great relevance to firms, policy
akers, and the economy in general alike (Mazar & Ariely, 2006). Dis-
onesty poses a severe negative externality to markets, generating high
osts of doing business, which can ultimately lead to the unraveling of
arkets (Waeber, 2021). A prominent example of everyday dishonesty

s insurance fraud, which is estimated to be exceeding USD 40 billion
er year, for example, in the US non-health insurance market alone,
ncreasing premiums for an average family to between USD 400 and
SD 700 annually (FBI, 2020). Claims handling processes are the key

ocus of insurers’ operational efficiency programs across the value chain
Adler, Shapiro, Finkelstein, & Sterner, 2019) and chatbots are a vital
ool for claims process automation already applied by incumbent firms
uch as Helvetia Insurance (with chatbot Clara) and insurtechs such as
emonade Insurance Company (with chatbot Jim).

We assess dishonesty in an incentivized behavioral experiment con-
isting of a one-shot individual reporting of an unobserved random
raw via a written online chat interaction following a strict protocol
nd a two-by-two factorial design with randomized assignment, varying
he nature of interaction (i.e., human versus bot) and the degree of
ind attribution through a signal of agency. To eliminate the confound-

ng effects from differences in presentation and framing, we originate a
omogeneous online chat interface that varies only regarding the type
f interaction—i.e., either an automated chatbot or another human. To
void participants’ apprehension about experimenter manipulation, we
ely on an external non-physical and verifiable source of uncertainty—
ecimals of stock index values, which can be easily looked up via
Google widget on the internet. This source of uncertainty at the

ame time offers the advantages of featuring an objective (uniform)
robability distribution that allows us to infer honest reporting at
he treatment population level and is available for all web-enabled
evices, making it usable for online experimentation. Precluding the
oncern (and heterogeneity herein) of facing experimenter judgment
f reporting behavior as could incur in a standard physical laboratory
etting (e.g., at the payout stage), we ensure the anonymity and non-
bservability of participants when conducting the experiments not in
he laboratory, but at home in an online setting. This latter design
eature mimics real-world settings of chatbot interactions and thus
agnifies external validity.

We observe a material and significant amount of dishonest reporting
ehavior in our data, unconditional on treatment assignment. The
verage reported outcome is significantly higher than the expected
verage outcome under full honesty. Also, the distribution of reports
s highly skewed towards the high payoff outcomes, which is again in
ontrast to the uniform distribution across all possible values expected
nder full honesty. Our exogenous treatments generate variation in
eporting behavior that provides mixed support for our hypotheses.
hile we find that reporting to a chatbot induces the lowest levels of

onesty, we find no statistically different reporting behavior compared
o a human counterpart. In contrast, while endowing the human chat
nteraction with the indication of human agency (i.e., by signaling mind

3 The concept of ‘‘agency’’ as used in this study follows the definition
rovided by Gray et al. (2007), which focuses on the perceived capacity of
n entity to exert self-control, intentionality, and planning. This psycholog-
cal perspective of agency involves attributing mental states and cognitive
bilities to the entity. In contrast, the concept of machines being perceived
s independent from humans or organizations pertains to the operational
utonomy of the machine, i.e., the extent to which the machine operates
ithout direct human intervention or oversight. While agency in our study

oncerns the internal capabilities and perceived intentionality of the chatbot,
erceived independence would focus on external factors such as the machine’s
perational self-sufficiency and distance from human control.
2

via a variation in the interaction content) causes a significant increase
in honesty, endowing the chatbot with an indication of agency does
not induce more honest behavior. So, signaling agency in a human
counterpart increases honest behavior, while doing so in a chatbot
does not. In essence, our results suggest that under online chat-based
interactions only the presence of humans that are at the same time
able to indicate agency significantly improves honesty outcomes. We
are careful, however, with the interpretation of these finding as there
is a broad spectrum of alternative ways to potentially vary agency.

Our analysis of pathways further supports the expected role of
social- and self-image concerns, and social norms. More precisely, we
find that individuals pay less attention to their social image when
they interact with a bot principal (even when this bot principal signals
agency) as opposed to a human. Furthermore, an experiment in which
participants’ beliefs about others’ behavior were elicited shows that,
aside from the higher prevalence of social-image concerns under then
human condition, differences in perceived norms might play a role in
explaining behavior. Finally, our results suggest that a passive interac-
tion via a standard online form as opposed to a conversational chat
interaction could achieve the same levels of honesty as the human-
to-human chat interaction. Considering that such online forms are
significantly less costly to operate, this is an important finding to
consider when designing customer interactions.

The remainder of this paper proceeds as follows. In Section 2,
we provide a broad overview of the related literature and derive our
hypotheses. Section 3 provides an introduction to the experimental
setting, including information on treatment variation and procedures.
In Section 4, we present the results, and in Section 5 we conclude.

2. Literature and hypotheses

Our work first and foremost contributes to a new field of empirical
research focused on understanding the differences between human-
to-human and human-to-bot interactions. Nested in this new stream
of literature is the fundamental question of the impact of human-to-
bot interactions on honest behavior in market transactions. Standard
economic theory suggests that individuals would always lie if benefits
(i.e., monetary gains) are sufficiently high to cover the costs of dis-
honest behavior (i.e., punishment). However, the empirical literature
documents broad evidence for individual behavior foregoing financial
benefits at the benefit of acting honestly in such situations (Abeler,
Becker, & Falk, 2014; Cappelen, Sørensen, & Tungodden, 2013; Erat
& Gneezy, 2012; Fischbacher & Föllmi-Heusi, 2013; Gneezy, 2005;
Gneezy, Kajackaite, & Sobel, 2018; Mazar et al., 2008). In the context of
human-to-bot interactions, there is some empirical evidence that some
differences might arise in honest behavior, conditional on whether
a human interacts with another human or with a chatbot. Hoegen,
Stratou, Luces, and Gratch (2015), for example, compare the behavior
of people interacting with other humans in face-to-face interactions
with their behavior when interacting with virtual humans. They find
that subjects are more willing to steal when interacting with virtual
humans. Recently, Maréchal, Cohn, and Gesche (2021) show that lying
is more prevalent when subjects interact with a machine in the form of
a voice response system with pre-recorded voice messages as opposed
to a call with another human. In this paper, we focus on a recent key
technological innovation – artificial conversational agents or chatbots
– now broadly applied by corporations around the globe. Specifically,
the current paper extends the recent work of Maréchal et al. (2021)
in two ways. First, it studies reactions to chatbots in contrast to a
voice response system with pre-recorded voice messages. Second, it
elaborates on the process underlying dishonesty with a focus on the
role of agency. We state our first hypothesis as follows.

Hypothesis 1 (Human Versus Chatbot). We expect participants to be less
honest in an interaction with a chatbot as opposed to an interaction
with another human.
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Despite recent advancements in chatbot technology, no artificial
intelligence has yet been developed that has the basic features of
what psychologists call a ‘‘theory of mind’’ (Astington, 1994; Baron-
Cohen, 2000). A theory of mind is defined as the human ability to
attribute mental states such as beliefs, desires, goals, and intentions
to others as well as the ability to deceive others (Rabinowitz et al.,
2018). This ability enables humans to conceive of the different mental
states that other people demonstrate. Such an ability is thus essential
for human cognition and social interactions. For example, theory of
mind enables us to understand the meaning behind an ironic remark.
Evidence on the theory of mind concept mainly originates from the field
of cognitive neuroscience. In an early contribution to neuroeconomics,
McCabe, Houser, Ryan, Smith, and Trouard (2001) compare neural
activity in a trust game with both human and computer counterparts.
They find significant increases in activation in medial prefrontal brain
regions among cooperators in human-to-human interactions compared
to human-to-bot interactions. This brain region is thus involved in
integrating theory-of-mind processing with cooperative behavior. A
study by Gogoll and Uhl (2018) reveals that humans are reluctant to
delegate decisions to a machine when it comes to moral issues. This
is supported by studies showing that people are averse to machines
making morally-relevant driving, legal, medical, and military decisions,
and that this aversion is mediated by the perception that machines lack
a full human mind (Bigman & Gray, 2018). Kirchkamp and Strobel
(2019) have extended the idea of responsibility sharing to human–
machine interactions. In a dictator game, the number of selfish choices
increases when the decision is shared with a computer. However,
humans behave even more selfishly when the decision is shared with
another human. This is mainly due to the fact that dictators perceive
themselves as more responsible for the receiver’s payoff in the computer
setting.

It should be noted that several earlier studies reveal mind attri-
bution of humans when interacting with machines. Nass and Moon
(2000) show that it is possible for humans to ascribe human-like
attributes to machines. They argue that such behavior is due to ‘‘mind-
less overusage’’ of human social categories and ‘‘overlearned’’ social
behaviors. In a laboratory experiment, Reeves and Nass (1996) find
that humans are as polite to computers as they are to humans. Sim-
ilarly, Fogg and Nass (1997) reveal that individuals apply gender
stereotypes to computers even though they are aware of the machine
narrator. Furthermore, Tanibe, Hashimoto, and Karasawa (2017) show
that imagining a situation in which people treat a robot in a good way
made them more willing to attribute a mind to it, and increased mind
attribution led to more positive attitudes towards the robot. We state
our second hypothesis as follows.

Hypothesis 2 (Signaling of Agency). We expect the endowment of the
human counterpart with an indication of agency (i.e., by signaling mind
via a variation in the interaction content) to increase honest behavior,
while an indication of agency of the chatbot counterpart is not expected
to cause this effect, because humans expect other humans (but not
chatbots) to possess a mind.

We explore a range of further pathways that could determine honest
behavior in our setting. The act of lying violates an individual’s self-
concept as an honest person (Mazar et al., 2008; Shalvi, Eldar, &
Bereby-Meyer, 2012, and recent evidence suggests that individuals
also experience social-image concerns as a result of their dishonesty
(Abeler, Nosenzo, & Raymond, 2019; Khalmetski & Sliwka, 2019).
Recent theoretical models combine both a desire to appear honest
with a desire to be honest in the utility function (Abeler et al., 2019;
Khalmetski & Sliwka, 2019). People thus not only consider the expected
monetary gains from lying, the probability of being caught, and the
potential punishment, but also care about not being perceived as a
liar by themselves (Waeber, 2021) but also by the receiver of the
3

message at the time of communication. Following this literature, we
expect that some participants incur social- or self-image costs of lying
as they experience a direct disutility from falsely reporting private
information. In the interaction with a bot principal, such social- or self-
image costs of lying play a less important role. We thus expect the share
of participants who lie maximally (i.e., report high outcomes) to be
higher when reporting to a chatbot. Similarly, we expect the share of
partial liars (i.e., reporting more credible outcomes) to be higher when
subjects report to a human principal. Previous evidence points in that
direction. In fact, Maréchal et al. (2021) find that subjects felt more
comfortable reporting suspicious success rates (i.e., full lies) when they
interacted with a bot compared to a human. Literature generally agrees
that when image concerns are weak, liars report the highest feasible
number (Khalmetski & Sliwka, 2019). Thus, we argue that the one way
to explain the observed differences in partial and full lies are self- or
social image concerns, which play a different role depending on the
type of interaction partner. We state our third hypothesis as follows.

Hypothesis 3 (Social-Image Concerns). We expect participants to care
more about their social image in an interaction with another human
as opposed to an interaction with a chatbot, thus reporting less ‘‘sus-
piciously high’’ values (i.e., seven, eight, or nine) and more ‘‘credible’’
values (i.e., five or six).

Our work relates to additional studies that emphasize important
differences in how humans treat machines. De Melo and Gratch (2015)
find that recipients in a dictator game expect more money from a
machine than from a human, and proposers in an ultimatum game
offer more money to a human than to a machine. They show that
subjects are more likely to experience guilt in the interaction with a
human as opposed to a machine. Gneezy, Imas, and Madarász (2014)
demonstrate that individuals who have previously engaged in immoral
behavior are more likely to engage in charitable giving. We hypothesize
that this conscience accounting phenomenon may manifest differently in
interactions with humans versus machines when dishonesty is involved.
We state our fourth hypothesis as follows.

Hypothesis 4 (Guilt). We expect participants to experience a higher
level of guilt in an interaction with another human as opposed to a
chatbot and thus we expect higher donations of experimental earnings
among those participants in the chatbot interactions as opposed to
those in the human interactions.

Previous literature finds that individuals often do not take full
advantage of a lying opportunity (Fischbacher & Föllmi-Heusi, 2013;
Mazar et al., 2008). This can be explained by the presence of an
internalized honesty norm that creates psychological costs of lying
(Cohn, Fehr, & Maréchal, 2014; Fischbacher & Föllmi-Heusi, 2013;
Krupka & Weber, 2013). We expect that the presence of a bot as
opposed to a human interaction changes the perception of the norm
(i.e., beliefs of others’ behavior), explaining differences in dishonest
behavior. We state our fifth hypothesis as follows.

Hypothesis 5 (Social Norms). We expect participants to hold a different
social norm regarding honest reporting in that they expect others to be
less honest in an interaction with a chatbot as opposed to an interaction
with another human.

Although conversational interfaces, such as chatbots, have only
recently emerged in the digital realm, traditional online forms have
long been a staple for organizations to interact with customers. These
forms serve as a relevant control group, representing the established
technology widely used in various contexts, and enabling a compari-
son between their ‘‘formal’’ structure and the more ‘‘informal’’ nature
of chatbot interactions. In the absence of an established theoretical

framework, we refrain from proposing a specific hypothesis.
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Fig. 1. Google widget for SMI.

3. Experimental design

Our design follows the fundamental ideas of standard experimental
setups to infer dishonest behavior (e.g., Fischbacher and Föllmi-Heusi
(2013)) by asking participants to report a randomly generated number,
which is unobservable by the experimenter and which determines the
payoff for participating in a survey. The context of the survey was
framed in the health and risk domain, including questions about health
status and health behavior as well as questions about the propensity to
take risks in different areas.

In contrast to the use of physical sources of uncertainty such as
a die (Fischbacher & Föllmi-Heusi, 2013) or a coin (Maréchal et al.,
2021), which can be problematic for online experimentation, we use
the value of a stock market index to generate random numbers (see,
e.g., (Waeber, 2021)). In particular, the random number is generated
by the second decimal place of either the Swiss Market Index (SMI) or
the DAX Performance Index (DAX) at a particular point in time—the
reported outcome equals the payoff in Swiss Francs (CHF). Participants
in the experiment are asked to look up the value of their respective
stock index of choice in a Google widget, showing either the SMI or the
DAX (see Fig. 1 for an example of the SMI). We then ask them to report
the observed random draw via a written chat communication on a
computer screen. We emphasize that we will not learn the participants’
choice of index, lending further credibility to the unobservability of
the source of uncertainty, which is important to avoid reputation and
strategic concerns.4 Because the payoff participants receive for partic-
ipation depends on the reported outcome, there is a clear incentive to
report higher outcomes.

4 Using an online experiment, we seek to eliminate fears of detection,
punishment, or reputational concerns (e.g., when interacting with the lab
personnel). To test, whether fear of detection plays a role, we elicit subjects’
risk attitudes to test whether there is a relationship between risk aversion
and dishonest behavior. If the fear of detection is a relevant issue in our
design, we would expect that more risk averse subjects are less dishonest.
We further include an interaction term between risk aversion and the bot
dummy to see whether subjects are more worried about getting caught
in the interaction with a human principal. As shown in Table A.1 of the
Appendix A, subjects’ risk aversion does not significantly decrease reported
outcomes. We additionally find that dishonesty is not significantly different
under either condition (i.e., human or bot principal). It can thus be concluded
that punishment or reputation concerns do not play a role in our experimental
design.
4

Table 1
Treatment conditions.

Principal type

Human Bot

Agency No 𝐶𝐻𝑈 𝐶𝐵𝑂
Yes 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌

By design of the experiment, we cannot detect dishonesty at the
individual level, but, because we know the empirically realized distri-
bution of values,5 we can infer dishonesty for different subpopulations
along our dimension of treatment variation.

We follow Gneezy et al. (2014) and further administer an incen-
tivized measure of guilt to assess whether and how significantly the
feeling of guilt plays a differential role between human and bot inter-
actions. Here, we ask participants how much of their proceeds from the
experiment they would like to donate to UNICEF (i.e., an amount in the
range [CHF 0, CHF 1] in ten centime increments). We use this range so
that the donation amount is relatively small compared to the amount
that can be gained through dishonesty. We further elicit the subjects’
risk attitudes using the survey questions developed by Dohmen et al.
(2011).6

3.1. Treatment variations

We implement four treatments in a between-subject design as shown
in Table 1. Table 2 further shows selected communication elements to
illustrate the similarities and differences in the treatment conditions.
In order to isolate the impact of the type of principal and the role
of agency on dishonest behavior, we follow a standard two-by-two
factorial design, varying the dimensions of (1) human versus chatbot
and (2) agency versus no agency. While under the human conditions
(i.e., 𝐶𝐻𝑈 , 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 ), participants interact with a student assis-
tant, participants interact with an automated chatbot under the bot
conditions (i.e., 𝐶𝐵𝑂, 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 ). The chatbot was programmed to
be gender and age neutral.

We further vary the dimension of agency (i.e., 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 ,
𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 ). Under these conditions, we facilitate mind attribution
among agents towards the principal. Gray et al. (2007) show that
people perceive mind in two dimensions: the perceived capacity to
sense and feel (i.e., experience)7 and the perceived capacity to act and
do (i.e., agency).8 Adult humans are seen as capable of both agency
and experience and some claim that agency is the essential feature of
human minds. In fact, a bot’s ability to think is often quite domain
specific. Considering the full spectrum of agency, bots are perceived
as having less agency than adult humans (Gray & Wegner, 2012).
Endowing computers with experience can lead to a phenomenon that
has been described as ‘‘the uncanny valley’’, referring to the increasing
discomfort humans feel in encountering robots when they appear to be
human-minded. Through an experiment, Gray and Wegner (2012) find

5 The distribution of second decimals in the range of [0, 9] of the DAX and
SMI stock index is not only known approximately but exactly, as we look up
the data in 5-min intervals at a later point in time in the respective Google
widgets. It is important to emphasize that we cannot observe the same data
as the participants do during the time of the experiment. We show in Fig. A.1
of the Appendix A that these values are indeed equally distributed.

6 Precisely, we asked subjects, ‘‘How do you see yourself: Are you generally
a person who is fully prepared to take risks or do you avoid taking risks’’ using
an 11-point Likert scale ranging from ‘‘not at all willing to take risks’’ to ‘‘very
willing to take risks’’.

7 Attributed to hunger, fear, pain, pleasure, rage, desire, personality,
consciousness, pride, embarrassment, and joy.

8 Including the capacities of self-control, morality, memory, emotion
recognition, planning, communication, and thought.
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Table 2
Exemplary conversational interactions conditional on treatment.

Principal type

Human Bot

Agency No Hello! I’m a student assistant, helping the experimenters
to collect your responses for this survey. Are you ready?

Hello! I’m an automated chatbot, the experimenters
programmed to collect your responses for this survey. Are
you ready?

Agency Yes I’m a talented student, which is, I believe, the reason, I’m
being involved in this survey. I also have good
communication skills, helping me to understand others,
and to be understood.

I can process a lot of data and interactions at the same
time, which is, I believe, the reason, I’m being involved
in this survey. At the same time, I can mimic
conversation-like interactions, which are closer to human
communication than online forms.
that a bot capable of experience causes feelings of unease, even without
a humanlike appearance. We thus focus on perceived agency here.

More specifically, in 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 , the chatbot was programmed
to have a discussion on its own capabilities, showing that it can
communicate and think (e.g., that it can process a lot of data and
interactions at the same time and that it can mimic conversation-like
interactions). Similarly, in 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 , the student assistant reflects
on his capabilities (e.g., that he/she is providing research assistance).
The chat communication software allows for both human and bot
interaction through the same chat interface, allowing us to avoid
differences in format.9 We would like to acknowledge a possible limi-
tation in the discriminatory power of our intervention for the case of
the chatbot interaction. The second treatment dimension, which we
describe as varying ‘‘agency’’, could in theory also be interpreted as
signaling the chatbot’s experience or sophistication. This aligns with
the broader understanding of how participants might perceive the
interaction, considering (Gray et al., 2007) definition of agency.

3.2. Procedures

We recruited participants from the participant pool of the behav-
ioral lab at the University of St.Gallen. Because some of the treatment
conditions of the experiment rely on human interaction, and our design
requires that we conduct sessions during the trading hours of the SMI
and DAX, participants were asked to select a time slot before taking
part in the study. The web-link to the study was sent out in a separate
e-mail shortly before the session started. Participants took part in the
experiment not in the physical laboratory, but at home in an online
setting.10 We explicitly asked participants to make sure that they were
in a quiet place without any distractions when starting the experiment.

During the experiment, we informed participants that the exper-
imental data is anonymized and treated confidentially. Participants
first received instructions of the experiment via the experimental soft-
ware oTree (Chen, Schonger, & Wickens, 2016) and were randomly
assigned to one of the four conditions, assuring equal distribution of
treatments within one experimental session. We informed participants
about the nature of the principal (i.e., chatbot or human), conditional
on treatment assignment. The student assistants interacting with partic-
ipants under the human conditions strictly followed a conversational
protocol, ensuring that the content of conversations is comparable
between human and bot conditions (see supplementary online material
for the complete conversational protocol). In particular, the student
assistant copied and pasted the questions and replies from the protocol
document one-to-one. Only in very few cases did participants probe the
chatbot and deviate from the protocol by sending additional questions
or messages. In those cases, the experimenters did not respond to such

9 Under the human conditions 𝐶𝐻𝑈 and 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 , the conversation is
always led by a student assistant interacting with participants.

10 Previous research finds that findings from traditional, physical laboratory
experiments can be replicated in the online laboratory (Horton, Rand, &
Zeckhauser, 2011). Despite initial concerns regarding experimental control,
5

these findings are both internally and externally valid.
questions or comments by participants. Fig. 2 shows the chat interface
that appeared on the main experiment page in the case of the chatbot
interaction treatments. The content shown here is only a fraction of
the full interaction, which is documented in the supplementary online
material. The average experiment duration (in minutes) is 7.06 for 𝐶𝐵𝑂,
8.16 for 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 , 11.04 for 𝐶𝐻𝑈 and 13.91 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 . We
carefully control for the potential role of these differences in our later
analyses and find no meaningful effect. Participants were compensated
with a fixed participation fee of CHF 3, plus an additional payout that
was conditional on the reported random draw (i.e., ranging between
CHF 0 and CHF 9). Payments were sent to the participants’ bank
accounts the evening of the day of participation. We asked participants
for their bank account information on a separate website connected to
a separate database that we could not link with the experimental data.

3.3. Summary statistics

A total of 381 participants with an average age of 23.5 took part
in our experiment. The sample has slightly more male participants (59
percent) as opposed female participants (41 percent). About 56 percent
of respondents reported to have between CHF 500 and CHF 1499 at
their disposal per month, representing the largest income category in
our sample. When asked about their sources of income, 62 percent
of respondents indicated their family and 29 percent reported their
job as their main source of income. 27 percent of participants had a
study major in Management. Table 3 provides summary statistics and
balancing tests of our control variables. Our sample appears balanced
across treatment conditions as all Kruskal–Wallis equality of means test
𝑝-values are far from relevant significant thresholds. This is expected
due to randomized treatment assignment.

4. Main results

Fig. 3 shows the distribution of the reported outcomes in the total
sample, unconditional on treatment assignment. We find that the av-
erage reported outcome is 6.5 and that the distribution of outcomes
is highly negatively skewed (i.e., towards the high payoff outcomes).
This suggests that participants systematically report higher outcomes
than the ones they had actually seen, which is in contrast to the
uniform distribution across all possible values between 0 and 9 that
would generate an expected average outcome of 4.5 under full honesty
(i.e., a one-sided Kolmogorov–Smirnov test of equality with the uniform
distribution gives 𝑝-value < 0.001). Following Fischbacher and Föllmi-
Heusi (2013) to characterize our sample population, we calculate the
share of honest participants (i.e., those reporting an outcome of 0) to
be 26 percent and the share of income maximizers (i.e., those reporting
an outcome of 9) to be 14 percent.11

The results conditional on treatment assignment presented in Fig. 4
and Table 4 offer mixed support for our hypotheses regarding honesty
in interactions with humans and chatbots.

11 Fischbacher and Föllmi-Heusi (2013) estimate the percentage of honest
people to be as large as 39 percent and the percentage of participants acting
as income maximizers to be 22 percent at maximum.
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Fig. 2. Chat interface.
Fig. 3. Reports of random draws in total sample. 𝑁𝑜𝑡𝑒: The figure shows the distribution of reported random draws unconditional on treatment assignment. The black solid line
depicts the uniform distribution expected under truthful reporting.
Our first hypothesis (H1) posited that participants would be less
honest in interactions with chatbots compared to humans. The results
show no significant difference in reported draws between the 𝐶𝐻𝑈
and 𝐶𝐵𝑂 conditions (mean difference = −0.317, 𝑝-value = 0.494). This
suggests that, contrary to our expectation, the mere presence of a
human or bot counterpart did not significantly influence honesty in this
context.

Our second hypothesis (H2) proposed that signaling agency in a
human counterpart would increase honest behavior, while doing so in a
6

chatbot would not have the same effect. The data partially supports this
hypothesis. In the human conditions, there was a significant difference
between the 𝐶𝐻𝑈 and 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 conditions (mean difference =
0.674, 𝑝-value = 0.043). This indicates that signaling agency in a
human counterpart did indeed lead to more honest reporting, as we
had hypothesized. However, the comparison between the 𝐶𝐵𝑂 and
𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 conditions did not reveal a significant difference (mean
difference = 0.147, 𝑝-value = 0.632). This suggests that signaling
agency in a chatbot did not significantly influence honesty, consistent
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Table 3
Summary statistics and balancing tests.

Gender Age Income Income source Major
(1) (2) (3) (4) (5)

𝐶𝐻𝑈 0.557 23.247 0.546 0.557 0.320
(0.050) (0.373) (0.050) (0.049) (0.045)

𝐶𝐵𝑂 0.621 23.137 0.621 0.611 0.242
(0.051) (0.377) (0.051) (0.050) (0.046)

𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.585 24.043 0.574 0.617 0.298
(0.051) (0.379) (0.051) (0.050) (0.046)

𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 0.589 23.663 0.484 0.705 0.232
(0.051) (0.377) (0.051) (0.050) (0.046)

Overall mean 0.588 23.52 0.556 0.622 0.273
𝑝-value 0.844 0.167 0.288 0.203 0.453
Observations 381 381 381 381 381

Notes: The table shows mean values and standard errors of control variables conditional
on treatment assignment and overall. We test for equality of means across treatment
conditions using the Kruskal–Wallis test; the respective 𝑝-values of the tests are shown
n the second to last line. For ease of interpretation, we recoded our categorial variables
nto binary variables (i.e., dummy coding) in each case assigning 1 to largest category.
ender is a dummy variable that takes on the value 1 when the participant is male.

ncome is a dummy variable that takes on the value of 1 if the participant has between
HF 500 to 1499 at his/her disposal per month. Income source is a dummy taking on
he value of 1 if their main source of income is their family. Major is a dummy taking
n the value of 1 if the participant’s major is Management.

able 4
reatment comparisons.
Comparison Mean 𝑝-value W 𝑝-value KS

𝐶𝐻𝑈 − 𝐶𝐵𝑂 −0.317 0.494 0.690
𝐶𝐻𝑈 − 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.674 0.043 0.028
𝐶𝐻𝑈 − 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 −0.169 0.896 0.676
𝐶𝐵𝑂 − 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.991 0.006 0.003
𝐶𝐵𝑂 − 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 0.147 0.632 0.740
𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 − 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.843 0.013 0.002

Notes: The table shows mean differences of reported draws defined on the interval
between 0 and 9 between all treatment conditions (Column 2) as well as respective
𝑝-values based on nonparametric Wilcoxon tests (Column 3) as well as two-sample
Kolmogorov–Smirnov tests on distributional equality (Column 4).

with our expectation that humans do not attribute agency to chatbots
in the same way they do to other humans.

Interestingly, the comparison between 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 and
𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 showed a significant difference (mean difference = 0.843,
𝑝-value = 0.013). This indicates that even when agency is signaled,
participants are more honest with humans than with chatbots.

While the results do not fully support our initial hypotheses, they
do highlight the complex interplay between the type of counterpart
(i.e., human or bot) and the presence of agency cues in shaping honest
behavior. The findings suggest that agency cues are more influen-
tial when interacting with humans, underscoring the unique social
dynamics that arise in human-to-human interactions.

While finding that agency cues are only effective in impacting hon-
est reporting in an interaction with another human, the treatment effect
could in principle be driven by mechanisms other than the perception
of agency.12 To test for the validity of attributing the treatment effect
to a variation in mind perception, participants were asked to rate the
extent to which they perceived their respective counterpart to have
agency subsequent to the interaction and to reporting the outcome
in the experiment. We measure agency using four survey items.13 It
is important to note that judgment about whether something has a

12 For example, the specifics of the text elements used to signal agency might
ave triggered differential reactions not related to agency.
13 Following the official survey questions on the dimension of mind percep-

ion by Gray et al. (2007), participants were asked (1) ‘‘To what extent is
he counterpart capable of having experiences and being aware of things?’’,
2) ‘‘To what extent is the counterpart capable of understanding how others
7

re feeling?’’, (3) ‘‘To what extent is the counterpart capable of telling right
Table 5
Impact of bot nature and agency on reporting high/medium outcomes.

Comparison Mean high 𝑝-value Mean medium 𝑝-value

𝐶𝐻𝑈 − 𝐶𝐵𝑂 −0.044 0.526 −0.025 0.670
𝐶𝐻𝑈 − 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.183 0.012 −0.155 0.016
𝐶𝐻𝑈 − 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 −0.055 0.431 −0.004 0.944
𝐶𝐵𝑂 − 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.227 0.002 −0.130 0.049
𝐶𝐵𝑂 − 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 −0.011 0.880 0.021 0.724
𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 − 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.238 0.001 −0.151 0.020

Notes: The table shows mean differences of high (i.e., >6) and medium (i.e., 5, 6)
reported outcomes between all treatment conditions (Columns 2 and 4) as well as
respective 𝑝-values based on nonparametric Wilcoxon tests (Columns 3 and 5).

mind or not is often based on perceptions. In the computer science
literature, definitions of machine agency often reflect the degree to
which machines are perceived to have agency by human actors.

Fig. 5 shows kernel density estimates of perceived agency condi-
tional on treatment assignment. Overall, we find that mean perceived
agency is significantly higher under the human conditions as opposed
to the bot conditions (𝑝-value < 0.001), indicating that humans un-
derstand other humans to possess a mind but not bots. As to our
intended exogenous variation in agency, we find that indeed it in-
creases perceived agency, but only under the human condition. Mean
perceived agency in 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 (𝑀 = 3.314) is significantly higher
𝑝-value = 0.039) compared to 𝐶𝐻𝑈 (𝑀 = 3.057). This indicates that

our 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 treatment successfully triggered mind perception of
articipants regarding the other human interaction partner. Under the
ot condition, the agency treatment does not impact perceived agency
ignificantly (𝑝-value = 0.096). Chatting with a bot thus can – if at all –

trigger mind perception only to a limited extent. Related to the possible
lack of discriminatory power between agency and other constructs
that might be varied by our intervention, this result could suggest
that what participants perceive might be more related to the chatbot’s
experience or level of sophistication rather than its capacity for self-
control and planning. Further research could explore these dimensions
more specifically to better understand the nuances in human-chatbot
interactions.

4.1. Pathways

Social-image concerns
In the next step, we aim to examine whether the observed treat-

ment differences in honest behavior can be explained by differences
in social-image concerns. The presence of a human principal might
cause participants to care more about their social image and thus, they
would feel less comfortable telling a lie during the human interaction.
To quantify the influence of social-image concerns on dishonesty as
well as heterogeneity conditional on treatment assignment, we follow
Maréchal et al. (2021) and differentiate the reported outcomes into
high (i.e., seven, eight, or nine) – and therefore suspicious – and
credible (i.e., five or six).

Table 5 shows treatment effects on reporting high and medium
outcomes, respectively, offering mixed support for the hypothesis that
participants would be more concerned about their social image when
interacting with another human compared to a chatbot. First, the
comparison between 𝐶𝐻𝑈 and 𝐶𝐵𝑂 reveals no significant difference
n the share of individuals reporting high outcomes (−0.044, 𝑝 =
0.526). This suggests that the nature of the interaction partner per se

from wrong and trying to do the right thing?’’, and (4) ‘‘To what extent is
the counterpart capable of making plans and working towards a goal?’’ All
questions were answered on a five-point Likert scale, ranging from not capable
at all (1) to very capable (5). We averaged the final answers to construct an
agency index.
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Fig. 4. Reports of random draws. 𝑁𝑜𝑡𝑒: The figures show the distributions of reported random draws conditional on treatment assignment. The black solid lines depict the uniform
distribution expected under truthful reporting.
Fig. 5. Agency index across conditions. 𝑁𝑜𝑡𝑒: The figure shows kernel density estimates of perceived agency conditional on treatment assignment. Dashed lines indicate mean
values.
does not influence the likelihood of reporting high outcomes. How-
ever, once we endow the human interaction with an indication of
agency in 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 we see lower shares of individuals report-
ing high outcomes both compared to 𝐶𝐵𝑂 (0.227, 𝑝-value = 0.002)
and 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 (0.238, 𝑝-value = 0.001). Thus it seems that the
indication of agency in the human interaction es key to evoke social-
image concerns. This is magnified by the significant direct impact
of agency when comparing 𝐶𝐻𝑈 and 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 (0.183, 𝑝-value =
0.012). The treatment effects on reporting medium and thus more
8

credible outcomes reveals a substitution of suspicious with credible
reportings. In treatments where we see more high outcomes (i.e., hu-
man interactions without a signal of agency and bot interactions),
we see less medium (i.e., credible) reportings. In particular, 𝐶𝐻𝑈 has
a lower share of individuals reporting medium outcomes compared
to 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 (−0.155, 𝑝-value = 0.016), 𝐶𝐵𝑂 has a lower share
of individuals reporting medium outcomes compared to 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌
(−0.130, 𝑝-value = 0.049), and 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 has a lower share of
individuals reporting medium outcomes compared to 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌
(−0.151, 𝑝-value = 0.020).

In summary, our results indicate that individuals pay less attention

to their social image when they are interacting with a principal that
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Fig. 6. Donations across conditions and reported outcomes. 𝑁𝑜𝑡𝑒: The figure shows split violin density plots of donations conditional on treatment assignment and whether
participants reported outcomes above 6 (i.e. dark gray) or below or equal to 6 (i.e., light gray).
does not signal agency and that agency does not evoke social-image
concerns at all when interacting with a bot principal.

Guilt
Gneezy et al. (2014) show that prior immoral choices increase

the likelihood of charitable giving. We anticipate that such conscience
accounting might play a differential role between human and machine
interactions when it comes to dishonesty. Fig. 6 shows the kernel
density estimates of donations to UNICEF (donations could be made
in the range [CHF 0, CHF 1] in ten centime increments) conditional
on treatment assignment and whether reported outcomes are high
(i.e., seven, eight, nine) or low (below or equal to six). Contrary to our
expectations and indicated by the symmetry of the split violin density
plots, there is no significant variation between donation decisions
neither conditional on treatment assignment (i.e., lowest 𝑝-value of
ll Kolmogorov–Smirnov tests is 0.165) nor conditional on reported
utcomes (𝑝-value = 0.79 of correlation between donation and reported
utcome); participants who reported higher outcomes are not more
ikely to donate to charity.

ocial norms
The experimental human and bot conditions generate differences in

onest reporting, and here, we examine whether dishonesty becomes
ore prevalent in the bot interaction due to how bot interactions affect
erceptions of norms. In other words, we assume that the presence
f a bot interaction partner changes the perception of the norm. We
ollow the literature on norm elicitation (Cohn et al., 2014; Fischbacher

Föllmi-Heusi, 2013; Kocher, Schudy, & Spantig, 2018; Krupka &
eber, 2013) and conducted an additional experiment with a new set

f participants. In the experiment, participants are asked to predict
ther participants’ reporting behavior under both main experimental
onditions (i.e., 𝐶𝐻𝑈 and 𝐶𝐵𝑂). More specifically, we inform partic-

ipants that they should predict the behavior of other participants in
a previously run experiment (i.e., the ‘‘reference experiment’’), which
we explain in detail. Participants then provide percentage estimates of
participants reporting a specific outcome (i.e., from zero to nine), and
they are compensated conditional on the accuracy of their predictions.
Participants earn CHF 9 if all guesses are correct (i.e., match with the
actual behavior observed in the experiments). For every percentage
point deviation from the actual shares, payoffs are reduced by CHF 0.1.
The minimum payoff in this very short belief elicitation task is CHF 1.
Participants additionally receive a show-up fee of CHF 3 that is added
to the earnings from the experiment. We recruited participants from the
participant pool of the behavioral lab at the University of St.Gallen and
excluded all subjects with previous experience in similar experiments.
In total, 139 participants took part in this experiment (70 had to predict
9

behavior in 𝐶𝐵𝑂 and 69 in 𝐶𝐻𝑈 ).
Fig. 7 shows the distribution of participants’ beliefs about the
behavior of others in terms of reporting behavior. On average, we
document a prevalent belief that participants in both of our exper-
imental conditions are dishonest at least to some extent (𝑝-value ≤
0.001 of Chi-Squared Test). A comparison of the beliefs conditional on
treatment assignment (i.e., 𝐶𝐻𝑈 and 𝐶𝐵𝑂) shows, however, that the
distributions are not significantly different from each other (𝑝-value
= 0.152 of Kolmogorov–Smirnov test), and participants are expected
to be comparably dishonest under both conditions on average. Indeed,
the average reported outcome that is expected is virtually identical. An
analysis of the dispersion, however, shows that the standard deviation
may be higher in 𝐶𝐵𝑂 (𝑆𝐷 = 5.05) as opposed to 𝐶𝐻𝑈 (𝑆𝐷 =
3.83) implying that the norm may be stronger under 𝐶𝐻𝑈 (i.e., lower
standard deviation of beliefs indicates a higher level of agreement).
A Levene’s test for homogeneity of variance, however, shows that
statistical significance is rather low (i.e., 𝑝-value = 0.093).

This evidence suggests that the perceived honesty norms do not
differ generally between the human and bot conditions. Consequently,
as dishonesty is significantly more pronounced under the bot conditions
in the actual reference experiment, violations of perceived honesty
norms are more prevalent under the bot condition. This is indeed to
some extent supported in the data, as the average absolute deviation
of actual behavior from the perceived norm is 19.14 percent higher
under the bot condition.14 This suggests that the psychological costs
of dishonesty (per unit of deviation from the norm) need to be lower
under the bot as opposed to the human conditions.

However, some isolated characteristics of the perceived norms in-
dicate that there might be subtle differences in norms not captured
by the above global perspective. First, we find that participants are
significantly more likely to anticipate that subjects lie partially under
the human condition as opposed to the bot condition by expecting
higher shares or reporting the medium outcomes 5 and 6 (𝑝-value
= 0.013). This is indeed what we have observed in the reference
experiment, thus indicating that, aside from the higher prevalence
of social-image concerns under the human condition, differences in
perceived norms might play a role in explaining behavior. Second, we
do not find significantly higher expectations of reporting a maximal
outcome of seven, eight, or nine (𝑝-value = 0.315) under the bot con-
dition as opposed to the human condition. However, consideration for
only the maximal outcome (i.e., nine) indicates marginally significantly

14 The average absolute deviation is estimated by ∑9
𝑁=0

|

|

𝑛𝑖 − 𝑎𝑖||, whereas
𝑛𝑖 represents the expected relative frequency of reporting outcome 𝑖 ∈
{0, 1, 2, 3, 4, 5, 6, 7, 8, 9} and 𝑎𝑖 the relative frequency of actually reported
outcomes 𝑖 in the reference experiment.
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Fig. 7. Beliefs about reported outcomes in reference experiment. 𝑁𝑜𝑡𝑒: The figures show beliefs about reported payoffs (i.e., the share of participants that is believed to have
reported a particular payoff) conditional on treatment in dark gray. The realized relative frequencies in the actual reference experiment are shown in light gray. The black solid
lines depict the uniform distribution expected under expectations of truthful reporting.
Fig. 8. Reports of random draws in online form. 𝑁𝑜𝑡𝑒: The figure shows the distribution of reported random draws under the online form treatment condition (i.e., 𝐶𝐹𝑂). The
black solid line depicts the uniform distribution expected under truthful reporting.
higher expectations under the bot condition as opposed to the human
condition (𝑝-value = 0.071), hinting also in the direction of subtle
ifferences in perceived honesty norms.

he conversational nature of the interaction
This research focuses on the impact of the bot nature within a

ramework of a written conversational interaction (i.e., live chat).
hile the application of such conversational-like interactions within

n online environment is a relatively recent phenomenon, firms have
een using online forms for a long time. To evaluate the impact of a
ritten conversational interaction relative to a standard online form
n dishonest reporting, we implemented a further treatment (𝑁 =

96) in the main experiment, where participants report outcomes in a
regular online form without any type of interaction (i.e., 𝐶𝐹𝑂). All other
aspects of the interactions were identical to the treatment conditions,
including conversational interactions. Treatment 𝐶𝐹𝑂 was implemented
simultaneously with the other treatments and there were therefore no
differences in the subject pool or other timing issues.

Our results (see Fig. 8 and Table 6) suggest that reporting in a
10

standard online form achieves the same levels of honest reporting as the
Table 6
Impact of conversational nature.

Comparison Mean 𝑝-value Mean 𝑝-value

𝐶𝐹𝑂 - Human chat −0.235 0.451
𝐶𝐹𝑂 - Bot chat −0.810 0.012
𝐶𝐹𝑂 − 𝐶𝐻𝑈 −0.567 0.101
𝐶𝐹𝑂 − 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 0.107 0.723
𝐶𝐹𝑂 − 𝐶𝐵𝑂 −0.884 0.016
𝐶𝐹𝑂 − 𝐶𝐵𝑂∶𝐴𝐺𝐸𝑁𝐶𝑌 −0.737 0.053

Notes: The table shows mean differences of reported draws defined on the interval
between 0 and 9 between all treatment conditions (Columns 2 and 4) and treatment
form as well as respective 𝑝-values based on nonparametric Wilcoxon tests (Columns
3 and 5).

human conversational interaction (i.e., 𝐶𝐹𝑂 against the intersection of
the two sets 𝐶𝐻𝑈 and 𝐶𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌 gives 𝑝-value = 0.451). Meanwhile,
the online form might even outperform the human chat interaction in
the absence of a signal of agency (i.e., 𝐶𝐹𝑂 against 𝐶𝐻𝑈 gives 𝑝-value
= 0.101) and is indistinguishable from the human chat interaction with
agency (i.e., 𝐶 against 𝐶 gives 𝑝-value = 0.723). We
𝐹𝑂 𝐻𝑈∶𝐴𝐺𝐸𝑁𝐶𝑌
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interpret this finding as an important aspect to be considered when
deciding to replace the broadly-applied online forms with written con-
versational interactions in settings in which dishonesty is detrimental
to the firm, such as it is, for example, in the case of insurance claims
settlement.

5. Conclusion

Digitization is changing the means of interaction of individuals with
organizations. In particular, artificial conversational agents (i.e., chat-
bots) increasingly replace human-to-human interactions with human-
to-bot interactions. In this paper, we analyze whether humans are more
likely to act dishonestly in an interaction with a chatbot as opposed to
another human in a chat communication and which pathways explain
differential dishonesty.

We use an innovative experimental design in which participants are
asked to report the outcome of an unobserved payout-relevant random
draw via a chat interface. While we exogenously vary the type of
interaction (i.e., either an automated chatbot or a human chat) and
the level of mind attribution (i.e., signal of agency or not), all other
aspects of the interaction (e.g., chat interface, content and speed of
interaction) were being held constant. The payout-relevant random
numbers are generated by a non-physical and verifiable random source
of uncertainty—decimals of stock index prices, which can be easily
looked up via a Google widget on the internet. We credibly eliminate
differences in reputation concerns from the form of interaction con-
ditional on treatment assignment that might otherwise bias potential
effects by allowing for the anonymity and non-observability of partic-
ipants when conducting the experiment not in the laboratory but at
home.

Our findings reveal economically relevant differences in honesty
depending on whether individuals interact with a chatbot or a human in
written chat communication. Signaling agency increases honesty only
when interacting with a human, suggesting a differential impact of
social cues based on the perceived nature of the counterpart. Notably,
the mere transition from human-to-human to human-to-bot interac-
tion does not inherently affect honesty levels. However, we identify
a stronger influence of social-image concerns and social norms in
human interactions, underscoring the importance of social dynamics
in shaping honest behavior. Further analysis reveals that, surprisingly,
the conversational style of a written chat with a chatbot, as opposed
to a traditional online form, appears to increase dishonest behavior.
Given the cost-efficiency of online forms, this finding has important
implications for optimizing customer interactions and engagement in
digital environments.

The increasing use of chatbots in customer interactions raises im-
portant ethical considerations. Our research reveals that while the
simple substitution of human interaction with chatbot interaction does
not necessarily increase dishonesty, the presence of human agency
signals plays a crucial role in promoting honesty. However, similar
agency cues from bots may not have the same effect, potentially even
leading to increased dishonesty. Surprisingly, chat-style interactions
with bots may also contribute to dishonesty compared to traditional
online forms. Therefore, organizations should carefully balance the
efficiency gains of chatbots with the potential for decreased honesty.
This can be achieved through strategic use of chatbots, human-in-the-
loop design, transparency, and ongoing research to address emerging
ethical challenges in human-bot interactions.

Our conclusions are rooted on the experimental findings presented
in this paper, but their interpretation inevitably rests on certain as-
sumptions, because randomizing all potential factors influencing dis-
honesty under human-to-human and human-to-bot conditions is not
possible. For example, we experimentally vary the signaling of agency
in a particular way. Future studies could further differentiate the means
of mind attribution. Also, we abstract from strong personalizations of
11

the counterpart during the interaction process both for the chatbot and
Table A.1
Risk aversion and dishonesty.

(1) (2) (3)

BotTRUE 0.575∗∗ 0.571∗∗ 0.571∗∗

(0.235) (0.236) (0.236)
Risk aversion −0.047

(0.118)
Risk aversion (Bot = FALSE) −0.067

(0.175)
Risk aversion (Bot = TRUE) −0.030

(0.160)
Constant 6.215∗∗∗ 6.216∗∗∗ 6.217∗∗∗

(0.166) (0.167) (0.167)

Observations 381 381 381

Notes: The table shows (1) OLS estimates of the bot treatment (BO and BO:AGENCY) on
the reported random draw defined on the interval between 0 and 9, (2) OLS estimates
of the bot dummy as well as a proxy for subjects’ risk aversion on the reported random
draw, and (3) OLS estimates including an interaction term between risk aversion and
the dummy variable stating whether the interaction partner is a human or a bot. ***
Significant at the 1 percent level. ** Significant at the 5 percent level. * Significant at
the 10 percent level.

the human. A possible means to affect honest reporting in future studies
is to assign social characteristics such as name or gender to the counter-
part in the interaction. To our knowledge, there is no extant research
showing the relevance of particular (conditional) social characteristics
of a chatbot to treat it as if it had its own mind. Finally, the total effect
of replacing human-to-human with human-to-bot interactions needs
to be evaluated also in the context of the benefits of a human-to-bot
interaction that is available 24/7 and allows for a quick and convenient
transaction that is valued by consumers. Finally, one might assume that
at some point in the future, humans will not be able to distinguish
whether they are interacting with real humans or with bots. Future
research could therefore examine an uncertain setting to see whether
humans behave differently when there is uncertainty regarding the type
of interaction.
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