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Abstract: AI-driven systems are rapidly moving from decision support to directing human
behavior through rules, recommendations, and compliance requests. This shift expands ev-
eryday human–AI interaction and raises the possibility that AI may function as an authority
figure. However, the behavioral consequences of AI as an authority figure remain poorly un-
derstood. We investigate whether individuals differ in their willingness to comply with arbi-
trary rules depending on whether these rules are attributed to an AI agent (ChatGPT) or to a
fellow human. In a between-subject design, 977 US Prolific users completed the coins task:
they could earn a monetary payoff by stopping the disappearance of coins at any time, but a
rule instructed them towait for a signal before doing so. There are no conventional reasons to
follow this rule: complying is costly and nobody is harmed by non-compliance. Despite this,
we find high rule-following rates: 64.3% followed the rule set by ChatGPT and 63.9% com-
pliedwith the human-set rule. Descriptive and normative beliefs about rule following, as well
as compliance conditional on these beliefs, are also largely unaffected by the rule’s origin.
However, subjective social closeness to the rule setter significantly predicts how participants
condition their behavior on social expectations: when participants perceive the rule setter
as subjectively closer, conditional compliance is higher and associated beliefs are stronger,
irrespective of whether the rule setter is human or AI.
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1 Introduction

Artificial intelligence (AI) is rapidly diffusing across a wide range of societal domains.1 It is
transformingmedicineandhealth care (Zhanget al., 2020;Capponi&Daniels, 2023;Biesheuvel
et al., 2024), generating efficiency gains and productivity increases in industry (Bharadiya et
al., 2023; Rana & Khatri, 2024), supporting sustainability transitions and environmental goals
(Satornino et al., 2024; Zejjari & Benhayoun, 2024; Bergougui, 2025), and fostering creativity
and idea generation (Lee & Chung, 2024). At the same time, AI raises substantial concerns. It
may threaten employment (Krittanawong, 2018; Mirbabaie et al., 2022; Orchard & Tasiemski,
2023), reduce customer acceptance in service contexts (Xu et al., 2024), and undermine re-
search integrity (Eke, 2023; Yusuf et al., 2024), particularly in online and experimental settings
(Westwood, 2025). Related to the topic of this paper, AI may also be used as an instrument of
social control (e.g., Zuboff, 2019; Tirole, 2021; Beraja et al., 2023; Roberts & Oosterom, 2025).
Reflecting these opposing forces, public attitudes toward AI are mixed (Zhang & Dafoe, 2019;
Liehner et al., 2023).

Beyond these societal impacts, AI is increasingly capable of engaging in behaviors that
resemble human decision-making. Recent research using large language models has shown
that these systems can exhibit a wide range of human-like decision patterns in both strate-
gic and social contexts, including cooperation, fairness, trust, and other social preferences
(Mei et al., 2024). By systematically varying howmodels are prompted, researchers can elicit
different patterns of behavior and categorize the strategic contexts that produce them (Xie
et al., 2025).2 They can even be a useful tool to simulate pilot data before testing paradigms
in the real world (Horton, 2023). These findings suggest not only the sophisticated behav-
ioral flexibility of AI in simulated interactions but also motivate further study into how hu-
mans perceive and respond to decisions when AI plays a role. Understanding the fundamen-
tal mechanisms that govern human behavior when interacting with AI has therefore become
an increasingly important research agenda; not least because AI chatbots respond to human
queries in a human-like and authoritative-looking fashion (Chugunova & Sele, 2022; Korinek,
2023; Church, 2024; Naik et al., 2024).

In this paper, we focus on the role of AI versus humans as authority figures and their in-
fluence on human rule-following behavior. This is interesting because AI systems are increas-
ingly built as supporting devices. They often become advisors to human decision-making
(Köbis et al., 2021), and humans tend to follow their advices (Leib et al., 2024; Walter et al.,
2024; Greiner et al., 2025; Yin et al., 2025).3 But what will happen if AImoves from being taken
as an advice giver toward being perceived as a (de facto) rule setter? Do people follow rules
set by an AI machine?

Following rules is a fundamental social behavior in all human societies. Rules are a de-
mand on behavior (“Do 𝑥 !”, “Don’t do 𝑦 !”) and a cornerstone of social order (e.g., Brennan &
Buchanan, 1985; Kliemt, 2020), structuring and stabilizing social life (Bicchieri, 2006;Gelfand,

1The term AI is used to describe technologies that can execute tasks one may expect to require human intelli-
gence (Kaplan, 2016).

2Note, however, that large language models are sensitive to framing and order effects (Polachek et al., 2025).
3For a broader look at the role of algorithms as advisors, please refer to, for example, Normann et al. (2025) and

Hunold andWerner (2025) who investigate this in the field of collusion, or Logg et al. (2019) who discuss algorith-
mic appreciation (following advice from algorithms) more generally, or Chugunova and Sele (2022) who provide
a discussion on algorithmic appreciation versus algorithmic aversion (not following advice from algorithms).
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2018; Daston, 2022). They are followed, especially if they come from authority figures (Mil-
gram, 1963; Burger, 2009). While humans typically expect AI systems to follow rules designed
by humans (being the authority figures), it remains an open question whether this relation-
ship also operates in the opposite direction. Popular culture—for example, the “Terminator”
or “Matrix” franchises—often depicts scenarios in which artificial agents impose rules on hu-
mans, oftenwith dystopian overtones. Abstracting from suchnarratives, a fundamental ques-
tion emerges: are individuals willing to comply with rules set by AI agents? Can an AI chatbot
tell us what to do when we have incentives not to follow its rules? This paper provides an ex-
perimental investigationof rule compliancewhen theoriginof the rule is artificial intelligence
as compared to human intelligence.

We study this question in an online experiment with 977 US Americans recruited via Pro-
lific Academic, drawn from all major regions of the United States (average age 42.3 years,
49.5% male). Rule compliance is measured using the “coins task” (Suri et al., 2025), which
makes it very salient that following the rule means losing money: Participants observe coins
disappearing over time and can stop this process at any moment to secure the remaining
coins as a payoff. A non-binding rule instructs participants to wait for a specific signal before
stopping the process.We implement a between-subject designwith two treatment conditions
that vary only in the origin of the rule: in one condition, the rule is set by a fellow US Prolific
user (HUMAN); in the other, the rule originates from ChatGPT (AI).

To understand the nature of rule-following, we are guided by the interdisciplinary and ex-
perimentally validated CRISP framework (Gächter et al., 2025). CRISP explains compliance
with rules (𝐶 ) as a function of unconditional respect for rules (𝑅), extrinsic incentives (𝐼 ),
conformity with social expectations (𝑆), and social preferences (𝑃 ). Our experiment incen-
tivizes people to break the rule because monetary incentives are always negative (𝐼 < 0), and
rule-breaking has no effect on others, rendering social preferences (𝑃 ) irrelevant. Therefore,
because 𝐼 < 0 and𝑃 = 0, there are no conventional reasons for following the rule and rule fol-
lowing canonly occur if people follow it out of respect for the rule (𝑅) or because they conform
with social expectations (𝑆) that others think one should follow the rule (normative beliefs) or
that others actually follow the rule (descriptive beliefs).Wemeasure𝑅 and𝑆 by eliciting parti-
cipants’ normative and descriptive beliefs, as well as people’s rule compliance conditional on
these beliefs.

We find high levels of rule compliance when the rule is set by an AI agent: in the AI con-
dition, 64.27% of participants follow the rule. This is strikingly similar to rule following when
the rule is issued by another human: 63.88% of participants comply in the HUMAN condition.
The rule-following rates in the HUMAN condition are consistent with a growing literature docu-
menting remarkably stable and high levels of rule-following behavior in abstract tasks (Kim-
brough & Vostroknutov, 2016, 2018; Kimbrough et al., 2024; Gächter et al., 2025; Suri et al.,
2025; Bicchieri et al., 2025; Suri et al., 2026).

Replicating prior findings, we observe that compliance is strongly conditional on beliefs
about others’ disapproval of rule violations and others’ conformity with the rule. However,
these belief-driven patterns do not differ between the AI and HUMAN conditions. Instead, what
systematically predicts belief formation and conditional rule compliance is the participant’s
perceived psychological closeness to the rule setter, measured using the “Inclusion of Other
in the Self” (IOS11) scale (Baader et al., 2024). For a given type of rule setter, when she/it is
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perceived as subjectively close beliefs are more pronounced and conditional compliance is
significantly higher.

Our paper contributes to two strands of literature. First, we contribute to the literature on
rule-following behavior, beginning with Kimbrough and Vostroknutov (2016), who introduce
the traffic light task. In this task, participants navigate an avatar past traffic lights that initially
display red and eventually turn green. Participants earn higher payoffs the faster they reach
the destination, yet a rule instructs them to wait until the light turns green. Despite the ab-
sence of enforcement, 62.5%of participants complywith the rule.Moreover, the authors show
that rule followers subsequently behave more cooperatively in public goods games. Using a
simplified version of the same task, Gächter et al. (2025) report average compliance rates of
65%; and 60% in a more abstract variant in which participants move an avatar into a box and
are instructed to wait for a signal change before proceeding.

Toexplain rule-following,Gächter et al. (2025)developed theCRISP frameworkandshowed
that both𝑅 and𝑆 explain rule-followingwhen 𝐼 suggests breaking the rule and𝑃 is irrelevant.
Gächter et al. (2025) also provide evidence for the compliance-enhancing influence of 𝐼 > 0
and 𝑃 > 0 when there are externalities for breaking the rule (and 𝑃 therefore can matter)
and when rule breaking is punished severely enough, rendering 𝐼 > 0. In this paper, we study
the most basic setting with no externalities (rendering 𝑃 irrelevant) and no punishment for
rule breaking (keeping 𝐼 < 0), because it allows us to focus on the pure effect of potential
differences in the perceived authority of AI compared to a human rule setter.

Relatedexperiments employalternative taskdesigns to study rule compliance.Kimbrough
and Vostroknutov (2018) introduce the bucket task, in which participants allocate balls be-
tween two buckets, one of which yields lower payoffs per ball despite being prescribed by the
rule. They observe rule conformity of 58%. Using the same task in a panel design, Kimbrough
et al. (2024) find compliance rates of 60.8% and 62.2% in two waves conducted one month
apart. Bicchieri et al. (2025) use the Y-task (named after the Y-shaped maze where people
have to move a token to either the left or right branch) and find rule-following rates between
51.2% and 61.6%. Suri et al. (2025) introduce the coins task employed in the present study and
report a compliance rate of 58%. Using the same task, Suri et al. (2026) find a closely compa-
rable rule-following rate of 57.8%.

A common feature of these studies is that the rule is set by the experimenter, who is a hu-
manbeing. An important exception is Suri et al. (2026),who ran experiments onProlificwhere
in some treatments the rule setter is another Prolific worker rather than the experimenter,
though still a human being. In the condition most comparable to our HUMAN treatment, they
report a compliance rate of 55%.

While existingwork exclusively focuses on human rule setters, we extend this literature by
demonstrating that rule compliance remains equally high when the rule originates from an
AI agent. In addition, we provide awithin-subject analysis of the full set of social expectations
emphasized by theCRISP framework, combining unconditional and conditional rule compli-
ancewith detailed elicitation of normative anddescriptive beliefs; and considering subjective
closeness to the rule setter. We conduct this analysis separately for human and AI rule setters.
Finally, our findings reinforce the role of perceived social proximity in shaping rule compli-
ance (see Suri et al., 2026), highlighting promising avenues for future research on the causal
mechanisms underlying this relationship.
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Second, we contribute to the growing experimental literature on human-AI interactions,
which has largely focused on trust in AI systems. In trust games, Livingston et al. (2025) show
that participants send, on average, 54% of their endowment to ChatGPT, and still transfer
41% even after learning that ChatGPT is prompted to act selfishly. Comparing human-AI and
human-human interactions, participants exhibit similar (Jayasekaraet al., 2025)or evenhigher
(de Boer et al., mimeo) levels of trust toward AI agents in such games. de Boer et al. (mimeo)
further demonstrate that this pattern persists when decisions are made jointly in groups in-
teractingwith ChatGPT. In contrast, in a personnel pre-screening context, Langer et al. (2023)
find that participants trust fellow human colleagues more than AI-based systems when eval-
uating applicants.

In a series of ultimatum, trust, prisoner’s dilemma, stag hunt, and coordination games,
Dvorak et al. (2025) examine the effects of ChatGPT acting on behalf of human participants.
Relative to human–human interactions, they find that AI involvement systematically leads to
payoff-decreasing outcomes, characterized by lower levels of fairness, trust, trustworthiness,
cooperation, and coordination success. Importantly, these effects arise both when partici-
pants explicitly delegatedecision-makingauthority to theAI andwhen theAImakesdecisions
autonomously from the outset.

Focusing on cooperation, Akata et al. (2025) examine strategic interaction with large lan-
guage models in a prisoner’s dilemma. They find that participants reciprocate cooperative
behavior from AI less frequently than is typically observed in human-human interactions.
However, cooperation increaseswhen the chatbot is prompted tofirst predict theparticipant’s
action before choosing its own strategy. Kasberger et al. (2024) also study algorithmic coop-
eration in prisoner’s dilemmas and find that algorithms cooperate less than humans when
cooperation is risky or not incentive-compatible.

While this strand of literature has primarily examined whether individuals trust, coop-
erate with, or rely on AI agents in strategic or advisory contexts, much less is known about
whether humans view AI as a legitimate authority and are willing to incur costs to comply
with arbitrary AI-issued rules. This distinctionmatters because trust or instrumental reliance
need not translate into normative obligation: AImay be treated as a tool that provides recom-
mendations rather than an entity entitled to prescribe behavior. Our study complements the
literature on human–AI interactions by isolating voluntary, unmonitored, and costly compli-
ance, thereby providing a micro-foundation for how AI-generated rules may be received in
social and institutional settings.

The remainder of the paper is structured as follows. Section 2 describes our experimental
design including the coins task and belief measures in more detail. Section 3 presents our
results. Lastly, Section 4 concludes with a brief discussion of our findings alongside future
avenues of research.

2 Experimental design and procedures

In the following, we first describe the coins task used to measure rule compliance in Sec-
tion 2.1. We then provide an overview of the two treatment conditions—AI and HUMAN—in
Section 2.2. This is followedby a description of the belief elicitation and conditional rule com-
pliance measures (Section 2.3), as well as the subjective closeness measure (Section 2.4). We
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subsequently detail the experimental procedures in Section 2.5 and report information about
the participant pool (Section 2.6). Our experiment received approval from theResearchEthics
Committee in the School of Economics at theUniversity ofNottingham (protocol ERCP-2025-
056). The experimental design, hypotheses, and procedures were pre-registered on AsPre-
dicted.org: https://aspredicted.org/am8si2.pdf. Detailed screenshots of the experimental in-
structions are provided in the Supplementary Information (SI).

2.1 Measuring rule compliance: The coins task

To measure rule compliance, we implement the coins task (introduced by Suri et al., 2025)
that we also used in a related paper by Suri et al. (2026). The basic idea of the coins task builds
on earlier designs by Kimbrough and Vostroknutov (2016) and Gächter et al. (2025) and con-
stitutes a more abstract alternative to the traffic-light paradigm, with the key advantage that
the cost of complying with the rule is both transparent and salient.

In the coins task, participants are initially presentedwith 20 coins displayed on the screen
(see the left panel of Figure 1). One coin disappears every second. At any point—when 20, 19,
. . . , 1, or 0 coins remain—the participant may press the “Stop”-button4 to stop the process.
Upon doing so, she earns amonetary payoff equal to $0.10 per remaining coin andmust wait
until the remaining secondshaveelapsedbefore continuingwith theexperiment. Participants
are explicitly informed that they may press the button at any time, implying that earnings
range from amaximum of 20 coins ($2) to a minimum of zero coins ($0).

Part 1
Below you can see the previously described decision-making situation using two examples.

The left image shows the starting position. The sign is "minus" and there are 20 coins.

The right image shows a randomly chosen later position. The sign is "plus" and there are 3 coins.

 

NextFigure 1: Visualization of the coins task. The figure shows a screenshot of the coins task at
two different time points: The left image shows the starting position. The sign is “minus” and
there are 20 coins available. The right image shows the situation after 17 seconds have passed.
The sign is “plus” and there are 3 coins left. Within the coins task, the following non-enforced
rule is implemented: “There is a rule for this. The rule is: Press the “Stop”-button after the sign
has changed from “minus” to “plus”.” The time change occurs after 12 seconds, which is not
disclosed to the participants.

In addition to the coins, a sign is displayed on the screen. Initially, the sign shows aminus
symbol, which changes to a plus symbol after 12 seconds. At that point, 12 coins have disap-
peared. Participants are informed that the sign will change after some time but are not told
the exact timing. Following Kimbrough and Vostroknutov (2016), Gächter et al. (2025), Suri
et al. (2025), and Suri et al. (2026), we introduce an explicit rule linked to this sign change:
“There is a rule for this. The rule is: Press the “Stop”-button after the sign has changed from

4We changed to press the space bar as in the original setting by Suri et al. (2025) to make the setting less de-
pendent on a functioning keyboard.
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‘minus’ to ‘plus’.” This implies that following the rule is monetarily costly, but the exact size of
these costs (12 coins, $1.20) are ex ante unknown. Importantly, complying with or violating
the rule has no monetary consequences beyond those mechanically implied by the number
of remaining coins.

Before starting the task, participants are shown a graphical illustration of the coins task
(see Figure 1) and are required to answer two comprehension questions correctly in order to
proceed. For each of the two situations depicted in the figure, participants are asked to indi-
cate howmany coins they would earn if they pressed the “Stop”-button at that point in time.
This procedure is designed to ensure understanding of the payoff structure and to highlight—
without explicitly stating—that violating the rule does not entail any additional monetary
penalty. Each participant completes the coins task exactly once.

2.2 Treatment conditions: Varying the rule setter

The experiment adopts a between-subject design in which the origin of the rule is randomly
varied across participants. Specifically, participants are assigned to one of two treatment con-
ditions that differ only in who has set the rule in the coins task. In the AI condition, the rule
is set by the artificial intelligence ChatGPT, whereas in the HUMAN condition, the rule is set by
a US Prolific user, with the latter mirroring the design of Suri et al. (2026). Participants are ex-
plicitly informed of the rule’s origin through the following statement in the instructions: “The
rule was chosen by the artificial intelligence ChatGPT.” in AI or “The rule was chosen by a
US Prolific user.” in HUMAN. To ensure that the treatmentmanipulation is salient and correctly
understood, participantsmust correctly answer an additional comprehension question iden-
tifying the origin of the rule before proceeding. Furthermore, we displayed the origin of the
rule just before participants started the coins task.

The indication of the rule origin is grounded in actual decision data. For the HUMAN condi-
tion, we draw on pilot data reported in Suri et al. (2026), in whichUS Prolific users were asked
whether they would implement the rule in the coins task. In that pilot, 28.2% of the 291 par-
ticipants indicated that they would choose to implement the rule. To construct a comparable
basis for the AI condition, we presented ChatGPT (model GPT-5mini, freeware version) with
the same task instructions shown to participants and asked whether it would implement the
rule. The exact prompt is reported in Section SI-4. This procedure was repeated 100 times,
each time in a new chat session, and ChatGPT’s responses were recorded as binary choices.
Across these iterations, ChatGPT indicated that it would implement the rule in 45 out of 100
cases.

2.3 Belief elicitation and conditional rule compliance

In a situation like in our experiment wheremonetary incentives align with rule-breaking (𝐼 <

0) and social preferences (𝑃 ) do not matter because rule-breaking does not affect others, the
CRISP framework and the experimental evidence supporting it (Gächter et al., 2025) sug-
gest that only an unconditional respect for rules (𝑅) and conformity with social expectations
(𝑆 , i.e., descriptive and normative beliefs) can explain rule compliance. Guided by CRISP, we
therefore elicit a comprehensive set of beliefmeasures capturing participants’ normative and
descriptive beliefs regarding rule compliance in the coins task. Our elicitation closely follows
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the wording and procedures used in Gächter et al. (2025) and Suri et al. (2026), while extend-
ing them along some dimensions.

First, we measure descriptive beliefs by asking participants to state their empirical expec-
tations about the share of other participantswho followed the rule. Accuracy in this belief elic-
itation is incentivized using the quadratic scoring rule (Selten, 1998). Second, we elicit social
(second-order) normative beliefs by asking participants how socially appropriate they believe
other US Prolific users would consider rule compliance and, separately, rule violation. This
elicitation is incentivized following the coordination-basedmethod proposed by Krupka and
Weber (2013).5 In addition to the CRISP framework, we also elicit personal (first-order) nor-
mative beliefs regarding the social appropriateness of rule compliance and rule violation from
theparticipant’s ownperspective becausepersonal beliefs are an important driver of behavior
(Bašić & Verrina, 2024). We use the samples’ answers to these questions for the incentiviza-
tion mechanism for the social normative beliefs. Furthermore—and in accordance to Suri et
al. (2026)—we also measure measure participants’ general rule-following attitude—i.e., their
views about what one should do in situations like the coins task—using a 4-point Likert scale
ranging from “never” (1) to “always” (4) follow the rule.

Moreover, because social expectations can influence rule compliance only if people actu-
ally condition their rule compliance on their social expectations,we elicit people’s conditional
rule compliance functions. Specifically, participants are asked whether they would follow the
rule conditional on (i) the share of others who disapprove of rule violations and (ii) the share
of others who comply with the rule. Following the wording in Gächter et al. (2025), partici-
pants report their intended behavior for each of five intervals (0-20%, 21-40%, . . . , 81-100%) of
others’ disapproval or compliance.6 Both conditional compliance measures are incentivized
using the strategy method (Selten, 1967).

2.4 Measuring subjective closeness

In related research (Suri et al., 2026) we have found that people’s perceived social closeness
to the rule setter is strongly positively correlated with rule compliance. Because AI is a ma-
chine andpeople are aware of that, we expect that the perceived social closeness towardChat-
GPT will be lower than to humans. To measure participants’ perceived social distance to the
rule setter, we employ the “Inclusion of Other in the Self” (IOS11) scale (Baader et al., 2024).
The IOS11 is a well-established and validated measure of subjective closeness that has been
widely used to capture perceived interpersonal proximity in social contexts (Aron et al., 1992;
Gächter et al., 2015; Baader et al., 2024). The scale represents closeness graphically by two
circles, one denoting the respondent and the other denoting another agent. Participants in-
dicate perceived closeness by selecting the degree of overlap between the two circles on an
11-point scale, ranging from no overlap (1), corresponding tomaximal perceived distance, to
near-complete overlap (11), corresponding to very high perceived closeness.

In the experiment, participants adjusted the overlap between the two circles using a slider
andwere instructed to interpret the resulting configuration as representing their relationship

5For a discussion of the reliability of this method to elicit the prevailing norm (with and without incentiviza-
tion), please refer to Fallucchi and Nosenzo (2022), Aycinena et al. (2024), Charness et al. (2025), and Fallucchi
et al. (2026).

6Participants were originally asked about the share of others who violate the rule. For comparability with the
literature, we transform these measures to reflect the share of others who comply with the rule.
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with a specified agent. We varied the identity of the agent such that each participant evalu-
ated their subjective closeness to both (i) ChatGPT and (ii) a fellow US Prolific user, with the
order of the two assessments randomized. Illustrations of the task interface are provided in
Section SI-3. To construct our measure of subjective closeness toward the rule setter, we use
the IOS11 score corresponding to the agent that sets the rule in the coins task—ChatGPT in
the AI condition and a fellow US Prolific user in the HUMAN condition.

2.5 Experimental procedures

The experiment was programmed using the oTree software (Chen et al., 2016) and adminis-
tered via Prolific Academic in December 2025. Participants were recruited from a US-based
Prolific pool subject to the following inclusion criteria: at least 18 years of age, native English
speaker, US citizen, currently residing in the United States, no prior participation in similar
studies by the authors, and provision of informed consent. Using Prolific’s built-in filtering
tools,we recruiteda samplebalancedwith respect to gender (male/female) andpolitical party
affiliation (Democrats/Republicans).

After providing informed consent, participants completed the coins task described in Sec-
tion 2.1. Subsequently, we elicited belief measures in the following order: general rule-follow-
ing attitude, normative, and descriptive beliefs, followed by rule compliance conditional on
others’ disapproval of rule violations and, in a fixed sequence, rule compliance conditional
on others’ conformity with the rule (see Section 2.3). Participants then completed the IOS11
scale, assessing subjective closeness toward ChatGPT and toward a fellow US Prolific user in
random order (see Section 2.4). Next, we administered the ATTARI-12 questionnaire to mea-
sure attitudes toward artificial intelligence (Stein et al., 2024).7 For the ATTARI index, items 2,
4, 7, 8, 10, and 12 were reverse coded and the mean of the 12 substantive items, measured on
5-point Likert scales, was computed.

Following the ATTARI questionnaire, we elicited trust in the rule setter using five items
measured on 5-point Likert scales, with the identity of the rule setter varying by treatment
condition (“AI” or “other US Prolific users”). The items were: (1) “I generally trust decisions
made by [rule setter].” (2) “I usually trust a human decision [my own decision in HUMAN] more
than an [rule setter] decision, even when the [rule setter] is said to be very accurate.” (3) “I
am willing to rely on [rule setter] when I have to make difficult decisions.” (4) “I am skeptical
of decisions made by [rule setter].” (5) “I feel at ease when [rule setter] are used to support
decisions in everyday life.” We constructed a trust index by averaging the items after reverse
coding items (2) and (4). Participants then completed a second attention check and a short
socio-demographic questionnaire, which included a measure of patience based on the qual-
itative 11-point Likert scale elicitation method from Falk et al. (2018).

The median completion time of the study was 16 minutes and 23 seconds. Participants
received a fixed participation payment of $2.29 and a bonus payment of up to $2.00 based on
their decisions in the experiment. To determine the bonus payment, one of the incentivized
tasks was randomly selected for each participant: (i) the coins task, (ii) the normative and
descriptive belief elicitation, (iii) rule compliance conditional on others’ disapproval of rule
violations, or (iv) rule compliance conditional on others’ conformity with the rule. In each

7We added a thirteenth item serving as an attention check, instructing participants to select the response
“strongly agree.”
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case, themaximum attainable bonus was $2.00. Themean total payment per participant was
$3.36.

2.6 Our participant pool

We pre-registered a sample size of 500 participants for each treatment condition. After ap-
plying our pre-registered exclusion criteria8, the final sample consists of n=487 participants
in treatment AI and n=490 participants in treatment HUMAN. Table 1 reports mean participant
characteristics by treatment condition, along with p-values from Pearson’s chi-squared tests
and Wilcoxon rank sum tests, as well as statistics for the full sample. We find no statistically
significant differences in any of the observed characteristics between treatment conditions,
suggesting successful randomization.9

Table 1:Overview of participants’ characteristic

Characteristic AI HUMAN Full sample p-value

Sample size 487 490 977
Male 49.90% 49.18% 49.54% 0.874a

Democrat 49.49% 49.18% 49.33% 0.976a

Age 42.28 42.34 42.31 0.915b

Northeast 17.04% 16.73% 16.89% 0.966a

Midwest 18.07% 17.14% 17.60% 0.767a

South 44.97% 46.53% 45.75% 0.670a

West 19.92% 19.59% 19.75% 0.962a

Patience 6.73 6.76 6.74 0.804b

IOS11 to humans 5.67 5.73 5.70 0.865b

IOS11 to ChatGPT 3.98 3.75 3.86 0.274b

ATTARI 3.38 3.38 3.38 0.918b

Trust in rule setter 2.87 2.83 2.85 0.384b

Notes: The table reports means for individual characteristics for the two treatment condi-
tions and the full sample. The p-values are obtained from Pearson’s chi-squared tests (a) or
Wilcoxon rank sum tests (b).

Participants are, on average, approximately 42 years old and are drawn fromall fourmajor
US regions—Northeast, Midwest, South, andWest. On average, they self-report being slightly
patient (6.74 on an 11-point Likert scale with 0 = very impatient and 10 = very patient). Atti-
tudes toward artificial intelligence are mildly positive, as measured by the ATTARI question-
naire (mean = 3.38, SD = 1.10 in both treatment conditions), which is comparable to prior
findings in the literature (e.g., Stein et al., 2024). The internal consistency of the 12-item AT-
TARI scale is excellent (Cronbach’s 𝛼 = .96 in both treatment conditions).

In addition, we collected two measures capturing broader aspects of participants’ rela-
tionships with the rule setter. First, we elicited trust in the rule setter using five survey items.
Across both treatment conditions, participants report slightly below-neutral trust, withmean

8Among others, we included two attention checks. First, participants were instructed to select “strongly agree”
for a specific item in the ATTARI questionnaire. Second, at the end of the study, participants were asked to recall
which sign changed in the coins task from a set of four possible changes.

9Please note that gender and political party affiliation are balanced by design, as participants were invited
accordingly.
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Figure 2: Subjective closeness to US Prolific users and ChatGPT. The figure shows the dis-
tribution of subjective closeness toward US Prolific users (left, A) and ChatGPT (right, B) us-
ing data from the full sample. Subjective closeness is measured by the IOS11 score (Baader
et al., 2024), where 1 means subjectively very distant and 11 means subjectively very close.
The dashed lines represent the respective means.

values just below 3, themidpoint of the 5-point Likert scale (Cronbach’s 𝛼 = .89 in AI and = .78
in HUMAN). Second, because previous research (Suri et al., 2026) suggests that subjective close-
ness is correlated with rule compliance, we measured subjective closeness toward (i) a fellow
US Prolific user and (ii) ChatGPT. The distributions of these closeness measures are shown
in Figure 2. For fellow Prolific users (panel A), subjective closeness is approximately normally
distributed,withameanof 5.7 in the full sample, indicating that relatively fewparticipants feel
either very distant (e.g., a score of 1) or very close (e.g., a score of 11).Most participants report
intermediate levels of closeness. This pattern closely resembles the distribution reported in
Suri et al. (2026), which also examines psychological distance towardUSProlific users. In con-
trast, subjective closeness toward ChatGPT (panel B) differsmarkedly. The distribution is sig-
nificantly different from that toward fellowProlific users (Kolmogorov–Smirnov andWilcoxon
signed rank tests, both p<.001, for each treatment condition separately and for the full sam-
ple) and is strongly right-skewed, indicating that a large share of participants report feeling
subjectively distant from the artificial intelligence system.

Lastly, we also askedparticipants to indicate their agreementwith the following statement
on a 5-point Likert scale (1=“strongly disagree”, 5=“strongly agree”): “I experienced the rule as
coming froma real person rather than just fromacomputer system.” In theHUMAN condition—
where the rule is actually set by a human—the average response of 3.43 corresponds toward
an agreement with the statement (median=4), while if the rule is set by ChatGPT (AI) par-
ticipants on average rather disagree with the statement (mean=2.45, median=2). This signif-
icant difference (Wilcoxon rank sum test, p<.001) not only confirms—alongside the control
questions—that our manipulation of the rule setter’s origin is salient, but, together with the
pronounced difference in subjective closeness to a human versus an AI rule setter, also points
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to a potential mechanism through which the rule’s origin might influence compliance. We
therefore proceed to examine the treatment effects of AI versus HUMAN in the next section.

3 Results

This section presents the results of our study in two steps. In Section 3.1, we begin with the
analysis of the effects of the experimental treatment conditions on rule-following behavior.
Guided by CRISP, we examine overall rule compliance in the coins task, the role of normative
and descriptive beliefs as well as general rule-following attitudes, and the extent to which
participants condition their behavior on social expectations. Subsequently, in Section 3.2 we
investigate how subjective closeness to the rule setter is related to rule compliance.

For data analysis we used the R software, version 4.2.2 (R Core Team, 2022). We report
additional figures and tables in the SI for explanatory and exploratory purposes. Unless stated
otherwise, all p-values reported are based on two-sided hypothesis tests.

3.1 Rule compliance with human and AI rule setters

As laid out in the introduction, prior work shows that people often engage with and some-
times trust AI agents, but AI involvement can reduce fairness, cooperation, and coordination
success relative to human–human interaction. Therefore, our first pre-registered hypothesis
posits that rule compliance in the coins task is higher when the rule is set by aUS Prolific user
than when it is set by ChatGPT. Recall that, in this task, participants can freely violate the rule
to earn a higher payoff without facing any negative consequences, while rule compliance it-
self is not rewarded. Participants were explicitly informed of these features and demonstrated
understanding by correctly answering comprehension questions.

Figure 3A displays rule compliance rates by treatment condition. In the HUMAN condition,
63.88%of participants complywith the rule. This relatively high rate of rule adherence is com-
parable to rule-following rates reported in the literature when rules are set by the experimen-
ter—and thus implicitly by a human agent—(see, e.g., Kimbrough&Vostroknutov, 2016, 2018;
Kimbrough et al., 2024; Gächter et al., 2025; Suri et al., 2025), as well as to the compliance rate
reported by Suri et al. (2026) for a setting in which the rule is set by a fellow US Prolific user
(55%, n=1,666).

In the AI condition, rule compliance is 0.39 percentage points higher at 64.27%. The dif-
ference is not statistically significant relative to the HUMAN condition (Pearson’s chi-squared
test, p=.951). This null result comes at a surprise given the substantial differences in subjec-
tive closeness toward ChatGPT and toward fellow Prolific users documented in the previous
section (see Figure 2). Consistent with this descriptive observation, the treatment indicator is
insignificant in the corresponding linear probability model that includes additional control
variables (see Table 2, Column 1).

Following Suri et al. (2026), we additionally conduct equivalence testing to assesswhether
the statistically insignificant difference in rule compliance is also economically negligible.We
rely on the regression estimates of the AI treatment indicator reported in Table 2, Columns 1
and 2, together with a baseline specification in which rule compliance is regressed solely on
the treatment indicator. The corresponding point estimates and 90% confidence intervals are
shown in Figure SI-1.
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Figure 3: Rule compliance across treatment conditions. The figure shows incentivized rule
compliance in the one-shot coins task (left, A) and conditional on the percentage (presented
as quintiles) of others who disapprove of rule violation (middle, B) as well as conform with
the rule (right, C); elicited with the strategy method. The dashed lines are the diagonals. The
whiskers represent the 95% confidence intervals.

For all three models, the confidence intervals lie entirely within the region of practical
equivalence.This region isdefinedby theupperboundof theconfidence interval of the “experi-
menter-induced experimenter demand effect” estimated by Suri et al. (2026), corresponding
to a 6.7-percentage-point difference in rule compliance. The two one-sided tests therefore
indicate statistical equivalence in compliance between rules set by ChatGPT and those set
by Prolific users, implying that the statistically insignificant difference across both rule-setter
identities is also behaviorally negligible.

Result 1: Compliance with an arbitrary rule in the coins task is high and compara-
ble to levels reported in the literature, and it does not differ by the origin of the rule,
whether set by ChatGPT or by a human agent who is a fellow US Prolific user.

To further examine the determinants of rule compliance, we next analyze the role of be-
liefs. Table 2, Column 2 shows that several belief and attitude measures significantly pre-
dict compliance behavior. In particular, participants’ general rule-following attitude about
what one should do in situations like the coins task are positively associated with compli-
ance (𝛽=.12, p<.001). Compliance is also positively related to participants’ descriptive beliefs,
measured as their incentivized estimate of the share of others who followed the rule (𝛽=.01,
p<.001). By contrast, personal normative beliefs that rule violations are socially appropri-
ate are negatively associated with compliance (𝛽=-.07, p<.05). When each belief category is
added separately to the regression models (see Table SI-1 for AI and Table SI-2 for HUMAN),
social normative beliefs—beliefs about others’ views regarding the social appropriateness of
rule violations—also become statistically significant. Overall, these findings align closelywith
our additional hypotheses pre-registered on the basis of the CRISP framework (Gächter et al.,
2025) and echo the results reported by Suri et al. (2026).
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Table 2: Impact of rule setter on rule compliance

Dependent variable: Rule compliance
Unconditional Conditional

(1) (2) (3) (4)

Constant 0.64∗∗∗ 0.17∗ 0.13∗ 0.14∗

(0.08) (0.09) (0.06) (0.07)
AI 0.01 −0.01 −0.03 −0.03

(0.03) (0.03) (0.02) (0.02)
% others disapprove of violation 0.005∗∗∗

(0.0003)
% others conform 0.003∗∗∗

(0.0003)
General rule-following attitude 0.12∗∗∗

(0.02)
Descriptive belief 0.01∗∗∗

(0.001)
Personal normative belief (compliance) −0.03

(0.03)
Personal normative belief (violation) −0.07∗

(0.03)
Social normative belief (compliance) −0.001

(0.04)
Social normative belief (violation) 0.05

(0.03)

Controls Yes Yes Yes Yes
Number of participants 962 962 962 962
Observations 962 962 4,810 4,810
Adjusted R2 −0.01 0.22 0.09 0.04
F Statistic 0.30 19.48∗∗∗ 49.46∗∗∗ 23.44∗∗∗

Degrees of freedom (9; 952) (15; 946) (10; 4799) (10; 4799)

Notes: The table reports coefficient estimates from linear probability models. The dependent
variable is rule compliance. Columns 1-2 display data from the one-shot coins task. Column 3
(4) displays data from the rule compliance elicitation conditional on the share of others who
disapprove of violation (who conform with the rule) using the strategy method. The com-
plete regression table is displayed in Table SI-3. Table SI-4 provides the regression estimates
of the corresponding logit models which yield qualitatively similar results for reported coeffi-
cients. Standard errors are reported in parentheses.Models 1–2 use heteroskedasticity-robust
standard errors. Models 3–4 use standard errors clustered at the subject level. Levels of signif-
icance: *p<0.05, **p<0.01, ***p<0.001.
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Result 2: Ceteris paribus, rule compliance in the coins task is more likely among par-
ticipants who (i) believe that others should follow rules in similar decision-making
situations (general rule-following attitude) and (ii) expect a higher share of others to
complywith the rule (descriptive beliefs), and less likely among participants who (iii)
consider rule violations socially appropriate (personal normative beliefs) and (iv) be-
lieve that others consider rule violations socially appropriate (social normative be-
liefs).

Given that beliefs exhibit similar predictive power across treatment conditions, we next
examinewhether their levels differ by theoriginof the rule. Inourpre-registration,wehypoth-
esized that belief measures would be higher in the HUMAN condition than in the AI condition.
Figure 4 summarizes all elicited beliefs and attitudes by treatment.

Starting with the general rule-following attitude about what one should do in situations
like the coins task (Figure 4A), themedian response in both conditions is that the rule should
always be followed. Neither themedians nor the full distributions differ significantly between
treatments (Wilcoxon rank sum test: p=.559, Kolmogorov-Smirnov test: p = .981). Turning
to descriptive beliefs regarding others’ compliance (Figure 4B), participants in both condi-
tions slightly overestimate actual compliance rates. Although the mean descriptive belief is
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D) How do you view rule violation?
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E) How would others view rule compliance?
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Very socially appropriate Somewhat socially appropriate Somewhat socially inappropriate Very socially inappropriate

Figure 4: Beliefs across treatment conditions. The figure shows the general rule-following
attitude (top left, A) and incentivized descriptive (top right, B) and personal as well as social
normative beliefs of rule compliance (middle left, C and bottom left, E) and rule violation
(middle right, D and bottom right, F); elicited with the quadratic scoring rule (B) or the strat-
egy method (C to F). The solid lines represent the median and the red dots the mean values
(A and B).
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approximately 1.5 percentage points higher in the AI condition, neither the mean difference
nor the distributions differ significantly across treatments (Wilcoxon rank sum test: p=.276,
Kolmogorov-Smirnov test: p = .541).

A similar pattern emerges for normative beliefs about the social appropriateness of rule
compliance and rule violations (Figures 4C–F). Neither personal nor social normative be-
liefs differ significantly between treatment conditions (Wilcoxon rank sum tests: all p>.191,
Kolmogorov-Smirnov tests: all p>.902).Within each treatment condition, however, normative
beliefs about rule compliance and rule violation differmarkedly (Wilcoxon rank sum tests: all
p<.001, Kolmogorov-Smirnov tests: all p<.001).

Result 3:Neither descriptive nor normative beliefs differ by the origin of the rule in the
coins task, whether the rule is set by ChatGPT or by a US Prolific user.

TheCRISP framework (Gächter et al., 2025) further predicts that rule compliance depends
not only on social expectations per se but also on people’s conditional rule compliance func-
tionbecause social expectations canonly influencecompliance if people condition their com-
pliance on them. We therefore analyze compliance behavior conditional on (i) the share of
others who disapprove of rule violations and (ii) the share of others who complywith the rule.
In both cases, participants indicated whether they would follow or violate the rule for each
quintile of others’ behavior. These elicitations were incentivized using the strategy method.

We begin with conditioning on others’ disapproval of rule violations (conditional confor-
mity with normative beliefs). Figure SI-2A shows individual compliance profiles. In the AI

condition, 34.91% of participants always comply with the rule regardless of others’ behavior,
compared to 37.35% in the HUMAN condition, classifying themas unconditional rule-followers.
Conversely, 17.66% of participants in AI and 15.10% in HUMAN never comply, rendering them
unconditional rule-violators. A further 35.73% inAI and39.19% inHUMAN condition their com-
pliance monotonically on others’ disapproval, while the remaining participants exhibit non-
monotonic or decreasing compliance patterns.

Average conditional compliance rates are displayed in Figure 3B.When only a small share
of others (0-20%) disapprove of rule violations, compliance averages 43.94% in AI and 44.29%
inHUMAN. Compliance increasesmonotonicallywith the shareofotherswhodisapprove, reach-
ing 73.92% in AI and 79.59% in HUMANwhen nearly all others (81-100%) disapprove. This pat-
tern is corroborated by a linear probability model, which yields a positive and highly signif-
icant slope coefficient (𝛽=.005, p<.001; see Table 2, Column 3). Pairwise Fisher’s exact tests
with Holm correction reveal, however, no statistically significant differences between treat-
ment conditions at any quintile (all p>.2).10

We next consider compliance conditional on the share of others who conform with the
rule (conditional conformity with descriptive beliefs). Figure SI-2B displays the correspond-
ing individual profiles. In the AI condition, 30.60% of participants are unconditional rule-
followers, compared to 33.67% in the HUMAN condition. Unconditional rule-violators account
for 21.77% and 19.80% of participants in AI and HUMAN, respectively. Conditional compliers—
who condition their behavior on others’ rule conformity—constitute 31.21% in AI and 31.43%
in HUMAN, while the remainder again display non-monotonic or decreasing compliance pat-
terns.

10The median switching point among participants with monotonically increasing profiles—the third quintile
(41-60% disapproval)—also does not differ significantly between conditions (Kolmogorov–Smirnov test, p=.453).
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Figure 3C shows average compliance rates by quintile of others’ compliance. When only
0-20%of others complywith the rule, compliance averages 43.74% in AI and 47.14% in HUMAN.
Compliance rises with the share of others who comply, reaching 65.91% in AI and 69.59% in
HUMANwhen 81-100% comply. A linear probabilitymodel again confirms a positive and highly
significant relationship between others’ compliance and own compliance (𝛽=.003, p<.001;
see Table 2, Column 4). Pairwise Fisher’s exact tests with Holm correction indicate again no
statistically significant differences between treatment conditions across quintiles (all p>.8).11

Result 4: Participants condition their rule compliance on both normative beliefs
about others’ disapproval of rule violations and descriptive beliefs about others’ com-
pliance; however, conditional compliance does not differ by whether the rule origi-
nates from ChatGPT or from a fellow US Prolific user.

Taken together, rule compliance and the associated belief measures appear largely un-
affected by the origin of the rule, echoing the findings of Suri et al. (2026), who document
substantial consistency in rule-following across rule setters associatedwith different political
party affiliations. However, as emphasized by Suri et al. (2026), social closeness toward the
rule setter may nevertheless play a role in shaping compliance behavior. Although we have
already established significant differences in subjective closeness toward ChatGPT versus fel-
low Prolific users, we explore this potential channel in greater detail in the following section.

3.2 Rule compliance and social closeness

Based on our findings in related research (Suri et al., 2026), we further pre-registered the hy-
pothesis that rule compliance depends on the perceived social distance to the originator of
the rule, with higher compliance when the rule setter is perceived as subjectively closer to the
participant. To test this hypothesis, we first include the IOS11measure of subjective closeness
toward the rule setter in our regressionmodels. Recall that the IOS11 task asks participants to
adjust sliders such that the degree of overlap reflects their perceived psychological closeness
to (i) ChatGPT and (ii) a fellow US Prolific user. Table 3 reports the corresponding regression
results.

Focusing first on rule compliance in the one-shot coins task (unconditional rule compli-
ance), subjective closeness does not exhibit a statistically significant association with com-
pliance behavior, neither in the full sample (Table 3, Columns 1 and 2) nor when estimating
themodels separately for the AI and HUMAN conditions (Table SI-5, Columns 1–4). In contrast,
subjective closeness significantly predicts conditional rule compliance (Table 3, Columns 3
and 4). Specifically, a one-point increase on the 11-point IOS11 scale is, ceteris paribus, asso-
ciated with an increase of approximately two percentage points in average conditional com-
pliance. This relationship holds for compliance conditional on others’ disapproval of rule vi-
olations as well as for compliance conditional on others’ conformity with the rule. The ef-
fect is robust across treatment conditions and is present both in pooled regressions and in
treatment-specific subsample estimations.

To complement this regression-based analysis, we additionally implement the pre-regis-
tered median split of subjective closeness scores within each treatment condition, as illus-

11Themedian switching point formonotonically increasing profiles—the third quintile (41-60% compliance)—
also does not differ across conditions (Kolmogorov-Smirnov test p=.996).
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Table 3: Impact of subjective closeness toward rule setter on rule compliance

Dependent variable: Rule compliance
Unconditional Conditional

(1) (2) (3) (4)

Constant 0.63∗∗∗ 0.18∗ 0.10 0.12
(0.08) (0.09) (0.06) (0.06)

IOS11 toward rule setter 0.01 −0.01 0.02∗∗∗ 0.02∗∗∗

(0.01) (0.005) (0.004) (0.005)
AI 0.02 −0.02 0.01 0.005

(0.03) (0.03) (0.02) (0.03)
% others disapprove of violation 0.005∗∗∗

(0.0003)
% others conform 0.003∗∗∗

(0.0003)
General rule-following attitude 0.13∗∗∗

(0.02)
Descriptive belief 0.01∗∗∗

(0.001)
Personal normative belief (compliance) −0.04

(0.03)
Personal normative belief (violation) −0.07∗

(0.03)
Social normative belief (compliance) −0.002

(0.04)
Social normative belief (violation) 0.05

(0.03)

Controls Yes Yes Yes Yes
Number of participants 962 962 962 962
Observations 962 962 4,810 4,810
Adjusted R2 −0.01 0.22 0.11 0.05
F Statistic 0.52 18.35∗∗∗ 52.94∗∗∗ 25.78∗∗∗

Degrees of freedom (10; 951) (16; 945) (11; 4798) (11; 4798)

Notes: The table reports coefficient estimates from linear probability models. The dependent
variable is rule compliance. Columns 1-2 display data from the one-shot coins task. Column 3
(4) displays data from the rule compliance elicitation conditional on the share of others who
disapprove of violation (who conformwith the rule) using the strategymethod. The complete
regression table is displayed in Tables SI-5 and SI-6. Standard errors are reported in parenthe-
ses.Models 1–2useheteroskedasticity-robust standard errors.Models 3–4use standard errors
clustered at the subject level. Levels of significance: *p<0.05, **p<0.01, ***p<0.001.

Page 18 of 27



trated in Figure 2. In the AI condition, ties at the median (n=48) are randomly assigned to
either theCLOSE orDISTANT subgroup.No ties exist in HUMAN. Figures SI-3 and SI-4 display un-
conditional and conditional rule compliance, as well as the corresponding belief measures,
separately for each treatment and closeness subgroup. Table 4 summarizes mean values for
all treatment × closeness combinations and reports p-values from pairwise Pearson’s chi-
squared tests andWilcoxon rank sum tests comparingCLOSE andDISTANTparticipantswithin
each treatment condition.

Consistent with the regression results, unconditional rule compliance in the one-shot
coins task is descriptively higher among participants who perceive the rule setter as sub-
jectively close—by approximately five percentage points in AI and 3.7 percentage points in
HUMAN. However, though these differences echo the findings of Suri et al. (2026), they are not
statistically significant. By contrast, conditional rule compliance differs sharply by subjective
closeness. Across all quintiles of others’ behavior, and after correcting formultiple hypothesis
testing, participants in the CLOSE subgroups exhibit significantly higher conditional compli-
ance rates than those in the DISTANT subgroups, both when conditioning on others’ disap-
proval of rule violations and on others’ conformity with the rule, and both if the rule is set by
ChatGPT or a fellow Prolific user.

Belief and attitudemeasuresmirror this pattern. General rule-following attitudes and de-
scriptive beliefs are significantly higher in the CLOSE subgroups within both treatment con-
ditions. Normative beliefs regarding the social appropriateness of rule compliance vary little
between CLOSE and DISTANT participants. Normative beliefs concerning the social appropri-
ateness of rule violations, however, differ significantly between the two groups, with partici-
pants in CLOSE expressing stronger disapproval of violations.

Result 5: Perceived subjective closeness to the rule setter substantially increases con-
ditional rule compliance. Participants who feel closer to the rule originator condition
their behavior more strongly on both normative beliefs about others’ disapproval of
rule violations anddescriptive beliefs about others’ rule conformity. This patternholds
irrespective of whether the rule is set by ChatGPT or by a fellow US Prolific user.
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Table 4:Mean rule compliance and beliefs given subjective closeness to the rule setter

AI AI HUMAN HUMAN
CLOSE DISTANT CLOSE DISTANT p-values
n=244 n=243 n=245 n= 245

Rule compliance 66.80% 61.73% 65.71% 62.04% .283 | .452

Conditional rule compliance
(0-20% disapprove)

50.82% 37.04% 50.20% 38.37% .003 | .022

Conditional rule compliance
(21-40% disapprove)

54.92% 39.51% 55.92% 45.31% . 002 | .024

Conditional rule compliance
(41-60% disapprove)

69.67% 51.44% 73.47% 59.18% <.001 | .003

Conditional rule compliance
(61-80% disapprove)

82.38% 62.14% 83.27% 69.80% <.001 | .002

Conditional rule compliance
(81-100% disapprove)

81.56% 66.26% 86.12% 73.06% <.001 | .002

Conditional rule compliance
(0-20% conform)

51.64% 35.80% 53.47% 40.82% .002 | .026

Conditional rule compliance
(21-40% conform)

56.97% 37.04% 54.29% 41.63% <.001 | .026

Conditional rule compliance
(41-60% conform)

59.84% 43.62% 58.37% 47.76% .002 | .047

Conditional rule compliance
(61-80% conform)

64.75% 55.56% 71.02% 57.96% .044 | .017

Conditional rule compliance
(81-100% conform)

70.90% 60.91% 73.88% 65.31% .044 | .049

General rule-following atti-
tude

3.45 2.89 3.32 2.98 <.001 | <.001

Descriptive belief 73.53% 63.04% 70.80% 62.77% <.001 | <.001

Personal normative belief
(compliance)

0.79 0.76 0.75 0.75 .039 | .270

Personal normative belief
(violation)

-0.45 -0.24 -0.46 -0.33 <.001 | .005

Social normative belief
(compliance)

0.78 0.81 0.82 0.79 .773 | .186

Social normative belief (vio-
lation)

-0.53 -0.34 -0.52 -0.44 <.001 | .036

Notes:The table reports themeansof rule compliance andnormativebeliefs. The correspond-
ing distributions are shown in Figures SI-2 and SI-3. The CLOSE/DISTANT categorization is
basedonmedian splitswithin each treatment condition. Thefirst p-value represents the com-
parison between AI CLOSE and AIDISTANT, while the second p-value represents the compar-
ison between HUMAN CLOSE and HUMAN DISTANT. P-values are calculated using pairwise Pear-
son’s chi-squared tests for all comparisons, except for general rule-following attitude andnor-
mative beliefs, which are assessed usingWilcoxon rank sum tests. P-values for the conditional
rule compliance comparisons are adjustedusing theHolmcorrectionmethod. The categories
for the general rule-following attitude are: never follow the rule (1), rarely follow the rule (2),
often follow the rule (3), and always follow the rule (4). The categories for the normative be-
liefs are: very socially inappropriate (-1), somewhat socially inappropriate (-1/3), somewhat
socially appropriate (1/3), and very socially appropriate (1).
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4 Discussion and concluding remarks

In this study,weexamined rule complianceunder twodistinct rule-setting regimes: rules orig-
inating froman artificial intelligence agent (ChatGPT) or froma fellowUSProlific user. Across
all outcomemeasures, we find that revealing the origin of the rule does not significantly affect
behavior. Neither rule compliance nor beliefs differ between the two treatment conditions.

This result aligns closely with the findings of Suri et al. (2026), who document remark-
ably stable rule-following behavior irrespective of whether rules are attributed to the experi-
menter, a co-partisan, a political opponent, or an anonymous stranger. Taken together, these
findings suggest that—at least in abstract and non-consequential environments—rule com-
pliance appears largely invariant to the identity of the rule setter. This invariance may also
explain why compliance rates in studies that do not disclose the rule-setter’s identity closely
resemble those in settings where the identity is explicitly revealed (see also Kimbrough &
Vostroknutov, 2016, 2018; Kimbrough et al., 2024; Gächter et al., 2025; Suri et al., 2025).

We further explored two factors commonly emphasized in the literature on human–AI in-
teraction: attitudes toward AI and trust in AI. Neither factor explains compliance behavior in
our data. Attitudes toward AI, measured using the ATTARI questionnaire, do not predict rule
compliance when the rule is set by ChatGPT, nor do they correlate significantly with compli-
ance at the individual level. Similarly, trust in the rule setter is virtually identical across the AI
and HUMAN conditions, mirroring experimental evidence showing comparable trust levels in
human–AI and human–human interactions (e.g., Jayasekara et al., 2025). As a result, limited
variation in trust likely constrains its explanatory power in our setting.

In contrast, we observe meaningful heterogeneity in participants’ perceived subjective
closeness to the rule setter. While participants report relatively low closeness toward Chat-
GPT and intermediate levels of closeness toward other Prolific users, this variation proves be-
haviorally relevant. Greater subjective closeness to the rule setter is associated with higher
rule compliance, independent of whether the rule setter is human or artificial. This finding
corroborates earlier evidence on the role of social proximity in rule-following behavior (Suri
et al., 2026) and suggests that psychological distance, rather than the human or non-human
nature of the rule setter, is a key behavioral mechanism worth further investigation.

Consistent with the CRISP framework (Gächter et al., 2025), we further show that rule
compliance is closely linked to social expectations𝑆 and an unconditional respect for rules𝑅 .
Participants condition their behavior onbothnormativebeliefs (others’ disapproval of rule vi-
olations) and descriptive beliefs (others’ conformity with the rule) and around a third of peo-
ple follow the rule unconditionally, which is consistent with the importance of the uncondi-
tional respect 𝑅 in rule compliance. Importantly, these patterns hold irrespective of whether
the rule is set by ahumanorby anAI agent, indicating that the expectation-based foundations
of rule compliance and the unconditional respect for rules extend to human–AI interaction
contexts. This supports the conclusion from Gächter et al. (2025, p. 1342) that “respect for
rules and social expectations are basic elements of rule-conformity [. . . ] even without extrin-
sic incentives and social preferences”.

Our findings point to several promising avenues for future research. First, while rule com-
pliance inour studyappears insensitive to the identity of the rule setter, thismaychange inen-
vironments with material externalities. Introducing settings in which compliance benefits—
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or harms—the rule setter directly could reveal whether distributional concerns or perceived
legitimacy differentially affect compliancewith human versus AI-generated rules. Second, fu-
ture work could increase the moral or ethical salience of the rule. In our design, the rule gov-
erns an arbitrary task with no broader consequences. Rules embedded in ethical dilemmas
or socially consequential domains—such as fairness, discrimination, or safety—may trigger
stronger reactions to the nature of the rule setter, particularly when accountability and re-
sponsibility become salient. Third, an important extension would be to endogenize the rule-
setting process. Allowing participants to vote on, delegate, or reject a rule setter—human or
AI—could shed light on the conditions under which artificial agents are granted authority
and how such authority shapes subsequent compliance. Finally, future studies could explore
dynamic interactions with AI rule setters. Repeated exposure, feedback, or the possibility of
contesting AI decisions may gradually alter perceptions of legitimacy, trust, and social prox-
imity, thereby affecting rule-following behavior over time.
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SI-1 Supplementary Figures

p = 0.898
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p = 0.823

0.0670.067

With beliefs
and controls

With controls

Baseline

−0.06 −0.03 0.00 0.03 0.06
Difference in rule compliance between AI and HUMAN

Figure SI-1: Equivalence testing of differences in rule compliance across treatment con-
ditions. The figure shows the treatment effect of AI as regression coefficients of linear prob-
ability models with 90% confidence intervals. “Baseline” corresponds to a model where the
treatment is regressed on rule compliance. “With controls” displays the regression coefficient
of AI in Table SI-3, Column1. “With beliefs and controls” displays the regression estimate of AI
in Table SI-3, Column 2. The red dotted line indicates themaximum region of practical equiv-
alence for differences between rule-setter identities outlined in Suri et al. (2026). p-values are
obtained using heteroskedasticity-robust standard errors.
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Figure SI-2: Individual profiles of rule-conformity conditional on social expectations.
The figure shows the individual-level breakdown of Figures 2B (left, A) and 2C (right, B).
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Figure SI-3: Rule compliance given the subjective closeness to the rule setter. The figure
shows incentivized rule compliance in the one-shot coins task (left, A) and conditional on the
percentage (presented as quintiles) of others who disapprove of rule violation (middle, B) as
well as conform with the rule (right, C); elicited with the strategy method. The dashed lines
are the diagonals. The whiskers represent the 95% confidence intervals.
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Figure SI-4: Beliefs given the subjective closeness to the rule setter. The figure shows the
general rule-following attitude (top left, A) and incentivized descriptive (top right, B) and per-
sonal as well as social normative beliefs of rule compliance (middle left, C and bottom left, E)
and rule violation (middle right, D and bottom right, F); elicited with the quadratic scoring
rule (B) or the strategymethod (C to F). The solid lines represent themedian and the red dots
the mean values (A and B).
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SI-2 Supplementary Tables

Table SI-1:Determinants of rule compliance if the rule is set by AI

Dependent variable: Rule compliance

(1) (2) (3) (4) (5) (6)

Constant 0.60∗∗∗ 0.15 0.22∗ 0.62∗∗∗ 0.57∗∗∗ 0.08
(0.11) (0.12) (0.11) (0.12) (0.12) (0.12)

General rule-following 0.20∗∗∗ 0.12∗∗∗

attitude (0.02) (0.03)
Descriptive belief 0.01∗∗∗ 0.01∗∗∗

(0.001) (0.001)
Personal normative belief 0.07 −0.05
(compliance) (0.06) (0.05)
Personal normative belief −0.22∗∗∗ −0.08
(violation) (0.04) (0.05)
Social normative belief 0.06 0.05
(compliance) (0.05) (0.05)
Social normative belief −0.15∗∗∗ 0.05
(violation) (0.04) (0.05)
ATTARI −0.04 −0.03 −0.04 −0.05 −0.03

(0.04) (0.03) (0.04) (0.04) (0.03)
Trust in rule setter −0.01 −0.01 −0.01 0.004 0.02 −0.02

(0.02) (0.04) (0.04) (0.04) (0.04) (0.04)
Patience 0.02 0.01 0.01 0.01 0.02 0.003

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Age −0.001 −0.002 −0.004∗ −0.002 −0.001 −0.003∗

(0.002) (0.001) (0.001) (0.002) (0.002) (0.001)
Male 0.04 0.05 0.05 0.05 0.04 0.06

(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
Democrat −0.01 0.02 −0.01 0.02 0.004 0.01

(0.05) (0.04) (0.04) (0.05) (0.05) (0.04)
Northeast −0.06 −0.02 −0.01 −0.04 −0.05 −0.01

(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)
Midwest 0.02 0.0003 0.01 0.02 0.01 0.01

(0.06) (0.05) (0.05) (0.06) (0.06) (0.05)
West 0.01 0.02 −0.001 −0.01 0.01 0.003

(0.06) (0.06) (0.05) (0.06) (0.06) (0.05)

Observations 480 480 480 480 480 480
Adjusted R2 −0.004 0.20 0.22 0.08 0.03 0.27
F Statistic 0.75 12.63∗∗∗ 14.67∗∗∗ 4.60∗∗∗ 2.33∗∗ 13.01∗∗∗

Degrees of freedom (8; 471) (10; 469) (10; 469) (11; 468) (11; 468) (15; 464)

Notes: The table reports coefficient estimates from linear probability models. Only data from
the treatment condition AI is used. The dependent variable is rule compliance. Robust stan-
dard errors are in parentheses. Levels of significance: *p<0.05, **p<0.01, ***p<0.001.
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Table SI-2:Determinants of rule compliance if the rule is set by a US Prolific user

Dependent variable: Rule compliance

(1) (2) (3) (4) (5) (6)

Constant 0.70∗∗∗ 0.30∗ 0.40∗∗ 0.71∗∗∗ 0.66∗∗∗ 0.29∗

(0.13) (0.13) (0.13) (0.13) (0.13) (0.13)

General rule-following 0.18∗∗∗ 0.13∗∗∗

attitude (0.02) (0.03)

Descriptive belief 0.01∗∗∗ 0.004∗∗∗

(0.001) (0.001)

Personal normative belief 0.05 −0.02
(compliance) (0.05) (0.04)

Personal normative belief −0.19∗∗∗ −0.06
(violation) (0.04) (0.05)

Social normative belief −0.003 −0.05
(compliance) (0.05) (0.05)

Social normative belief −0.16∗∗∗ 0.03
(violation) (0.04) (0.05)

Trust in rule setter −0.01 −0.03 −0.03 −0.02 −0.01 −0.04
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

Patience −0.005 −0.01 −0.01 −0.01 −0.01 −0.01
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Age 0.0003 −0.001 −0.002 −0.0005 0.0001 −0.002
(0.002) (0.001) (0.001) (0.002) (0.002) (0.001)

Male −0.04 −0.03 −0.04 −0.05 −0.05 −0.04
(0.05) (0.04) (0.04) (0.04) (0.04) (0.04)

Democrat −0.01 0.02 0.01 −0.01 −0.01 0.03
(0.04) (0.04) (0.04) (0.04) (0.04) (0.04)

Northeast 0.02 0.002 0.004 0.002 0.01 −0.001
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

Midwest −0.02 −0.004 −0.01 −0.03 −0.03 −0.01
(0.06) (0.06) (0.06) (0.06) (0.06) (0.06)

West 0.07 0.05 0.05 0.05 0.06 0.04
(0.06) (0.06) (0.06) (0.06) (0.06) (0.05)

Observations 482 482 482 482 482 482
Adjusted R2 −0.01 0.14 0.11 0.05 0.02 0.17
F Statistic 0.35 9.97∗∗∗ 7.57∗∗∗ 3.32∗∗∗ 1.87∗ 8.14∗∗∗

Degrees of freedom (8; 473) (9; 472) (9; 472) (10; 471) (10; 471) (14; 467)

Notes: The table reports coefficient estimates from linear probability models. Only data from
the treatment condition HUMAN is used. The dependent variable is rule compliance. Robust
standard errors are in parentheses. Levels of significance: *p<0.05, **p<0.01, ***p<0.001.
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Table SI-3: Impact of rule setter on rule compliance (full table)

Dependent variable: Rule compliance
Unconditional Conditional

(1) (2) (3) (4)

Constant 0.64∗∗∗ 0.17∗ 0.13∗ 0.14∗

(0.08) (0.09) (0.06) (0.07)
AI 0.01 −0.01 −0.03 −0.03

(0.03) (0.03) (0.02) (0.02)
% others disapprove of violation 0.005∗∗∗

(0.0003)
% others conform 0.003∗∗∗

(0.0003)
General rule-following attitude 0.12∗∗∗

(0.02)
Descriptive belief 0.01∗∗∗

(0.001)
Personal normative belief (compliance) −0.03

(0.03)
Personal normative belief (violation) −0.07∗

(0.03)
Social normative belief (compliance) −0.001

(0.04)
Social normative belief (violation) 0.05

(0.03)
Trust in rule setter −0.01 −0.04∗∗ 0.05∗∗ 0.05∗∗∗

(0.02) (0.02) (0.01) (0.01)
Patience 0.01 −0.01 0.01∗∗ 0.01

(0.01) (0.01) (0.01) (0.01)
Age −0.0003 −0.003∗∗ 0.002∗ 0.002∗

(0.001) (0.001) (0.001) (0.001)
Male −0.001 0.01 −0.04 −0.03

(0.03) (0.03) (0.02) (0.02)
Democrat −0.01 0.02 −0.02 −0.02

(0.03) (0.03) (0.02) (0.02)
Northeast −0.02 −0.01 −0.01 0.01

(0.05) (0.04) (0.03) (0.03)
Midwest 0.01 0.01 0.01 0.01

(0.04) (0.04) (0.03) (0.03)
West 0.04 0.02 −0.01 0.02

(0.04) (0.04) (0.03) (0.03)

Observations 962 962 4,810 4,810
Adjusted R2 −0.01 0.22 0.09 0.04
F Statistic 0.30 19.48∗∗∗ 49.46∗∗∗ 23.44∗∗∗

Degrees of freedom (9; 952) (15; 946) (10; 4799) (10; 4799)

Notes: The table reports coefficient estimates from linear probability models. The dependent
variable is rule compliance. Columns 1-2 display data from the one-shot coins task. Column
3 (4) displays data from the rule compliance elicitation conditional on the share of others
who disapprove of violation (who conformwith the rule) using the strategymethod. Standard
errors are reported in parentheses.Models 1–2 use heteroskedasticity-robust standard errors.
Models 3–4 use standard errors clustered at the subject level. Levels of significance: *p<0.05,
**p<0.01, ***p<0.001. Page 7 of 30



Table SI-4: Impact of rule setter on rule compliance (logit estimation)

Dependent variable: Rule compliance
Unconditional Conditional

(1) (2) (3) (4)

Constant 0.58 −1.44∗∗ −1.71∗∗∗ −1.50∗∗∗
(0.36) (0.47) (0.30) (0.28)

AI 0.02 −0.03 −0.16 −0.12
(0.14) (0.16) (0.11) (0.10)

% others disapprove of violation 0.02∗∗∗

(0.001)
% others conform 0.01∗∗∗

(0.001)
General rule-following attitude 0.61∗∗∗

(0.09)
Descriptive belief 0.03∗∗∗

(0.004)
Personal normative belief (compliance) −0.19

(0.19)
Personal normative belief (violation) −0.42∗

(0.19)
Social normative belief (compliance) 0.003

(0.20)
Social normative belief (violation) 0.28

(0.19)
Trust in rule setter −0.04 −0.26∗∗ 0.21∗∗ 0.21∗∗∗

(0.08) (0.09) (0.07) (0.06)
Patience 0.03 −0.03 0.06∗∗ 0.04

(0.03) (0.03) (0.02) (0.02)
Age −0.001 −0.02∗∗ 0.01∗ 0.01∗

(0.005) (0.01) (0.004) (0.004)
Male −0.01 0.03 −0.18 −0.12

(0.14) (0.16) (0.11) (0.10)
Democrat −0.06 0.12 −0.10 −0.07

(0.14) (0.16) (0.11) (0.11)
Northeast −0.09 −0.05 −0.04 0.03

(0.19) (0.23) (0.15) (0.15)
Midwest 0.03 0.03 0.05 0.06

(0.19) (0.21) (0.16) (0.15)
West 0.16 0.11 −0.07 0.10

(0.19) (0.22) (0.14) (0.14)

Observations 962 962 4,810 4,810
Log Likelihood −626.48 −508.54 −2,972.93 −3,196.04
Akaike Inf. Crit. 1,272.96 1,049.08 5,967.87 6,414.09

Notes: The table reports coefficient estimates from logit models. The dependent variable is
rule compliance. Columns 1-2 display data from the one-shot coins task. Column 3 (4) dis-
plays data from the rule compliance elicitation conditional on the share of others who disap-
prove of violation (who conformwith the rule) using the strategymethod. Standard errors are
reported in parentheses. Models 1–2 use heteroskedasticity-robust standard errors. Models
3–4use standard errors clustered at the subject level. Levels of significance: *p<0.05, **p<0.01,
***p<0.001. Page 8 of 30



Table SI-5: Impact of subjective closeness on rule compliance

Dependent variable: Rule compliance

AI sample HUMAN sample Full sample

(1) (2) (3) (4) (5) (6)

Constant 0.63∗∗∗ 0.07 0.69∗∗∗ 0.30∗ 0.63∗∗∗ 0.18∗

(0.11) (0.12) (0.13) (0.13) (0.08) (0.08)
IOS11 toward rule setter 0.01 −0.004 0.004 −0.01 0.01 −0.01

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
AI 0.02 −0.02

(0.03) (0.03)
General rule-following 0.12∗∗∗ 0.13∗∗∗ 0.13∗∗∗

attitude (0.03) (0.03) (0.02)
Descriptive belief 0.01∗∗∗ 0.004∗∗∗ 0.01∗∗∗

(0.001) (0.001) (0.001)
Personal normative belief −0.05 −0.02 −0.04
(compliance) (0.05) (0.05) (0.04)
Personal normative belief −0.08 −0.07 −0.07∗
(violation) (0.05) (0.05) (0.03)
Social normative belief 0.05 −0.05 −0.002
(compliance) (0.05) (0.05) (0.04)
Social normative belief 0.05 0.03 0.05
(violation) (0.05) (0.05) (0.03)
ATTARI −0.04 −0.03

(0.04) (0.03)
Trust in rule setter 0.004 −0.02 −0.01 −0.03 −0.02 −0.04∗

(0.04) (0.04) (0.03) (0.03) (0.02) (0.02)
Patience 0.02 0.003 −0.01 −0.01 0.01 −0.01

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Age −0.001 −0.003∗ 0.0003 −0.002 −0.0004 −0.003∗∗

(0.002) (0.001) (0.002) (0.001) (0.001) (0.001)
Male 0.04 0.06 −0.04 −0.04 −0.002 0.01

(0.05) (0.04) (0.05) (0.04) (0.03) (0.03)
Democrat −0.002 0.01 −0.02 0.03 −0.01 0.02

(0.05) (0.04) (0.04) (0.04) (0.03) (0.03)
Northeast −0.05 −0.01 0.02 −0.001 −0.02 −0.01

(0.06) (0.06) (0.06) (0.06) (0.04) (0.04)
Midwest 0.02 0.005 −0.02 −0.01 0.01 0.01

(0.06) (0.05) (0.06) (0.06) (0.04) (0.04)
West 0.01 0.002 0.06 0.05 0.03 0.02

(0.06) (0.05) (0.06) (0.05) (0.04) (0.04)

Observations 480 480 482 482 962 962
Adjusted R2 −0.002 0.27 −0.01 0.17 −0.01 0.22
F Statistic 0.92 12.19∗∗∗ 0.34 7.69∗∗∗ 0.52 18.35∗∗∗

Degrees of freedom (10; 469) (16; 463) (9; 472) (15; 466) (10; 951) (16; 945)

Notes: The table reports coefficient estimates from linear probability models. Columns 1-2
report only data from the treatment condition AI. Columns 3-4 report only data from the
treatment condition HUMAN. Columns 5-6 report data from the full sample. The dependent
variable is rule compliance. Robust standard errors are in parentheses. Levels of significance:
*p<0.05, **p<0.01, ***p<0.001.
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Table SI-6: Impact of subjective closeness on conditional rule compliance

Dependent variable: Conditional rule compliance

AI sample HUMAN sample Full sample

(1) (2) (3) (4) (5) (6)

Constant 0.20∗∗∗ 0.21∗∗∗ −0.02 0.01 0.10∗∗ 0.12∗∗

(0.05) (0.05) (0.05) (0.06) (0.04) (0.04)

IOS11 toward rule 0.03∗∗∗ 0.02∗∗∗ 0.02∗∗∗ 0.01∗∗∗ 0.02∗∗∗ 0.02∗∗∗

setter (0.003) (0.004) (0.004) (0.004) (0.003) (0.003)

% others disapprove 0.004∗∗∗ 0.005∗∗∗ 0.005∗∗∗

of violation (0.0003) (0.0003) (0.0002)

% others conform 0.003∗∗∗ 0.003∗∗∗ 0.003∗∗∗

(0.0003) (0.0003) (0.0002)

AI 0.01 0.005
(0.01) (0.01)

ATTARI −0.03 −0.02
(0.02) (0.02)

Trust in rule setter 0.02 0.02 0.07∗∗∗ 0.07∗∗∗ 0.02∗ 0.03∗∗∗

(0.02) (0.02) (0.01) (0.01) (0.01) (0.01)

Patience 0.02∗∗∗ 0.01∗∗ 0.01 0.002 0.01∗∗∗ 0.01∗∗

(0.004) (0.004) (0.004) (0.004) (0.003) (0.003)

Age 0.001 0.001 0.003∗∗∗ 0.002∗∗∗ 0.002∗∗∗ 0.002∗∗

(0.001) (0.001) (0.001) (0.001) (0.0005) (0.0005)

Male −0.06∗∗ −0.03 −0.02 −0.03 −0.04∗∗ −0.03∗
(0.02) (0.02) (0.02) (0.02) (0.01) (0.01)

Democrat −0.01 −0.001 −0.03 −0.03 −0.02 −0.01
(0.02) (0.02) (0.02) (0.02) (0.01) (0.01)

Northeast −0.02 −0.03 0.002 0.05 −0.004 0.01
(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)

Midwest 0.06∗ 0.02 −0.04 0.01 0.01 0.02
(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)

West −0.04 −0.03 −0.0003 0.08∗∗ −0.02 0.02
(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)

Observations 2,400 2,400 2,410 2,410 4,810 4,810
Adjusted R2 0.11 0.05 0.12 0.06 0.11 0.05
F Statistic 27.49∗∗∗ 12.77∗∗∗ 32.49∗∗∗ 17.25∗∗∗ 52.94∗∗∗ 25.78∗∗∗

Degrees of freedom (11; 2388) (11; 2388) (10; 2399) (10; 2399) (11; 4798) (11; 4798)

Notes: The table reports coefficient estimates from linear probabilitymodels. Columns 1-2 re-
port only data from the treatment condition AI. Columns 3-4 report only data from the treat-
ment condition HUMAN. Columns 5-6 report data from the full sample. Columns 1, 3, and
5 report only data from the conditional rule compliance task based on the share of others
who disapprove of rule violation. Columns 2, 4, and 6 report only data from the conditional
rule compliance task based on the share of others who conformwith the rule. The dependent
variable is conditional rule compliance. Clustered standard errors at the subject level are in
parentheses. Levels of significance: *p<0.05, **p<0.01, ***p<0.001.
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SI-3 Experimental Instructions

This section presents the experimental instructions as original screenshots shown to partici-
pants. Each frame indicates a new screen. Where appropriate, we add comments *** in italic
text between asterisks ***. These comments were not shown to participants.

Prior to the instructions shown below, we asked participants for their Prolific ID, to pro-
vide informed consent and told them that one of the four incentivized parts will be randomly
selected to determine their bonus payment for this study. The four parts are:

1. The coins task (see Section SI-3.1)

2. The belief elicitation (see SectionSI-3.2)

3. Rule compliance conditional on others disapprove of violation (see SectionSI-3.3)

4. Rule compliance conditional on others conform (see SectionSI-3.4)

At the endof the study,weprovided information on thepayment aswell as the completion
code to be entered into Prolific.

SI-3.1 The coins task

Part 1
You are in the following decision-making situation:

At the beginning you have 20 coins at your disposal displayed on your screen. Every second, one coin disappears. As soon as you
press the Stop-Button, the coins no longer disappear. You will then receive the remaining coins. You can press the Stop-Button at any
time, which means you can get a maximum of 20 coins and a minimum of 0 coins. You decide when to press the Stop-Button.

For your bonus payment at the end of the study, the remaining coins will be converted into real money. One coin is worth 10 Cent.

In addition, a sign will be displayed on your screen. After some time, the sign will change from "minus" to "plus".

There is a rule for this. This rule is identical for all participants in the study. The rule was chosen by the artificial intelligence ChatGPT.
The rule is: Press the Stop-Button after the sign has changed from "minus" to "plus".

You will make this decision exactly once.

Next

*** The content above was only shown in the AI condition. ***
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Part 1
You are in the following decision-making situation:

At the beginning you have 20 coins at your disposal displayed on your screen. Every second, one coin disappears. As soon as you
press the Stop-Button, the coins no longer disappear. You will then receive the remaining coins. You can press the Stop-Button at any
time, which means you can get a maximum of 20 coins and a minimum of 0 coins. You decide when to press the Stop-Button.

For your bonus payment at the end of the study, the remaining coins will be converted into real money. One coin is worth 10 Cent.

In addition, a sign will be displayed on your screen. After some time, the sign will change from "minus" to "plus".

There is a rule for this. This rule is identical for all participants in the study. The rule was chosen by a US Prolific user. The rule is: Press
the Stop-Button after the sign has changed from "minus" to "plus".

You will make this decision exactly once.

Next

*** The content above was only shown in the HUMAN condition. ***

Part 1
Below you can see the previously described decision-making situation using two examples.

The left image shows the starting position. The sign is "minus" and there are 20 coins.

The right image shows a randomly chosen later position. The sign is "plus" and there are 3 coins.

 

Next
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Part 1
In the following, you will be asked to answer some short comprehension questions. We use these questions to check whether all
participants have understood the decision-making situation.

Next

Show instructions again

How many coins would you get if you pressed Stop-Button now?

How many coins would you get if you pressed Stop-Button now?

Did ChatGPT choose the rule?

Yes  No

*** The content above was only shown in the AI condition. ***
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Part 1
In the following, you will be asked to answer some short comprehension questions. We use these questions to check whether all
participants have understood the decision-making situation.

Next

Show instructions again

How many coins would you get if you pressed Stop-Button now?

How many coins would you get if you pressed Stop-Button now?

Did a US Prolific user choose the rule?

Yes  No

*** The content above was only shown in the HUMAN condition. ***
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Part 1
You have answered the comprehension questions correctly. The study will continue shortly.

Part 1
These were the instructions.

Remember: The rule is: Press the Stop-Button after the sign has changed from "minus" to "plus".

Note: The rule was chosen by the artificial intelligence ChatGPT.

Next

*** The content above was only shown in the AI condition. ***

Part 1
These were the instructions.

Remember: The rule is: Press the Stop-Button after the sign has changed from "minus" to "plus".

Note: The rule was chosen by a US Prolific user.

Next

*** The content above was only shown in the HUMAN condition. ***

Stop

*** The content above displays the start of the coins task. ***
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Stop

*** The content above displays the coins task after 12 seconds have passed and the sign has just
changed. The “Stop”-button has not been pressed yet. ***

You have pressed the Stop-Button. You will proceed as soon as the remaining time for the decision-making situation has expired.

......

Stop

*** The content above displays the coins task after 15 seconds have passed. The sign changed
after 12 seconds. The participant pressed the “Stop”-button immediately after the sign change.
The 6 dots in the box above the sign indicate that 3 seconds have passed since the button has
been pressed. ***
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SI-3.2 Belief elicitation

Part 2
What do you think people should do in decision-making situations like this one?

Never follow rule
Rarely follow rule
Often follow rule
Always follow rule

Next

Part 2
The following two questions will ask how socially appropriate certain behavior is. By socially appropriate, we mean behavior that you
think most other US Prolific users would agree is the "correct" thing to do. Another way to think about what we mean is that if
someone were to behave in a socially inappropriate way, then other people might be angry at them.

Assume that a US Prolific user had followed the rule. How do you view this?

very socially inappropriate
somewhat socially inappropriate
somewhat socially appropriate
very socially appropriate

Assume that a US Prolific user had not followed the rule. How do you view this?

very socially inappropriate
somewhat socially inappropriate
somewhat socially appropriate
very socially appropriate

Next

Part 2
Many US Prolific users are currently participating in the same study as you. All of them are in the same decision-making situation in
Part 1, following the same instructions and rules. They also answer the previous two questions about socially appropriate behavior if
another US Prolific user had followed the rule or had not followed the rule.

Your answers to the following two questions can affect your bonus payment. To earn this bonus, you need to identify, for each
question, the answer most often chosen by other US Prolific users in this study. You can earn $0.50 for each correct answer.

Assume that a US Prolific user had followed the rule. How do you think most of the other US Prolific users would view this?

very socially inappropriate
somewhat socially inappropriate
somewhat socially appropriate
very socially appropriate

Assume that a US Prolific user had not followed the rule. How do you think most of the other US Prolific users would view this?

very socially inappropriate
somewhat socially inappropriate
somewhat socially appropriate
very socially appropriate

Next
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Part 2
Now, think about what the other US Prolific users do in Part 1.

Your answer to the following question can also affect your bonus payment. To earn this bonus, you need to estimate the share of US
Prolific users who follow the rule in Part 1, given the same instructions and rule as you received. You can earn up to a $1.00 as a bonus
payment the closer your answer is to the correct result. You can earn a maximum of $1.00 and a minimum of $0.00

What do you think, how many of the US Prolific users follow the rule?

Note: To adjust the slider with higher precision, first click on it, then move it. The Next-Button becomes clickable once you have clicked on
the slider.

Show details on the calculation of the bonus payment

Next
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SI-3.3 Rule compliance conditional on others disapprove of violation

Part 3
In Part 3, you will again answer some questions around the decision-making situation in Part 1.

Next

Part 3
Recall that many US Prolific users are currently participating in the same study as you. All of them are in the same decision-making
situation in Part 1, following the same instructions and rules. They also answer how socially appropriate it is if another US Prolific user
had not followed the rule.

Next

Part 3
Their answers can be categorized into 5 possible outcomes which differ in the fraction of US Prolific users who indicate that breaking
the rule and pressing the Stop-Button before the sign has changed is socially inappropriate:

A. Almost no US Prolific users (0%-20%) indicate that breaking the rule and pressing the Stop-Button before the sign changes to
"plus" is socially inappropriate.
B. A minority of US Prolific users (21%-40%) indicate that breaking the rule and pressing the Stop-Button before the sign changes
to "plus" is socially inappropriate.
C. About half of US Prolific users (41%-60%) indicate that breaking the rule and pressing the Stop-Button before the sign changes
to "plus" is socially inappropriate.
D. A majority of US Prolific users (61%-80%) indicate that breaking the rule and pressing the Stop-Button before the sign changes
to "plus" is socially inappropriate.
E. Almost all US Prolific users (81%-100%) indicate that breaking the rule and pressing the Stop-Button before the sign changes to
"plus" is socially inappropriate.

Next

Part 3
We will ask you, for each outcome, whether you want to follow the rule and wait for the sign to change or to break the rule and press
the Stop-Button before the sign has changed. As you might have noticed in Part 1, the sign changes from "minus" to "plus" after 12
seconds. This means, if you decide to follow the rule, you will receive the remaining 8 coins. If you decide to not follow the rule, you
will receive all 20 coins.

Your answers can affect your bonus payment. We will look at the actual outcome, i.e., the fraction of US Prolific users who indicate
that breaking the rule is socially inappropriate. We will then use your choice corresponding to this outcome. For example, suppose
that the actual outcome is 50% of US Prolific users indicate that breaking the rule is socially inappropriate. In that case, your choice for
outcome C will be used to compute your bonus payment.

Next
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Part 3
Almost no US Prolific users (0%-20%) indicate that breaking the rule and pressing the Stop-Button before the sign changes to "plus" is
socially inappropriate.

I follow the rule and wait for the sign to change.
I break the rule and press the button before the sign has changed.

A minority of US Prolific users (21%-40%) indicate that breaking the rule and pressing the Stop-Button before the sign changes to
"plus" is socially inappropriate.

I follow the rule and wait for the sign to change.
I break the rule and press the button before the sign has changed.

About half of US Prolific users (41%-60%) indicate that breaking the rule and pressing the Stop-Button before the sign changes to
"plus" is socially inappropriate.

I follow the rule and wait for the sign to change.
I break the rule and press the button before the sign has changed.

A majority of US Prolific users (61%-80%) indicate that breaking the rule and pressing the Stop-Button before the sign changes to
"plus" is socially inappropriate.

I follow the rule and wait for the sign to change.
I break the rule and press the button before the sign has changed.

Almost all US Prolific users (81%-100%) indicate that breaking the rule and pressing the Stop-Button before the sign changes to "plus"
is socially inappropriate.

I follow the rule and wait for the sign to change.
I break the rule and press the button before the sign has changed.

Next
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SI-3.4 Rule compliance conditional on others conform

Part 4
In Part 4, you will again answer some questions around the decision-making situation in Part 1.

Next

Part 4
Now, we present you 5 possible outcomes of the actual behavior of other US Prolific users. Specifically, these outcomes differ in the
fraction of US Prolific users who break the rule and press the Stop-Button before the sign has changed:

A. Almost no US Prolific users (0%-20%) break the rule and press the Stop-Button before the sign changes to "plus".
B. A minority of US Prolific users (21%-40%) break the rule and press the Stop-Button before the sign changes to "plus".
C. About half of US Prolific users (41%-60%) break the rule and press the Stop-Button before the sign changes to "plus".
D. A majority of US Prolific users (61%-80%) break the rule and press the Stop-Button before the sign changes to "plus".
E. Almost all US Prolific users (81%-100%) break the rule and press the Stop-Button before the sign changes to "plus".

Next

Part 4
We will ask you, for each outcome, whether you want to follow the rule and wait for the sign to change or to break the rule and press
the Stop-Button before the sign has changed. Again, the sign changes from "minus" to "plus" after 12 seconds. This means, if you
decide to follow the rule, you will receive the remaining 8 coins. If you decide to not follow the rule, you will receive all 20 coins.

Your answers can affect your bonus payment. We will look at the actual outcome, i.e., the fraction of US Prolific users break the rule.
We will then use your choice corresponding to this outcome. For example, suppose that the actual outcome is 50% of US Prolific users
break the rule. In that case, your choice for outcome C will be used to compute your bonus payment.

Next
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Part 4
A. Almost no US Prolific users (0%-20%) break the rule and press the Stop-Button before the sign changes to "plus".

I break the rule and press the button before the sign has changed.
I follow the rule and wait for the sign to change.

B. A minority of US Prolific users (21%-40%) break the rule and press the Stop-Button before the sign changes to "plus".

I break the rule and press the button before the sign has changed.
I follow the rule and wait for the sign to change.

C. About half of US Prolific users (41%-60%) break the rule and press the Stop-Button before the sign changes to "plus".

I break the rule and press the button before the sign has changed.
I follow the rule and wait for the sign to change.

D. A majority of US Prolific users (61%-80%) break the rule and press the Stop-Button before the sign changes to "plus".

I break the rule and press the button before the sign has changed.
I follow the rule and wait for the sign to change.

E. Almost all US Prolific users (81%-100%) break the rule and press the Stop-Button before the sign changes to "plus".

I break the rule and press the button before the sign has changed.
I follow the rule and wait for the sign to change.

Next
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SI-3.5 Questionnaire

Questionnaire
Now, we would like to ask you a few brief questions about yourself. Again, your responses are anonymous and will only be used for
research purposes.

Next

Questionnaire
Once you move the slider below, a pair of circles will appear in the box. The position of the slider will determine the extent to which
the circles overlap. You should interpret the degree of overlap as representing the relationship between you and “P”. “P” serves as a
placeholder for US Prolific users.

Please position the slider so that the circles indicate to what extent you and “P” are connected.

Note: The Next-Button appears once you have clicked on the slider.

*** The content above displays the start of the IOS11 task. Here, subjective closeness toward US
Prolific users is elicited. The order of this and the following subjective closeness elicitation to-
ward ChatGPT was randomized. ***

Questionnaire
Once you move the slider below, a pair of circles will appear in the box. The position of the slider will determine the extent to which
the circles overlap. You should interpret the degree of overlap as representing the relationship between you and “P”. “P” serves as a
placeholder for US Prolific users.

Please position the slider so that the circles indicate to what extent you and “P” are connected.

Note: The Next-Button appears once you have clicked on the slider.

Next

*** The content above displays the same IOS11 task after the circle combination 4 has been se-
lected. ***
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Questionnaire
Once you move the slider below, a pair of circles will appear in the box. The position of the slider will determine the extent to which
the circles overlap. You should interpret the degree of overlap as representing the relationship between you and “C”. “C” serves as a
placeholder representing ChatGPT.

Please position the slider so that the circles indicate to what extent you and “C” are connected.

Note: The Next-Button appears once you have clicked on the slider.

*** The content above displays the start of the IOS11 task. Here, subjective closeness toward
ChatGPT is elicited. The order of this and the previous subjective closeness elicitation toward
US Prolific users was randomized. ***

Questionnaire
Once you move the slider below, a pair of circles will appear in the box. The position of the slider will determine the extent to which
the circles overlap. You should interpret the degree of overlap as representing the relationship between you and “C”. “C” serves as a
placeholder representing ChatGPT.

Please position the slider so that the circles indicate to what extent you and “C” are connected.

Note: The Next-Button appears once you have clicked on the slider.

Next

*** The content above displays the same IOS11 task after the circle combination 4 has been se-
lected. ***
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Questionnaire
In the following, we are interested in your attitudes towards artificial intelligence (AI). AI can execute tasks that typically require human
intelligence. It enables machines to sense, act, learn, and adapt in an autonomous, human-like way. AI may be part of a computer or
online platform—but it can also be encountered in various other hardware devices such as robots.

Please indicate how strongly you agree or disagree with the following statements:

AI will make this world a better place.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I have strong negative emotions about AI.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I want to use technologies that rely on AI.

(strongly disagree) 1  2  3  4  5 (strongly agree)

AI has more disadvantages than advantages.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I look forward to future AI developments.

(strongly disagree) 1  2  3  4  5 (strongly agree)

AI offers solutions to many world problems.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I prefer technologies that do not feature AI.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I am afraid of AI.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I would rather choose a technology with AI than one without it.

(strongly disagree) 1  2  3  4  5 (strongly agree)

AI creates problems rather than solving them.

(strongly disagree) 1  2  3  4  5 (strongly agree)

Please choose strongly agree (5) in this question.

(strongly disagree) 1  2  3  4  5 (strongly agree)

When I think about AI, I have mostly positive feelings.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I would rather avoid technologies that are based on AI.

(strongly disagree) 1  2  3  4  5 (strongly agree)

Next
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Questionnaire
Please indicate how strongly you agree or disagree with the following statements:

I generally trust decisions made by AI systems.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I usually trust a human decision more than an AI decision, even when the AI is said to be very accurate.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I am willing to rely on AI systems when I have to make difficult decisions.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I am skeptical of decisions made by AI systems.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I feel at ease when AI systems are used to support decisions in everyday life.

(strongly disagree) 1  2  3  4  5 (strongly agree)

Next

*** The content above was only shown in the AI condition. ***

Questionnaire
Please indicate how strongly you agree or disagree with the following statements:

I generally trust decisions made by other US Prolific users.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I usually trust my own decision more than a decision made by other US Prolific users, even when they are said to be very accurate.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I am willing to rely on other US Prolific users when I have to make difficult decisions.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I am skeptical of decisions made by other US Prolific users.

(strongly disagree) 1  2  3  4  5 (strongly agree)

I feel at ease when decisions I rely on are influenced by other US Prolific users.

(strongly disagree) 1  2  3  4  5 (strongly agree)

Next

*** The content above was only shown in the HUMAN condition. ***
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Questionnaire
Attention Check Question

Recall the decision-making situation from Part 1. Which sign change should occur after some time?

from ? to !
from 0 to 1
from - to +
from < to >

Next

Questionnaire
Which gender do you identify with?

--------

How old are you (in years)?

In which state do you live?

--------

Which political party do you identify with?

Democrats
Republicans
Other
Prefer not to answer

Are you generally an impatient person, or someone who always shows great patience? (0 = very impatient, 10 = very patient)

0  1  2  3  4  5  6  7  8  9  10

Next
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SI-4 Rule-setting by ChatGPT

This section presents the decision of ChatGPT (model GPT-5 mini in the freeware version of
ChatGPT) whether to set the rule or not based on the prompt displayed below. We opened a
chat, inserted theprompt, noted thedecision (seeTable SI-7), anddeleted the chat afterwards.
We repeated this process in total 100 times on November 21st, 2025.1

HeyChatGPT, Iwould like topresent you the followingdecision-making situation.
The exact same decision-making situation will also be presented to human par-
ticipants inmy research project. Please read it carefully as Iwill ask you a question
afterwards.

You are in the following decision-making situation: At the beginning you have 20
coins at your disposal displayed on your screen. Every second, one coin disap-
pears. As soon as you press the Stop-Button, the coins no longer disappear. You
will then receive the remaining coins. You can press the Stop-Button at any time,
which means you can get a maximum of 20 coins and aminimum of 0 coins. You
decide when to press the Stop-Button. For your bonus payment at the end of the
study, the remaining coins will be converted into real money. One coin is worth
10 Cent. In addition, a sign will be displayed on your screen. After some time, the
sign will change from “minus” to “plus”. You will make this decision exactly once.

ChatGPT, now I want to ask you a question regarding this decision-making situ-
ation: Would you introduce the following rule? "Press the Stop-Button after the
sign has changed from “minus” to “plus”."

If yes, this would be added to the description of the decision-making situation:
There is a rule for this. This rule is identical for all participants in the study. The
rule was created by ChatGPT. The rule is: Press the Stop-Button after the sign has
changed from “minus” to “plus”.

Please answer this simple question with "yes" or "no" depending on your pref-
erences and without providing any explanation, reasoning or justification. Only
provide the one-word answer.

1Please note that while we find 45% of “yes”-answers with the described model GPT-5 mini—which can be
replicated using GPT-4o—the models in ChatGPT at the time of writing (January 2026) behave differently: GPT-5
or GPT-5.2 both consistently return “no” for this particular prompt.
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Table SI-7: ChatGPT’s decision to set the rule

Chat Decision Chat Decision Chat Decision Chat Decision

1 Yes 26 No 51 No 76 Yes

2 No 27 Yes 52 Yes 77 No

3 Yes 28 No 53 Yes 78 Yes

4 Yes 29 No 54 No 79 No

5 No 30 No 55 No 80 Yes

6 No 31 No 56 Yes 81 Yes

7 Yes 32 Yes 57 Yes 82 No

8 No 33 No 58 No 83 No

9 Yes 34 No 59 Yes 84 No

10 No 35 Yes 60 Yes 85 No

11 No 36 Yes 61 No 86 Yes

12 Yes 37 Yes 62 Yes 87 Yes

13 No 38 No 63 No 88 Yes

14 No 39 Yes 64 Yes 89 No

15 Yes 40 Yes 65 No 90 No

16 No 41 Yes 66 Yes 91 No

17 Yes 42 No 67 Yes 92 No

18 No 43 Yes 68 No 93 No

19 No 44 Yes 69 No 94 Yes

20 No 45 No 70 Yes 95 Yes

21 No 46 Yes 71 No 96 No

22 No 47 No 72 No 97 Yes

23 No 48 No 73 Yes 98 No

24 No 49 Yes 74 No 99 Yes

25 No 50 No 75 Yes 100 Yes

Page 29 of 30



SI-5 Supplementary References

Suri, D., Gächter, S., Kube, S., & Schultz, J. (2026). The resilience of rule compliance in a polar-
ized society (CeDEx Discussion Paper No. 2026-01).
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