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Abstract: Artificial intelligence (Al) is increasingly becoming part of economic decision-ma-
king. Yet, in many strategic interactions, individuals may not know whether others rely on Al
when forming their decisions. We examine whether decision-makers who are themselves not
allowed to use Al behave differently when other group members may consult Al In an in-
centivized experiment with a public goods game and a weakest-link game, we exogenously
vary whether group members are allowed to use Al to inform their decisions. We find that Al
can affect strategic interaction even when it is not directly used by the decision-maker: merely
knowing that others may use Al reduces cooperation in the public goods game and effort pro-
vision in the weakest-link game. Participants also perceive group members who may use Al as
socially more distant and report lower beliefs about appropriate and expected contributions
and effort levels. At the same time, the shares of conditional cooperators and conditional co-
ordinators remain largely stable across treatments. These findings suggest that Al is not only
a private decision aid but can also shape the social and strategic environment in which eco-
nomic decisions are made.
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1 Introduction

Artificial intelligence (AI)—technologies that can execute tasks one may expect to require
human intelligence (Kaplan, 2016)—is rapidly becoming part of economic decision-making.
Large language models (LLMs) and other Al systems are used to generate advice, summarize
information, evaluate options, and support decisions in a wide range of contexts (e.g., Tse et
al., 2024; Ben-Michael et al., 2025; Gieselmann et al., 2025; Huseynov, 2025; Yin et al., 2025).
This development has generated a rapidly growing literature on the behavioral consequences
of Al (Chugunova & Sele, 2022). Existing work has studied, among other things, whether peo-
ple follow Al-generated advice and if this changes ethical behavior (Kobis et al., 2021; Leib
et al., 2025; Greiner et al., 2025), how people evaluate decisions made by Al rather than hu-
mans (Leib et al., 2024; Wester et al., 2024; Chugunova & Luhan, 2025), or how (in particular
generative) Al may transform occupations and labor-market prospects (Noy & Zhang, 2023;
Orchard & Tasiemski, 2023; Brynjolfsson et al., 2025; Teutloff et al., 2025). A related stream of
research examines Al and large language models as social actors in strategic environments,
asking how Al agents behave in economic games and how humans respond in strategic in-
teractions with AI (Karpus et al., 2021, 2025; Mei et al., 2024; March, 2021; Akata et al., 2025;
Dvorak et al., 2025; Xie et al., 2025).

Much of this work focuses on direct exposure to Al: individuals receive advice from Al, del-
egate a decision to Al, interact with an artificial agent, or evaluate an outcome that is known to
have been generated by Al. Yet many economically relevant situations involve a more indirect
form of Al exposure. For example, in workplaces, markets, negotiations, online platforms, and
group decision-making environments, individuals may not use Al themselves but may know
that others could do so. A worker may not consult a LLM when preparing a proposal but may
expect that colleagues or competitors do. A negotiator may rely on her own judgment but
believe that the other side may have used Al support. A team member may make an effort
choice without Al assistance while knowing that other team members might have received
Al-generated advice. In such environments, Al becomes part of the strategic background: it
may affect behavior not because it directly changes one’s own decision process, but because
it changes beliefs about the reasoning, motives, and likely behavior of others.

Our paper studies this indirect channel. Specifically, we ask whether individuals change
their behavior when they know that other group members may use Al to support their de-
cisions, even though they themselves are not allowed to use Al. This question is important
because many consequences of Al adoption may arise beyond direct Al use. The diffusion of
Al may alter expectations about other people’s behavior, perceptions of social norms, and the
strategic uncertainty surrounding human interaction. If individuals believe that Al-assisted
others are more selfish, more strategic, more sophisticated, or less socially connected, they
may respond differently even when all final decisions are still made by humans.

We investigate this question experimentally using two major classes of interaction—co-
operation and coordination—which capture distinct but central problems in economics. To
study cooperation, we use a one-shot public goods game (PGG). Here, the main problem
is free-riding: a group is better off if everyone contributes, but each individual has a selfish
monetary incentive not to contribute while benefiting from others’ contributions. For play-

ers that are not self-centered money maximizers, behavior depends (not only) on perceived
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norms and expectations about others’ contributions (Géachter & Thoni, 2005; Chaudhuri et
al., 2017; Angelovski et al., 2018; Kolle & Quercia, 2021). To study coordination, we use a one-
shot weakest-link game (WLG): high effort pays off when others also choose high effort, but
is costly when even one group member chooses a lower effort level. While each individual’s
best response is to match the expected group minimum, not knowing what effort others will
do introduces strategic uncertainty as the core driver of coordination failure (Huyck et al.,
1990; Devetag & Ortmann, 2007; Chaudhuri et al., 2015; Bortolotti et al., 2016).

The comparison between the PGG and the WLG allows us to test whether the possibility of
Al use by others has domain-specific indirect effects. Our a priori reasoning was that partici-
pants expect Al advice to emphasize rationality and strategic self-interest—in which case the
anticipation of other group members using Al assistance may have opposite implications for
cooperation and coordination. In the PGG, knowing that others may consult Al could ham-
per cooperation because strategic self-interest would imply free-riding. Under this view, the
possibility that some people in a group use Al may make groups less successful: it reduces
cooperation not only for those that use Al, but also for those who do not use Al. In the WLG,
the same perception of Al as selfish, strategic and rational may have different consequences.
People using Al might now better understand the equilibrium structure of the game. Antic-
ipating this may increase trust in the group’s ability to reach the payoff-dominant outcome
and reduce pessimism about the minimum effort. In that case, the possibility that some peo-
ple in a group use Al may foster coordination and make groups more successful: it increases
effort levels not only for those that use Al, but also for those who do not use Al.

To test these ideas, we conducted a preregistered online experiment with participants
from the BonnEconLab subject pool at the University of Bonn. Participants were randomly
assigned to one of three treatment conditions. Treatments differed in whether participants
themselves were allowed to use Al and whether others in their group were allowed to do so. In
the NoAT-NoAT condition, no participant was allowed to use Al and this was common knowl-
edge. In the NoAI-AI condition, participants were not allowed to use Al but were informed
that this restriction did not apply to all group members, so they could expect that atleast some
group members would use Al to support their decisions. In the AI-ATI condition, participants
were allowed to use Al themselves and were informed that some other group members might
also use Al. Our main causal comparison is between the NoAI-NoAT and NoAI-AT conditions.
In both conditions, the focal participant is prohibited from using Al. The only difference is
whether the other group members may have access to Al. This comparison, varying others’
possible Al use while holding constant one’s own Al access, thus allows us to causally identify
the effects of the indirect channel that Al might have on behavior in the PGG and the WLG.

For each game, we elicited both an unconditional decision and a conditional decision pro-
file in an incentive-compatible way. Following Fischbacher et al. (2001), participants in the
PGG indicated how much they would contribute conditional on the average contribution of
the other three group members; resp. how much effort to exert conditional on the the other
group members’ minimum effort in the WLG. This allows us to study not only whether an-
ticipated Al use affects contribution and effort levels per se, but also whether it changes the
structure of how people respond to others’ behavior. In addition, we asked what people be-
lieve to be the socially appropriate thing to do in each game (first-order normative beliefs),
elicited what they think others believe to be the socially appropriate thing to do (second-order
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normative beliefs), and what they expect others to actually do (descriptive beliefs).

We find that others’ possible Al access has negative indirect effects on both cooperation
and coordination. Participants in NoAI-AT contributed significantly less to the public good
than participants in NoAI-NoAT (7.39 vs. 9.53 tokens, a reduction of approximately 29%), and
chose significantly lower effort levels in the weakest-link game (10.4 vs. 12.62 hours, a reduc-
tion of approximately 21%). At the same time, the shares of conditional cooperators and con-
ditional coordinators remain largely stable across treatments. The possibility that others may
use Al is also reflected in participants’ beliefs and social perceptions: in the PGG, second-
order normative beliefs are significantly lower in NoAI-AT than in NoAI-NoAI, while in the
WLG, first-order normative beliefs and descriptive beliefs are significantly lower. Moreover,
they perceive group members who may use Al as socially more distant than group members
who cannot.

Our study contributes to three strands of literature. The first is the extensive literature ex-
ploring cooperation, in particular with respect to the voluntary contributions to the provision
of public goods. A well-established finding in public goods experiments is that voluntary co-
operation is fragile and often declines over time, with free riding eventually becoming preva-
lent (Zelmer, 2003; Neugebauer et al., 2009; Fischbacher & Gachter, 2010; Jouxtel, 2019; Catola
et al., 2023). Prominent solutions to the cooperation problem are often built around punish-
ment (e.g., Choi & Ahn, 2013; Goeschl & Jarke, 2016; Grieco et al., 2017; Tan & Xiao, 2018;
Morgan et al., 2019) or related channels that (either implicitly or explicitly) alter the underly-
ing incentive structure (e.g., Drouvelis et al., 2017) to make cooperation more appealing than
free-riding in relative terms (see Chaudhuri, 2011, for a survey). Another approach focuses
on information provision (see Engel et al., 2021, and the references therein), as this might al-
ter empirical and normative expectations which in turn are likely to affect cooperation (e.g.,
Guillen et al., 2010; Guala et al., 2013; Gichter et al., 2017; Zhang, 2019).

Our study complements these approaches by showing that the tools and sources of ad-
vice available to other group members might constitute relevant information that shapes (be-
liefs and) cooperation, since we find that unconditional cooperation is lower in NoAI-AI than
in NoAI-NoAI. Moreover, our findings underline the robustness of fundamental cooperation
types, as these have been observed in periods when general-purpose Als were not publicly
available (Volk et al., 2012; Thoni & Volk, 2018). This is also noteworthy given recent evidence
by Engl et al. (2021) indicating that cooperation preferences might be shaped by the available
institutions, under which the presence of advice-giving tools (such as modern AI) may also
fall.

A second strand of literature to which our study contributes examines coordination under
strategic uncertainty, in particular in weakest-link and minimum-effort games. A large exper-
imental literature has shown that groups often fail to coordinate on payoff-dominant equi-
libria, especially when successful coordination requires all group members to choose high
effort and when subjects are uncertain about others’ willingness to do so (Huyck et al., 1990;
Devetag & Ortmann, 2007). At the same time, this literature also shows that coordination fail-
ure is not inevitable. Efficient coordination can be fostered by mechanisms that create com-
mon expectations, provide focal points, or reduce uncertainty about others’ behavior, such
as pre-play communication (Blume & Ortmann, 2007), managerial communication (Brandts

& Cooper, 2007), changes in incentives that serve as triggers for coordinated change (Brandts
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& Cooper, 2006), gradual group growth with observable successful histories (Weber, 2006), or
information generated by related market or organizational environments (Kogan et al., 2011;
Chaudhuri et al., 2015; Bortolotti et al., 2016). Recent evidence also highlights the importance
of social relationships in weakest-link team production: Gachter et al. (2025) show that group
cohesion is strongly associated with performance in weak-link games, with high-cohesion
groups being more likely to achieve superior equilibria, and that this association appears to
operate primarily through beliefs rather than social preferences.

Our study adds to this literature by considering a novel source of strategically relevant in-
formation: whether other group members may rely on Al-based advice when forming their
effort decisions. Unlike communication, bonuses, or shared histories, others’ possible Al ac-
cess does not provide acommon recommendation, does not change the material payoff struc-
ture, and does not necessarily create a focal point for high-effort coordination. Instead, it may
change beliefs about how others reason, how predictable their choices are, and whether they
will follow payoff-maximizing strategies. Contrary to our initial expectation that Al access by
others would reduce coordination risk and thereby increase effort provision, we find that un-
conditional effort is lower in NoAI-AI than in NoAI-NoAI. Thus, in our setting, the possibility
that others may use Al appears to make high-effort coordination less attractive rather than
more attainable. At the same time, the conditional effort profiles remain stable, suggesting
that established types of conditional coordination are robust even when generative Al be-
comes part of the strategic background.

A third strand of literature studies how Al enters strategic interaction. This literature can
be divided into two related approaches. One approach varies the identity of the interaction
partner and asks how humans behave when the counterpart is an artificial agent rather than
another human. Evidence from social dilemmas suggests that people may cooperate less with
artificial agents than with humans (Karpus et al., 2021). Relatedly, Ishowo-Oloko et al. (2019)
show in a repeated prisoner’s dilemma that bots can elicit more cooperation than humans,
but that this advantage disappears when participants are informed that they are interact-
ing with a bot. Other work shows that machines can sustain cooperation with humans in re-
peated games when equipped with appropriate signaling mechanisms (Crandall et al., 2018),
and that LLMs themselves display distinctive patterns of cooperation and coordination in
repeated games (Akata et al., 2025). Recent Al-based studies further show that humans ad-
just their strategic choices when facing Al opponents (Barak & Costa-Gomes, 2025; Jiang et
al., 2026). A related set of studies examines mixed human-AlI groups. In a networked coor-
dination game, Shirado and Christakis (2017) show that centrally placed bots with moderate
behavioral noise can improve global human coordination. On the other hand, Dell’Acqua et
al. (2025) show in a team-production experiment that introducing automated Al co-workers
can reduce team performance, increase coordination failures, and lower trust and effort pro-
vision, even when the automated agent outperforms human workers.

Asecond approach, closer to ours, treats Al as a tool or decision aid that changes the strate-
gic environment among human decision-makers. Dvorak et al. (2025) examine strategic inter-
actions in which Al enters the decision-making process of one side. In contrast to our setting,
however, Al directly takes over the partner’s decision across several two-player games. They
find that fairness, trust, trustworthiness, cooperation, and coordination decrease, but only

when Al's role in the partner’s decision is disclosed; not when participants are uncertain about
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whether they face a human or an AL. Most closely related to our design, Shen et al. (2025) study
asymmetric Al assistance in a trust game and a prisoner’s dilemma. They find that, although
Al assistance embedded as an LLM-chatbot in the decision interface does not significantly
change overall cooperation rates, non-assisted players perceive Al-assisted counterparts as
more competitive and less “warm”, where lower warmth refers to lower perceived benevo-
lence, prosociality, or cooperative intent. Our study complements this evidence by focusing
on a more indirect channel: the focal participant is not allowed to use Al, the final decisions
are still made by human group members, and Al may or may not actually be used by oth-
ers. Moreover, we study both cooperation and coordination, and elicit decisions both directly
and with the strategy method (Selten, 1967). This not only allows us to isolate whether an-
ticipated Al-assisted decision-making by others changes cooperation and coordination, but
also whether such changes are accompanied by shifts in general cooperation/coordination
patterns, beliefs, or perceived social distance.

The remainder of the paper is organized as follows. In the next section, we will explain our
experimental design and procedures and motivate our preregistered behavioral hypotheses.
We then move on to show that randomization into treatments was successful w.r.t. observ-
ables, before showing the results from our two main treatments for both the cooperation and
coordination game. We end with a discussion of our results, our design and potential next

steps for future research.

2 Material and methods

In this section, we first describe the details of the two games that we used, the PGG and the
WLG. Afterwards, we describe the treatments and the preregistered hypotheses. In the end,

we provide details on the experimental procedure as well as on the sample characteristics.

2.1 Public goods game (PGG)

We implemented a standard linear public goods game using parameters that are equal or very
similar to what has been used in the corresponding literature (e.g., Fischbacher et al., 2001,
2012; Kocher et al., 2015; Grieco et al., 2017; Zhang, 2019). Each participant i € {1,...,4}
was endowed with 20 tokens, which could be allocated either to a public account, denoted by
gi, or to a private account (20 — g;). Each token allocated to the public account generated a
marginal return of 0.4 coins for each group member, where one coin corresponded to 0.1 Euro.
By contrast, tokens allocated to the private account yielded a return only to the individual
participant, at a rate of one token per coin. Accordingly, participant i’s payoff is given by 7; =
20- g +0437_ g

Under the standard assumption of self-interested payoff maximization, the unique sub-
game-perfect Nash equilibrium is zero contribution to the public account. By contrast, the
social optimum is attained when all participants contribute the maximum amount, thereby

maximizing total group welfare.

2.2 Weakest-link game (WLG)

The weakest-link game was implemented as follows, in line with previous studies (e.g., Al-
brecht & Kube, 2018; Gichter et al., 2025). Each participanti € {1, ..., 4} was endowed with 20
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hours representing effort levels, which could be allocated either to a public project, denoted
by g;, or to a private project (20— g;). Each hour allocated to the private project yielded a return
of one coin to the individual participant only. In the public project, payoffs were determined
solely by the smallest effort made by any group member. Specifically, each group member
received 1.6 coins for every hour contributed at the minimum effort level within the group.
Accordingly, participant i’s payoff is given by n; = 20— g; + 1.6 Xmin,(g,) with n € {i, j, k, [}.

Any common effort level chosen by all group members constitutes a Nash equilibrium,
i.e.,, any profile satisfying g; = g; = g« = g These equilibria can be ranked by efficiency.
In particular, the equilibrium with g; = g; = gx = g = 20 is the most efficient and payoff-
dominant Nash equilibrium, whereas the equilibrium with g; = g; = gk = g = 0 is the least
efficient but risk-dominant equilibrium.

2.3 Treatment conditions and hypotheses

Our experiment varies three dimensions: i) the type of game participants play, ii) whether par-
ticipants themselves are allowed to use Al, and iii) what participants know about the possible
Al use of the other group members. The first dimension is implemented within subjects: all
participants first played the public goods game (PGG) and then the weakest-link game (WLG).
Before making their decisions in each game, participants were informed whether they them-
selves were allowed to use Al and whether other group members might be allowed to use Al

With respect to participants’ own Al access, we distinguish between participants with Al
access and participants without Al access. Participants with Al access were told: “You are al-
lowed to use or consult artificial intelligence to make your decisions.” Participants without Al
access were told: “You are not allowed to use or consult artificial intelligence to make your
decisions.”

All participants with Al access received identical information about the other group mem-
bers. They were informed that “Not every member was explicitly allowed to use artificial in-
telligence to make decisions. Therefore, it may be that some of your group members make
their decisions without the help of artificial intelligence.” We refer to this treatment as AI-AI.
Since our main interest lies in the indirect effect of others’ possible Al use on participants who
do not use Al themselves, results for this treatment are reported in the Online Appendix. The
treatment was included to implement the two main treatment conditions without deception.

Our two main treatment conditions are NoAI-NoAI and NoAI-AI. Both involve partici-
pants who were not allowed to use Al themselves. In the NoAT-NoAI treatment, participants
were additionally informed that “The other members of your group have received the same
message.” Thus, neither the focal participant nor the other group members were allowed to
use Al In the NoAI-AI treatment, participants were instead informed that “Not every mem-
ber was explicitly prohibited from using artificial intelligence to make decisions. Therefore, it
may be that some of your group members make their decisions with the help of artificial intel-
ligence.” Thus, participants themselves were not allowed to use Al, but other group members
might have been allowed to do so.

Taken together, participants made decisions in one of three environments. In AT-AT, par-
ticipants were allowed to use Al and knew that some other group members might also use
Al In NoAI-NoAI, participants were not allowed to use Al and knew that the same restriction

applied to all other group members. In NoAI-AT, participants were not allowed to use Al but
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knew that some other group members might use Al. Our main behavioral predictions concern
the comparison between NoAI-NoAI and NoAI-AI. In both conditions, the focal participant is
prohibited from using Al. The only difference is whether other group members may have ac-
cess to Al. This comparison therefore identifies the causal effect of others’ possible Al access
while holding participants’ own Al access constant.

For this comparison, we preregistered the following hypotheses:

Hypothesis 1: Cooperation in a public goods game decreases if other group mem-
bers may use Al to form their contribution decision.
Hypothesis 2: Coordination in a weakest-link game increases if other group mem-

bers may use Al to form their effort decision.

The rationale behind our hypotheses rests on the idea that participants may associate
Al-supported decision-making with more strategic, payoff-oriented, and instrumentally ra-
tional reasoning. Several findings are consistent with this view. In a review of experiments
involving computer players, March (2021) concludes that humans often adapt their behavior
when interacting with artificial agents and tend to act more selfishly and more rationally in
their presence. Related, Barak and Costa-Gomes (2025) show that participants choose more
equilibrium-like actions when facing LLM opponents in a strategic game, suggesting that hu-
mans may expect LLMs to reason more strategically than humans. Evidence on Al advice
points in a similar direction: Leib et al. (2024) show that Al-generated advice can affect ethi-
cally relevant behavior, while Jobu Babin and Chauhan (2026) find that generative-Al advice
in public-good and coordination-type games emphasizes guided reasoning and concepts of
risk and strategy. Finally, Shen et al. (2025) show that non-assisted participants perceive Al-
assisted counterparts as more competitive and less warm, i.e., as less benevolent or less proso-
cially oriented.

Taken together, this evidence suggests that participants in our NoAI-AI condition may ex-
pect Al-assisted group members to reason more strategically and less prosocially. In the public
goods game, such expectations point toward lower cooperation, because payoff-maximizing
behavior implies free-riding. In the weakest-link game, however, the same expectation may
imply higher effort provision, because strategically sophisticated group members may be ex-
pected to recognize the payoff-dominant equilibrium and to coordinate on high effort. We
therefore hypothesized that others’ possible Al access decreases cooperation in the public
goods game, but increases coordination in the weakest-link game.

At the same time, one should note that the direction of these effects is theoretically am-
biguous, since alternative predictions might also be derived from the literature. First, Al ad-
vice does not need to be selfish. Jobu Babin and Chauhan (2026) find that both human and
generative-Al advice increase prosociality, including contributions in a public goods game,
although human advice appears more norm-oriented and more effective. Similarly, Capraro
et al. (2025) show that advanced LLMs can capture qualitative patterns in other-regarding be-
havior but tend to underestimate self-interest and overestimate altruistic behavior. Second,
people sometimes expect Al systems to make more utilitarian or outcome-oriented decisions
than humans (Zhang et al., 2022b; Myers & Everett, 2025). In the public goods game, such
utilitarian reasoning could imply higher rather than lower contributions, since full contribu-
tion maximizes total surplus. Third, current LLMs may (still) struggle with complex multi-
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agent reasoning and socially adept coordination under uncertainty (Yao et al., 2025). In the
weakest-link game, this could imply that others’ possible Al access increases rather than de-
creases strategic uncertainty, especially if participants expect different group members to re-
ceive different or poorly coordinated advice. Thus, while our preregistered hypotheses reflect
the view that Al access makes others appear more strategic and payoff-oriented, the litera-
ture also provides reasons to expect higher cooperation, lower coordination, or no systematic
effect.

As an auxiliary check on the kind of advice participants might plausibly expect from LLMs,
we simulated the advice that contemporary models would provide in our experimental set-
ting. Pretending to be a participant in our study, we entered the relevant decision problems
into ChatGPT 5.3 Instant and Gemini 3 Fast a total of 200 times, with 100 independent prompts
per model. The results reveal substantial heterogeneity across models. In the one-shot public
goods game, ChatGPT 5.3 Instant recommended contributing 0 tokens in 95 out of 100 runs.
Gemini 3 Fast, by contrast, recommended contributing 0 tokens in only 43 out of 100 runs and
recommended contributing the full endowment of 20 tokens in 54 out of 100 runs. In 10 out of
100 runs, Gemini explicitly highlighted the trade-off between the individually strategic choice
and the socially efficient outcome. In the one-shot weakest-link game, ChatGPT 5.3 Instant
recommended choosing 0 hours in 81 out of 100 runs and recommended choosing the max-
imum effort of 20 hours in only 11 out of 100 runs. Gemini 3 Fast, by contrast, recommended
the maximum effort of 20 hours in 95 out of 100 runs.

The conditional decision tasks show similarly LLM-specific patterns. In the conditional
public goods game, ChatGPT 5.3 Instant recommended a free-riding profile in 86% of cases,
compared to 43% for Gemini 3 Fast. Gemini 3 Fast recommended matching the average con-
tribution of the other group members in 54% of cases, consistent with a conditional-coop-
erationlogic. In the conditional weakest-link game, ChatGPT 5.3 Instant recommended choos-
ing 0 hours irrespective of the minimum effort of the other group members in 53% of cases
and recommended matching the weakest link in 45% of cases. Gemini 3 Fast recommended
matching the weakest link in all cases. These simulations illustrate two points. First, LLM
advice can be strategically consequential in both games, as the recommendations map di-
rectly onto contribution and effort choices. Second, the direction of advice is highly model-
dependent: while ChatGPT 5.3 Instant predominantly recommended payoff-maximizing low
contributions and low effort, Gemini 3 Fast more often recommended socially efficient or
coordination-oriented choices. Thus, participants’ beliefs about others’ possible Al use could
reasonably support different behavioral responses, making the effect of anticipated Al assis-

tance an empirical question.

2.4 Procedures

Our study received ethical approval from the German Association for Experimental Economic
Research e.V. (No. jd2mHZ4m) and was preregistered on AsPredicted.org (https://aspredicted.
org/fb3h85.pdf). The experiment was hosted on Qualtrics LLC. We conducted the study on-
line drawing on the BonnEconLab subject pool at the University of Bonn (managed using
hroot; Bock et al., 2014). In total, we invited N = 241 participants. Using Qualtrics’ built-in
randomization function, participants were randomly assigned to one of three treatment con-
ditions (NoAI-NoAI, NoAI-AI, and AI-AT; see Section 2.3), with a target of 80 participants per
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condition. The sample size was determined based on an a priori one-sided power analysis
with ¢ = .05 and 80% power to detect a medium effect size of d = 0.4.

After clicking on the web link to access our study, participants were required to provide
informed consent; otherwise, participation was not possible. They were then presented with
the description of the public goods game (see Section 2.1) and asked to make an incentivized
unconditional contribution decision to the public good. After making their unconditional al-
location decision between the private and the public good, we used a variant of the strategy-
method approach (Selten, 1967) and asked participants to make the same decision again con-
ditional on the average contribution of the other three group members to the public good.
Following Fischbacher et al. (2001), one player per group was randomly selected ex post to
serve as the conditional decision-maker, whereas the remaining players served as uncondi-
tional decision-makers. Since at the time a player makes the unconditional and the condi-
tional decisions she does not know yet which of the decisions will become payoff-relevant for
her, incentive compatibility is granted for all decisions.

Next, participants reported their normative and descriptive beliefs (Bicchieri, 2006) about
others’ contributions to the public good. For this, we first elicited first-order normative be-
liefs about socially appropriate contribution levels to the public good. Then, we asked par-
ticipants for their second-order normative beliefs, i.e., their beliefs about what others would
consider socially appropriate. This captures perceived social norms of cooperation. We incen-
tivized the elicitation of the second-order normative belief using the coordination approach
of Krupka and Weber (2013), i.e., using other players” answer to the first-order normative be-
liefs to incentivize the belief about others’ second-order normative belief. To measure de-
scriptive beliefs, we asked participants to report the average contribution they expected from
others. The accuracy of both second-order normative beliefs and descriptive beliefs was in-
centivized using the quadratic scoring rule (Selten, 1998).

After the public goods game, participants played the weakest-link game (see Section 2.2)
with the same group members. The procedure in this game exactly mirrored that of the public
goods game: Participants first made an unconditional effort decision, followed by conditional
effort choices and belief elicitation.

The experiment concluded with a questionnaire. First, we elicited subjective closeness
to group members using the “Inclusion of the Other in the Self” scale (I0OS11; Baader et al.,
2024). In the NoAI-ATI and AI-AI treatments, participants were specifically asked about their
closeness to group members who were allowed to use Al. We also administered the ATTARI-
12 questionnaire to measure attitudes toward artificial intelligence (Stein et al., 2024). For the
ATTARI-12 index, items 2, 4, 7, 8, 10, and 12 were reverse-coded, and the mean of the 12 items,
each measured on a 5-point Likert scale, was calculated. Following the ATTARI-12 question-
naire, we elicited trust in Al using the five items reported in Suri et al. (2026a), each measured
on a 5-point Likert scale. We also followed their approach to construct the trust index. In addi-
tion, we measured general trust in humans and positive reciprocity using the self-assessment
items from the Global Preference Survey (Falk et al., 2018). Finally, we elicited participants’
gender and age.

Data collection took place in April 2026. We stopped data collection once the target of 80
participants per treatment condition was met. Due to the randomizer of Qualtrics, we ended
up with 81 participants in the condition NoAI-NoAI and with 80 participants in the other two
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conditions. The experiment was administered in German. Screenshots will be displayed in the
OSF repository. English translations are presented in the Online Appendix. The target com-
pletion time was 20 minutes. Participants received a fixed participation payment of 4 Euro
and could earn additional compensation based on their own and their group members’ deci-
sions in the games. For this, we first randomly matched participants into groups of 4 within
the NoAI-NoAI treatment separately and the NoAI-AI and AI-AI treatments jointly. For each
group, we then randomly selected one of the two games (i.e., PGG or WLG), followed by an-
other random draw on whose group member’s conditional decision is realized. This proce-
dure was known to all participants, though they did not know ex ante which game would be

randomly selected to ensure incentive-compatibility.

2.5 Our participant pool

We stopped data collection after reaching our preregistered target sample size of 80 partici-
pants per treatment condition. Because Qualtrics randomly assigned participants to condi-
tions, the final sample comprised 81 participants in NoAI-NoAI and 80 participants in each of
the other two conditions. Table 1 reports descriptive sample characteristics for the full sample
and separately by treatment condition. Overall, 46.8% of participants identify as male, and the
average age is 28.9 years. Gender and age do not differ significantly across treatment condi-
tions. Similarly, we find no significant differences across conditions in trust in other humans,
trust in AI (Cronbach’s a = .77), attitudes toward Al (measured by ATTARI-12, Cronbach’s @ =
.91), or positive reciprocity—indicating successful randomization intro treatment conditions.
Note that the two trust measure scores are not directly comparable, as trust in Al is measured

on a 5-point Likert scale, whereas trust in humans is measured on an 11-point Likert scale.

Table 1: Sample characteristics

Characteristic Full NoAI-NoAI NoAI-AI AI-AI p-value
Participants 241 81 80 80

Male 46.8% 51.9% 41.6%  46.8% 432
Age 28.9 29.4 29.9 27.5 .285
Positive Reciprocity 8.7 8.8 8.5 8.8 223
Trust in Human 4.6 4.5 4.7 4.7 .886
Trust in Al 2.5 24 2.6 2.5 .072
ATTARI-12 3.1 3.1 3.2 3.1 .569

Notes: The table reports mean value sample characteristics with regard to the full sample and
separately for each treatment condition. The p-values for the comparison among all three
treatment conditions originates from Pearson’s Chi-squared or Kruskal-Wallis rank sum tests,
depending on the nature of the characteristic.
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3 Results

We present the results by focusing on the two main treatment conditions that are directly
relevant to our preregistered hypotheses: NoAT-NoAT and NoAI-AI. Results for the AT-AT con-
dition, as well as additional tables and figures, are reported in the Online Appendix for com-
pleteness and exploratory interpretation. All analyses were conducted in R, version 4.2.2 (R
Core Team, 2022). Unless otherwise stated, tests of the preregistered directional hypotheses
are one-sided, whereas exploratory comparisons are reported using two-sided tests. A repli-

cation package will be made available on OSE
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Figure 1: Subjective closeness to group members. The figure shows the distribution of sub-
jective closeness toward other group members that cannot use Al to inform their decisions
(left, a, NoAI-NoAI) and other group members that may use Al to inform their decisions (right,
b, NoAI-ATI). 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 rep-
resent the respective means.

We first examine participants’ perceived subjective closeness to other group members.
Figure 1 displays the distribution of IOS11 scores separately for the two main treatment con-
ditions. Panel a shows that in the NoAI-NoAI condition, where participants rated their close-
ness to other group members who also could not use Al, the distribution is bimodal, with
peaks at the midpoint of the scale and at the highest value, indicating maximum perceived
closeness. By contrast, in the NoAI-AI condition, where participants themselves were not al-
lowed to use Al but rated their closeness to group members who may use Al, the distribution
shifts toward lower values: most reported scores are 6 or below. The two distributions differ
significantly (two-sided Kolmogorov-Smirnov test, p = .003). The average IOS11 score is also
lower in NoAI-AT thanin NoAI-NoAI, and a two-sided Wilcoxon rank-sum test indicates a sig-
nificant difference between conditions (p = .007). These findings suggest that participants
who are not allowed to use Al perceive themselves as socially more distant from others who

may use Al to inform their decision-making. This is interesting, given that previous studies
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Table 2: Treatment effects

. Public Goods Game Weakest-Link Game
Variable
NoAI-NoAI NoAI-AI p NoAI-NoAI NoAI-AI P
Unconditional 9.53 7.39 042 12.62 10.4 031
contribution/ effort (7.68) (7.01) ' (7.52) (6.74) -
Conditional cooperator/ .73 .80 377 .85 .86 1.00
coordinator (.45) (.40) ' (.36) (.35) '
12 13
Free-rid 1.00 - - -
ree-rider (33) (33)
.15 .07 .15 .14
Other (.36) (27) 222 (.36) (35) 1.00
First-order normative 7.26 6.47 339 10.98 8.85 024
belief (5.10) (4.65) ) (6.36) (5.82) )
Second-order normative 8.64 6.61 10.05 9.03
. <.001 .250
belief (4.06) (3.90) (5.39) (5.24)
7.79 7.28 11.38 9.41
D ipti lief . .02
escriptive belie (5.35) (5.02) 398 (5.99) (5.93) 026

Notes: The table reports mean (standard deviation) values for contribution/ effort decisions,
conditional types and beliefs. The p-values originate from Pearson’s Chi-squared or Wilcoxon
rank sum tests—depending on the nature of the characteristic.

have found subjective closeness to matter in both strategic (e.g., Gichter et al., 2022, 2025)
and non-strategic (e.g., Suri et al., 2026a, 2026b) decision-making settings.

Table 2 summarizes the main treatment comparisons for the public goods game (PGG)
and the weakest-link game (WLG). In the PGG, unconditional contributions to the public
good—i.e., contributions made without knowing other group members’ decisions—are sig-
nificantly higher in NoAI-NoATI than in NoAI-AI. The difference amounts to 2.14 contribution
points, corresponding to approximately 29% higher contributions in NoAI-NoAT relative to
NoAI-AI. Contrary to our expectation where we hypothesized that Al could boost coordina-
tion as the reasoning underlying both higher personal and higher group payoffs is aligned, we
observe a similar pattern in the WLG. Effort is significantly higher in NoAI-NoAI, correspond-
ing to approximately 21.3% higher effort relative to NoAI-AI. Overall unconditional levels are
higher in the WLG than in the PGG, consistent with the different strategic structure of the
coordination game.

Next, we classify participants into cooperation and coordination types, following standard
approaches in the literature (see, e.g., Fischbacher et al., 2001; Rustagi et al., 2010; Gachter et
al., 2017). The resulting patterns are displayed in Figure 2; though we now focus only on free-
rider and conditional cooperator types as done in previous studies (see, e.g., Kocher et al.,
2015). In the PGG, we define free-riders as participants who never contribute to the public
good, irrespective of the contributions of the other group members. The share of free-riders
is similar across the two treatment conditions, amounting to 12% in NoAI-NoAI and 13% in
NoAI-AI.
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Figure 2: Conditional types. The figure shows the conditional types in the NoAI-NoAT (left)
and in the NoAI-AI condition (right). The top row shows the types in the PGG and the bottom
row shows the types in the WLG. The solid lines represent the 45 degree line.

We define conditional cooperators as participants whose own contributions increase sig-
nificantly with the contributions of the other group members, based on a positive Spearman
rank correlation that is statistically significant at the 5% level. According to this classification,
73% of participants in NoAI-NoAI and 80% in NoAI-AI are conditional cooperators. This dif-
ference is not statistically significant. Although the aggregate conditional cooperation pat-
terns appear broadly similar across treatment conditions, as shown in Panels a and b of Fig-
ure 2, the estimated response slopes differ significantly. The slope in NoAI-AT isless steep than
in NoAI-NoAI (B = —.14, significant at the 1% level; see the random-effects estimation in Col-
umn 6 of Table OA-1). We also find a significant level difference between conditions (8 = .75,
significant at the 5% level; see Column 6 of Table OA-1). This suggests that even among par-
ticipants who remain conditional cooperators in type, the perceived Al environment damp-
ens the intensity of reciprocal cooperation: conditional cooperators in NoAI-AT respond less
strongly to others’ contributions than their counterparts in NoAI-NoAI. The treatment thus

affects not only the level of unconditional cooperation but also the strength of conditional
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reciprocity among those who exhibit it.

Turning to the WLG, we classify participants as conditional coordinators using the same
approach as in the PGG. The share of conditional coordinators is similar across treatment
conditions and is higher than the share of conditional cooperators in the PGG, which is con-
sistent with the coordination incentives embedded in the WLG. The conditional coordina-
tion patterns are almost identical across treatment conditions, as shown in the bottom row
of Figure 2. Accordingly, we find no significant differences in either slopes or levels across
conditions (see Column 6 of Table OA-2). Comparing behavioral types across games, 68.3%
of participants can be classified as both conditional cooperators in the PGG and conditional
coordinators in the WLG, with only minor differences across treatment conditions.

Table 2 also provides evidence on how the possibility that other group members may
use Al affects participants’ normative and empirical beliefs. In the PGG, first-order norma-
tive beliefs—what the participant finds to be a socially appropriate contribution to the public
good—are lower in NoAI-AT than in NoAI-NoAI. Similarly, they also exhibit a smaller descrip-
tive belief, i.e., they expect others to contribute, on average, slightly less. However, neither dif-
ference is statistically significant. The clearest difference emerges for second-order normative
beliefs: participants in NoAI-AT report significantly lower beliefs about what others consider
an appropriate contribution than participants in NoAI-NoAI (8.64 compared to 6.61). This
suggests that the possibility that others may use Al primarily affects the social norm of appro-
priate behavior in the PGG.

In the WLG, by contrast, treatment differences are more pronounced for first-order nor-
mative and descriptive beliefs. Participants in NoAI-AT report significantly lower first-order
normative beliefs than participants in NoATI-NoATI (10.98 compared to 8.85), and they also ex-
pect lower efforts by other group members (11.38 compared to 9.41). Second-order normative
beliefs are lower in NoAI-AI as well, but the difference is not statistically significant.

Overall, these results suggest that the possibility that others may use Al lowers beliefs
about both appropriate and expected contribution or effort decisions, although the relevant
belief dimension differs between the cooperation and coordination settings. These shifts in
beliefs are consistent with the observed treatment effects on unconditional behavior: when
participants expect others to contribute less or exert less effort, or perceive the relevant social
norms as less demanding, they may themselves become less willing to cooperate or coordi-
nate unconditionally. The belief channel may therefore partly mediate the negative indirect

effect of others’ possible Al access on unconditional contributions and effort provision.

4 Discussion and conclusion

In this paper, we studied whether the possibility that others may use Al affects human decision-
making even when the decision-maker herself is not allowed to use Al. Participants in our ex-
periment played a one-shot PGG and a one-shot WLG. The experimental design allowed us
to causally identify the indirect effect of others’ possible Al access on cooperation and coor-
dination behavior.

We found that others’ possible Al access had negative indirect effects on the coopera-
tion and coordination behavior of participants who were not allowed to use Al themselves.

In the PGG, these participants contributed less when their group members could use Al; in
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the WLG, they chose lower effort levels. Thus, rather than observing opposite effects in co-
operation and coordination settings, as hypothesized ex ante, we found a common negative
effect of others’ possible Al access on both unconditional cooperation and effort provision.
This extends existing evidence that Al involvement affects behavior when Al directly replaces
a human decision-maker (Dell’Acqua et al., 2025; Dvorak et al., 2025). It seems that the ef-
fect does not require direct replacement. The mere possibility that other group members may
consult Al seems sufficient to affect behavior, beliefs, and perceived closeness—which may
be particularly relevant in real-world settings, where Al use by others is rarely observable or
verifiable. At the same time, we found that conditional decision profiles remained largely sta-
ble: the shares of conditional cooperators and conditional coordinators did not differ signif-
icantly across treatments, and conditional coordination patterns in the weakest-link game
were almost identical across treatments. This suggests that participants’ fundamental coop-
eration and coordination types were largely unaffected by our treatment—which underlines
previous evidence from situations that do not involve Al that cooperation types seem to be
relatively stable individual characteristics persisting across contexts and populations (Thoni
& Volk, 2018).

Why do the effects in the PGG and the WLG point in the same direction? One interpretation
is that participants may not have perceived the weakest-link game purely as a coordination
problem. Formally, the two games differ: the PGG involves a conflict between individual and
collective incentives, whereas the WLG involves multiple equilibria and strategic uncertainty
about the minimum effort. Nevertheless, the WLG also has a strong team-production and
mutual-dependence component. A participant’s costly effort benefits the group only if others
also exert sufficient effort; otherwise, the participant bears costs without generating the de-
sired group payoff. In this sense, the weakest-link game may be experienced psychologically
as a cooperation problem, even if its formal game-theoretic structure is one of coordination.
This interpretation is consistent with previous work that relates weakest-link mechanisms to
reciprocity, matching, and conditional cooperation (Croson et al., 2005), as well as work com-
paring punishment in cooperation and coordination games (Albrecht & Kube, 2018). Under
this perspective, knowing that some group members may use Al could reduce effort provision
for reasons similar to those that reduce contributions in the public goods game: participants
may perceive Al-assisted group members as less socially close, less normatively committed,
or more likely to act in a detached and payoff-oriented manner.

Our measure of subjective closeness supports this interpretation. Participants who were
not allowed to use Al reported lower closeness to group members who might use Al than to
group members who could not use Al. This suggests that Al access does not only change
beliefs about strategic sophistication; it may also change the perceived social relationship
among group members. Such social distance can matter in both games. In the public goods
game, lower perceived closeness may reduce social obligation and reciprocal cooperation. In
the weakest-link game, it may reduce confidence that others will choose the high-effort path
needed for successful team production. These interpretations are consistent with evidence
that group cohesion is strongly associated with performance in weak-link team production
(Géchter et al., 2025), that reduced social distance raises contributions in public goods set-
tings (Eckel & Grossman, 2005), and that social distance shapes cooperative behavior in iter-
ated dilemma games (Zhang et al., 2022a).
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A second explanation is that others’ possible Al access may have increased rather than
decreased strategic uncertainty. Our preregistered hypothesis was based on the idea that Al
assistance could help group members identify the payoff-dominant equilibrium. However,
participants did not know which Al tools others might use, whether they would use them at
all, how they would prompt them, or what advice they would receive—and our auxiliary sim-
ulations illustrate that such uncertainty is plausible: ChatGPT 5.3 Instant and Gemini 3 Fast
produced sharply different recommendations in both games. This heterogeneity is consistent
with broader evidence that different LLMs exhibit systematically divergent strategic behav-
ior even in identical game-theoretic settings (Lore & Heydari, 2024; Xie et al., 2024). Others’
possible Al access therefore differs from the coordination-enhancing mechanisms studied in
prior work, which create common expectations through shared signals, communication, or
institutional changes (Brandts & Cooper, 2006, 2007; Blume & Ortmann, 2007; Kogan et al.,
2011). Instead, it changes what participants know about the decision-making process of oth-
ers, introducing a novel source of strategic uncertainty. In the weakest-link game, where the
payoff from high effort depends on the lowest effort chosen by any group member, even small
doubts about others’ choices can make lower effort attractive (Huyck et al., 1990; Devetag &
Ortmann, 2007; Hanaki et al., 2016).

Several limitations should be noted. First, our main treatment varies others’ possible Al
access, not verified Al use. This is intentional, as many real-world settings involve uncertainty
about whether others use Al. However, the treatment effect should therefore be interpreted
as the effect of anticipated or possible Al assistance by others, not the effect of actual Al-
generated advice. Second, we study one-shot interactions. Repeated interaction may change
the effect of Al access as participants learn whether Al-assisted group members are reliable,
selfish, cooperative, or predictable. Third, our design does not identify which specific belief
channel is causal. We observe changes in perceived closeness, normative beliefs, and descrip-
tive beliefs, but these measures are post-treatment outcomes. Future work could experimen-
tally manipulate perceived Al advice, perceived social distance, or information about the con-
tent of Al recommendations to disentangle these mechanisms more directly. Finally, Al sys-
tems evolve quickly. The advice generated by current models, and beliefs about such advice,
may differ from those generated by future systems.

Moreover, future research could extend the present design in several directions. One natu-
ral extension is to compare uncertain Al access with disclosed actual Al use and with disclosed
Al-generated advice. This would help separate the effects of uncertainty, source identity, and
advice content. A second extension is to study repeated games, where participants can learn
about the behavior of Al-assisted group members over time. A third extension is to investigate
institutional remedies. In public goods games, punishment, rewards, communication, and in-
formation provision can sustain cooperation; in weakest-link games, communication, focal
recommendations, and shared histories can facilitate efficient coordination. It remains open
whether these mechanisms work similarly when some group members may use Al For exam-
ple, transparent disclosure rules, common Al recommendations, shared prompts, or symmet-
ric access to Al tools might reduce uncertainty and restore coordination, whereas asymmetric
and uncertain access to Al advice might continue to undermine trust and perceived closeness.

Overall, our findings show that Al can affect strategic interaction even when it is not di-
rectly used by the decision-maker. Merely knowing that others may consult Al reduces uncon-
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ditional cooperation in a public goods game and unconditional effort provision in a weakest-
link game. These effects are accompanied by lower perceived social closeness and shifts in
beliefs about appropriate and expected behavior, while conditional cooperation and coordi-
nation profiles remain largely stable. This suggests that Al is not only a private decision aid;
it can also become part of the social and strategic environment. As Al tools become increas-
ingly available, their behavioral consequences may therefore extend beyond users themselves
to those who interact with, compete with, or depend on people who may use them.
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Figure OA-1: Subjective closeness to group members in AI-AI. The figure shows the dis-
tribution of subjective closeness toward other group members that also may use Al to in-
form their decisions in treatment condition AI-AI. Subjective closeness is measured by the
I0S11 score, where 1 means subjectively very distant and 11 means subjectively very close.
The dashed lines represent the respective means.
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contribution types in treatment condition AI-AI. The solid lines represent the 45 degree line.
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the raw data of the public goods game separately for each treatment condition in violin plots.
The first row show the unconditional contribution decision in NoAI-NoAI (left), NoAI-AI
(middle), and AI-ATI (right). The second row from the top shows answers to the first-order
normative belief question. The third row from the top shows answers to the second-order
normative belief question. The bottom row shows answers to the descriptive belief question.
The red dots indicate mean values.
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Figure OA-4: Raw data of the weakest-link game by treatment condition. The figure show
the raw data of the weakest-link game separately for each treatment condition in violin plots.
The first row show the effort provision decision in NoAI-NoAI (left), NoAI-AI (middle), and
AI-AT (right). The second row from the top shows answers to the first-order normative be-
lief question. The third row from the top shows answers to the second-order normative belief
question. The bottom row shows answers to the descriptive belief question. The red dots in-
dicate mean values.
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OA-2 Supplementary Tables

Table OA-1: Treatment effects in the public goods game

Dependent variable:
Unconditional contribution Conditional contribution
(1) (2) (3) (4) (5) (6)
Constant 3.93** -1.66 -2.65 -7.02** -1.64 -4.92*
(1.20) (3.27) (3.72) (2.49) (2.18) (2.30)
NoAI-AI —2.53* -2.23** —2.21* 0.28 0.93* 0.75*
(0.86) (0.82) (0.82) (0.68) (0.40) (0.38)
1st-order norm. belief 0.74*** 0.72%** 0.73***
(0.11) (0.12) (0.12)
2nd-order norm. belief -0.67*** -0.71""* -0.70"**
(0.15) (0.14) (0.15)
Descriptive belief 0.78"** 0.74™* 0.72"*
(0.10) (0.10) (0.10)
Others’ Contribution 0.69*** 0.94** 0.94"**
(0.05) (0.03) (0.03)
I0S11 0.35* 0.35* 0.15 0.07 0.11
(0.14) (0.14) (0.10) (0.08) (0.08)
ATTARI-12 -0.73 -0.69 -0.49 -0.82* -0.73*
(0.72) (0.73) (0.52) (0.37) (0.36)
Trust in Al 0.48 0.42 -0.01 0.51 0.52
(0.78) (0.79) (0.59) (0.39) (0.36)
Trust in Human 0.42* 0.44% 0.47* 0.27* 0.40™**
(0.21) (0.22) (0.14) (0.11) (0.11)
Positive Reciprocity 0.37 0.44 0.70** 0.06 0.13
(0.29) (0.29) (0.24) (0.20) (0.20)
Age 0.03 0.07***
(0.04) (0.02)
Male -0.88 -1.03*
(0.84) (0.44)
NoAI-AI x -0.06 -0.15** —0.14**
Others’ Contribution (0.07) (0.05) (0.05)
Sample Full Full Full Full CConly CConly
Observations 161 161 158 3,381 2,583 2,520
Adjusted R? 0.47 0.50 0.50 0.59 0.83 0.83

Notes: The table shows regression estimates on unconditional (Columns 1-3, OLS regressions)
and conditional (Columns 4-6, random-effects regressions) contributions in the public goods

game. Columns 1-4 report data from the full samples of NoAI-NoATI and NoAI-AI. Columns 5-
6 report data from only conditional contribution types in both treatment conditions. Robust

standard errors are in parentheses. Levels of significance: *p<0.05, **p<0.01, ***p<0.001.
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Table OA-2: Treatment effects in the weakest-link game

Dependent variable:
Unconditional effort provision Conditional effort provision
(1) (2) (3) (4) (5) (6)
Constant 3.59* -2.18 -7.09* -2.60 -3.20* —4.47*
(1.13) (3.15) (3.58) (2.26) (1.49) (1.60)
NoAI-AI -0.40 -0.49 -0.87 -0.22 0.49 0.37
(0.96) (0.95) (0.95) (0.74) (0.33) (0.33)
1st-order norm. belief 0.53** 0.47* 0.42***
(0.14) (0.13) (0.13)
2nd-order norm. belief -0.18 -0.15 —-0.05
(0.16) (0.15) (0.16)
Descriptive belief 0.45"** 0.44*** 0.45"**
(0.13) (0.12) (0.12)
Others’ Contribution 0.82%** 0.97** 0.97**
(0.05) (0.02) (0.02)
I0S11 0.07 0.11 0.40*** 0.09* 0.11*
(0.15) (0.14) (0.09) (0.04) (0.04)
ATTARI-12 -1.47 -1.18 0.12 0.03 0.08
(0.78) (0.74) (0.43) (0.25) (0.25)
Trust in Al 0.98 1.07 -0.44 0.07 0.10
(0.77) (0.73) (0.48) (0.27) (0.27)
Trust in Human 0.68™* 0.85* 0.14 0.09 0.14*
(0.20) (0.21) (0.13) (0.06) (0.06)
Positive Reciprocity 0.54 0.56 0.19 0.20 0.22
(0.33) (0.34) (0.22) (0.14) (0.15)
Age 0.10* 0.03
(0.04) (0.02)
Male -1.64 -0.44
(0.93) (0.28)
NoAI-AI x —-0.002 -0.02 -0.02
Others’ Contribution (0.06) (0.03) (0.03)
Sample Full Full Full Full CC only CC only
Observations 161 161 158 3,381 2,898 2,856
Adjusted R? 0.40 0.46 0.49 0.75 0.93 0.92

Notes: The table shows regression estimates on unconditional (Columns 1-3, OLS regres-
sions) and conditional (Columns 4-6, random-effects regressions) effort provision in the
weakest-link game. Columns 1-4 report data from the full samples of NoAT-NoAT and NoAT-AT.
Columns 5-6 report data from only conditional coordination types in both treatment condi-
tions. Robust standard errors are in parentheses. Levels of significance: *p<0.05, **p<0.01,

04 <0.001.
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OA-3 Experimental Instructions

This section presents an English translation of the main experimental instructions. Screen-
shots of the original instructions in German are stored at the OSF repository linked to this ar-
ticle. Each line indicates a new screen. Where appropriate, we add comments *** in italic text
between asterisks *** above the line. These comments were not shown to participants. Prior to
the instructions shown below, participants received information about the study, were asked
to provide their informed consent for participation, and confirmed that the participation cri-

teria were met. At the end of the survey, we provided information about the payment.

Part A

In this part of the study, you will make a cooperation decision in a group of four people in
total: you and three other randomly selected participants.

Each group member receives 20 tokens. Each member decides for themselves how to allocate

their own 20 tokens between a private account and a group account. The following applies:

Private account
The amount of the payoff from the private account depends only on your own decision.

Each token in your own private account increases your own payoff by 1 taler.

Group account
The amount of the payoff from the group account depends on the decisions of all group
members.

Each token in the group account increases the payoff for each group member by 0.4 talers.

You are free to decide how many of your 20 tokens you put into your private account and how
many you put into the group account. In total, all 20 tokens must be allocated.

If this part is randomly selected for your group’s payment, you will receive a bonus payment
corresponding to the number of talers you received from your private account and the group

account. Here, 1 taler = €0.10.

Before you can make your decision for this part, we would like to ask you to answer the fol-

lowing comprehension questions.

How many talers do you receive if you put all 20 tokens into the group account and the 3 other

group members also put all 20 tokens into the group account?

e 20x1=20

e 20x0,4=8

e 20x1+60x0,4=44
* 80x0,4=32

* 80x1=80
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How many talers do you receive if you put all 20 tokens into the private account and the 3

other group members put all 20 tokens into the group account?

e 20x1=20

e 20x0,4=8

e 20x1+60x0,4=44
e 80x0,4=32

* 80x1=80

How many talers do you receive if you put all 20 tokens into the private account and the 3
other group members also put all 20 tokens into the private account?

e 20x1=20

* 20x04=8

* 20x1+60x0,4=44
* 80x0,4=32

* 80x1=80

Before you make your decisions in Part A, we would like to inform you of the following: You
are not allowed to use or consult artificial intelligence to make your decisions in Part A!

Please note: The other members of your group have received the same message.

*** This was shown only in NoAI-NoAI. ***

Before you make your decisions in Part A, we would like to inform you of the following: You
are not allowed to use or consult artificial intelligence to make your decisions in Part A!

Please note: Not every member was explicitly prohibited from using artificial intelligence

to make decisions in Part A. Therefore, it may be that some of your group members make
their decisions with the help of artificial intelligence.

*** This was shown only in NoAI-AI ***

Before you make your decisions in Part A, we would like to inform you of the following: You
are allowed to use or consult artificial intelligence to make your decisions in Part A!

Please note: Not every member was explicitly allowed to use artificial intelligence to make
decisions in Part A. Therefore, it may be that some of your group members make their
decisions without the help of artificial intelligence.
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*** This was shown only in AT-AI. ***

Phase 1

This is Phase 1 of Part A.

How many of the 20 tokens would you like to put into the group account?

(Note: Tokens that you do not put into the group account will automatically be put into your

private account.)

< Slider from 0 to 20. >

Phase 2
This is Phase 2 of Part A.

You are still in the same decision situation with the same three group members. We are
now interested in how many of your 20 tokens you want to put into the group account
when you know how the other three group members have decided.

For this purpose, we present you below with all possible averages, rounded to whole tokens,
that the other three group members can put into the group account. If this phase is used for
your bonus payment, we will look at how the other three group members decided and match

their average to your decision in this phase.

How many tokens would you like to put into the group account, given that the other group

members put, on average, the number of tokens listed below into the group account?

(Note: Tokens that you do not put into the group account will automatically be put into your

private account.)

< 21 sliders varying other’s average contribution from 0 to 20. Each slider allows the participant

to select between 0 and 20. >

Phase 3

This is Phase 3 of Part A.

Think briefly about the decision situation in Part A. We will now ask you three questions about
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this decision situation. For Questions 2 and 3, you can receive an additional bonus pay-
ment. To do so, you must identify the average contribution, rounded to whole tokens, that

was chosen by most other study participants.

You will receive €0.15 for the correct answer. You will receive €0.14 / €0.12 / €0.08 / €0.03 if
your answer differs from the correct answer by 1 / 2 / 3 / 4 tokens, respectively, regardless of
the direction. If your answer differs by more than 4 tokens, you will not receive any bonus

payment for this question.

Question 1 and Question 2 are about socially appropriate behavior. By this, we mean behavior
that you believe most other study participants would consider to be right. In other words: If

someone behaves in a socially inappropriate way, other people might be upset about it.

Question 1: What is the minimum number of tokens contributed per group member to the

group account that you consider socially appropriate?

< Slider from 0 to 20. >

Question 2 (Bonus payment): What is the minimum number of tokens contributed per group
member to the group account that most other study participants consider socially appro-
priate?

< Slider from 0 to 20. >

Question 3 (Bonus payment): What is the number of tokens that most other study participants

contributed to the group account?

< Slider from 0 to 20. >

Part B

In this part of the study, you will make a coordination decision in a group of four people in

total: you and three other randomly selected participants.

Each group member has 20 hours of time available. Each member decides for themselves
how to allocate their own 20 hours between a private project and a group project. The follow-

ing applies:
Private project

The amount of the payoff from the private project depends only on your own decision.

Each hour in your own private project increases your own payoff by 1 taler.
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Group project

The amount of the payoff from the group project depends only on the decision of the group
member with the lowest number of hours in the group project.

Each contributed hour of this group member (with the lowest number of hours) in the

group project increases the payoff for each group member by 1.6 talers.

You are free to decide how many of your 20 hours you contribute to the private project and

how many you contribute to the group project. In total, all 20 hours must be allocated.

If this part is randomly selected for your group’s payment, you will receive a bonus payment
corresponding to the number of talers you received from your private project and the group
project. Here, 1 taler = €0.10.

Before you can make your decision for this part, we would like to ask you to answer the fol-

lowing comprehension questions.

How many talers do you receive if you contribute all 20 hours to the group project and the 3

other group members also contribute all 20 hours to the group project?

e 20x1=20

e 20x1,6=32

¢ 20x1+60x1,6=116
80x1,6=128

* 80x1=80

How many talers do you receive if you contribute 0 hours to the group project (and accordingly
contribute 20 hours to your private project) and the 3 other group members contribute all 20

tokens to the group project?

e 20x1=20

e 20x1,6=32

* 20x1+60x1,6=116
* 80x1,6=128

* 80x1=80

How many talers do you receive if you contribute 0 hours to the group project (and accordingly
contribute 20 hours to your private project) and the 3 other group members also contribute

0 hours to the group project?

e 20x1=20

e 20x1,6=32

e 20x1+60x1,6=116
e 80x1,6=128

80 x1=80
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How many talers do you receive if you contribute 4 hours to the group project (and accordingly
contribute 16 hours to your private project) and the 3 other group members contribute 2, 5,

and 20 hours, respectively, to the group project?

* 4x16+16x1=22,4
e 20x1,6+16x1=48
* 2x16+16x1=19,2
* 2x1,6=3,2

e 16x1=16

Before you make your decisions in Part B, we would like to inform you of the following: You
are again not allowed to use or consult artificial intelligence to make your decisions in
Part B!

Please note: The other group members in your group have received the same message.

*** This was shown only in NoAI-NoAI. ***

Before you make your decisions in Part B, we would like to inform you of the following: You
are again not allowed to use or consult artificial intelligence to make your decisions in
Part B!

Please note: Not every member was explicitly prohibited from using artificial intelligence

to make decisions in Part B. Therefore, it may be that some of your group members make

their decisions with the help of artificial intelligence.

*** This was shown only in NoAI-AI ***

Before you make your decisions in Part B, we would like to inform you of the following: You
are again allowed to use or consult artificial intelligence to make your decisions in Part
B!

Please note: Not every member was explicitly allowed to use artificial intelligence to make

decisions in Part B. Therefore, it may be that some of your group members make their

decisions without the help of artificial intelligence.

*** This was shown only in AIT-AI. ***
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Phase 1

This is Phase 1 of Part B.

How many of the 20 hours would you like to contribute to the group project?

(Note: Tokens that you do not contribute to the group project will automatically be contributed

to your private project.)

< Slider from 0 to 20. >

Phase 2

This is Phase 2 of Part B.

You are still in the same decision situation with the same three group members. We are
now interested in how many of your 20 hours you want to contribute to the group project

when you know how the other three group members have decided.

For this purpose, we present you below with all possible values for the lowest number of hours
contributed by the other three group members to the group project. If this phase is used for
your bonus payment, we will look at how the other three group members decided and match

their lowest number of hours to your decision in this phase.

How many hours would you like to contribute to the group project, given that the lowest
contribution of the other group members to the group project corresponds to the hourly con-
tributions listed below?

(Note: Hours that you do not contribute to the group project will automatically be contributed

to your private project.)

< 21 sliders varying the lowest contribution of others’ from 0 to 20. Each slider allows the par-

ticipant to select between 0 and 20. >

Phase 3

This is Phase 3 of Part B.

Think briefly about the decision situation in Part B. We will now ask you three questions about
this decision situation. For Questions 2 and 3, you can receive an additional bonus pay-
ment. To do so, you must identify the average number of hours, rounded to whole hours, that

was chosen by most other study participants.
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You will receive €0.15 for the correct answer. You will receive €0.14 / €0.12 / €0.08 / €0.03 if
your answer differs from the correct answer by 1 / 2 / 3 / 4 hours, respectively, regardless
of the direction. If your answer differs by more than 4 hours, you will not receive any bonus

payment for this question.

Question 1 and Question 2 are about socially appropriate behavior. By this, we mean behavior
that you believe most other study participants would consider to be right. In other words: If

someone behaves in a socially inappropriate way, other people might be upset about it.

Question 1: What is the minimum number of hours contributed per group member to the

group project that you consider socially appropriate?

< Slider from 0 to 20. >

Question 2 (Bonus payment): What is the minimum number of hours contributed per group
member to the group project that most other study participants consider socially appropri-
ate?

< Slider from 0 to 20. >

Question 3 (Bonus payment): What is the number of hours that most other study participants

contributed to the group project?

< Slider from 0 to 20. >

Questionnaire

As soon as you move the slider below, two circles will appear in the field. The position of the
slider determines how strongly the circles overlap. When the slider is all the way to the left, the
circles look like this < image where sliders are not overlapping >. When the slider is approxi-
mately in the middle, the circles look like this < image where sliders are partly overlapping >.
When it is all the way to the right, the circles look like this < image where sliders are almost

completely overlapping >.
You should interpret the degree of overlap as a representation of the relationship between
you, represented by “You”, and “X”. Here, “X” refers to the other study participants in your

group who were also not allowed to use artificial intelligence to make the decisions.

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

*** This was shown only in NoAI-NoAI. ***
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Questionnaire

As soon as you move the slider below, two circles will appear in the field. The position of the
slider determines how strongly the circles overlap. When the slider is all the way to the left, the
circles look like this < image where sliders are not overlapping >. When the slider is approxi-
mately in the middle, the circles look like this < image where sliders are partly overlapping >.
When it is all the way to the right, the circles look like this < image where sliders are almost

completely overlapping >.
You should interpret the degree of overlap as a representation of the relationship between
you, represented by “You”, and “X”. Here, “X” refers to the other study participants in your

group who were allowed to use artificial intelligence to make the decisions.

Please position the slider so that the circles indicate the extent to which you and “X” are

connected.

*** This was shown only in NoAI-AI ***

Questionnaire

As soon as you move the slider below, two circles will appear in the field. The position of the
slider determines how strongly the circles overlap. When the slider is all the way to the left, the
circles look like this < image where sliders are not overlapping >. When the slider is approxi-
mately in the middle, the circles look like this < image where sliders are partly overlapping >.
When it is all the way to the right, the circles look like this < image where sliders are almost

completely overlapping >.
You should interpret the degree of overlap as a representation of the relationship between
you, represented by “You”, and “X”. Here, “X” refers to the other study participants in your

group who were also allowed to use artificial intelligence to make the decisions.

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

*** This was shown only in AI-AI. ***

Page 15 of 19



In the following, we are interested in your attitudes towards artificial intelligence (AI). Al can
execute tasks that typically require human intelligence. It enables machines to sense, act,
learn, and adapt in an autonomous, human-like way. Al 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:

Al will make this world a better place.

 Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
e Somewhat agree

* Strongly agree

I have strong negative emotions about Al

 Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
e Somewhat agree

* Strongly agree

I want to use technologies that rely on Al.

 Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree

Al has more disadvantages than advantages.

 Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree

I'look forward to future Al developments.

 Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree
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Al offers solutions to many world problem:s.

 Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
* Somewhat agree

* Strongly agree

I prefer technologies that do not feature Al.

 Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree

I am afraid of Al

 Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
* Somewhat agree

* Strongly agree

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

* Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
e Somewhat agree

e Strongly agree

Al creates problems rather than solving them.

e Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
* Somewhat agree
 Strongly agree

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

 Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree
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I would rather avoid technologies that are based on Al.

e Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree

I generally trust decisions made by Al systems.

 Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree

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

e Strongly disagree

e Somewhat disagree

* Neither agree nor disagree
* Somewhat agree
 Strongly agree

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

e Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
* Somewhat agree
 Strongly agree

I am skeptical of decisions made by Al systems.

 Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree
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I feel at ease when Al systems are used to support decisions in everyday life.

e Strongly disagree

* Somewhat disagree

* Neither agree nor disagree
e Somewhat agree
 Strongly agree

How well does each of the following statements describe you as a person? 0 means “does not
describe me at all” and 10 means “describes me perfectly”.

If someone does me a favor, I am willing to return it.

< Slider from 0 to 10. >

I assume that people only have the best intentions.

< Slider from 0 to 10. >

Which gender do you identify with?

* Female

e Male

e Other

* No response

How old are you? < Integer field. >
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