Miscalibrated trust hinders effective partner choices in human-AlI collectives
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Trust, a cornerstone of human cooperation, faces unprecedented challenges as artificial intelligence (AI) agents permeate social systems,
transforming mechanisms humans have evolved to build trust. We demonstrate how a prevalent feature of Al agents—being excessively
prosocial-reshapes trust dynamics in experiments (N = 675) simulating hybrid societies comprising humans and AI agents (“bots”)
powered by state-of-the-art large language models. Using a partner-selection game with pre-decision communication, Study 1 revealed a
paradox: Undisclosed bots, despite being more trustworthy than humans and detectable by communication, were not preferentially
selected. Instead, bots’ prosociality was misattributed to their human competitors. Study 2 showed that disclosing the human or bot identity
of partner candidates initially enhanced humans’ bias against bots, but improved trust calibration over time. Our findings highlight the
importance of evaluating Al agents in interactive hybrid environments and the dual effect of transparency in the dynamic calibration of

trust in human-AlI ecosystems.

CCS CONCEPTS ¢ Human-centered computing — Human computer interaction (HCI); Interaction design; Collaborative

and social computing
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1 INTRODUCTION

Recent years have witnessed rapid advances in artificial intelligence (Al), particularly in generative models such as large
language models (LLMs), offering both opportunities and challenges[9]. As Al models are increasingly integrated into
autonomous agents that interact directly with humans, it becomes critical to examine not only their intended benefits but
also their potential unintended impacts on human social dynamics[4, 22, 27]. For example, benevolent Al is often exploited
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by users[13], inadvertently promoting selfish behavior. This type of impact remains underexplored, as most evaluations of
Al systems do not simulate the environments where humans engage in iterative and adaptive interactions with Al
agents[22].

Here, we investigate how a fundamental element of human cooperation and collective success—trust[1, 2, 24]—can be
dynamically reshaped in a hybrid society consisting of both humans and Al agents. Humans excel at building trust using
mechanisms like social norms and effortlessly infer others’ trustworthiness from behavioral cues[12, 23, 26]. However,
these mechanisms have been challenged by the prevalence of Al agents: Many inferences cannot be generalized to Al
agents[8], and they can violate established norms and catalyze new ones[17].

We focus on how a prominent feature of modern Al agents—being excessively prosocial-can have unintended
consequences on trust building. This feature—likely stemming from developers’ design choices and/or evaluators’ biases|7,
11, 20, 22]-has been observed across various state-of-the-art LLMs and validated through multiple tasks[15, 18, 25].
Hyper-prosocial Al agents can shape trust dynamics in several ways. For instance, they may elevate human expectations
about others’ trustworthiness and promote trust. Besides, by outperforming humans in adherence to norms, Al agents may
gain a competitive advantage in securing trust, marginalizing human actors who exhibit natural variability in prosociality
or pressuring them to conform to heightened behavioral standards.

To examine these hypotheses, we conducted a series of online experiments (total N = 675) that simulate hybrid societies
comprising both human participants and Al agents (“bots”) powered by a state-of-the-art LLM (GPT-40). We adapted the
classic trust game[2] into a multi-round triadic partner selection framework (Fig. 1). In this game, each selector (trustor)
was randomly matched with two candidates (trustees) in each round and needed to decide whether to invest in one of the
candidates. In Study 1, we compared human-only societies with hybrid societies containing both human and bot candidates,
with participants in both conditions unaware of the society’s composition and individual identity as human or bot. The
setting of bots not proactively disclosing their identity isolates the effects of bots’ presence from participants’ expectations
of bots and aligns with many real-world contexts, such as online customer services[16, 19]. Meanwhile, we conjectured
that humans might distinguish bots from humans via communicative cues because (i) even state-of-the-art LLMs deviate
systematically from humans in language use (e.g., in word frequency[14, 28] and verbosity [3, 29]), and (ii) maintaining
undetectable bot behavior over long-term, open-ended interactions is prohibitively costly and challenging[6]. We thus
tested whether human selectors could recognize and preferentially partner with more trustworthy bots. In Study 2, we
tested how disclosing candidates’ identities as human or bot to the selectors would impact their trust calibration and partner
selection in the hybrid setting.

1.1 Partner selection game

The game involves two roles: the selector and the candidate. In each round, one selector was endowed with 10 points and
randomly paired with two candidates. The selector could choose from 3 options: invest in Candidate A, invest in Candidate
B, or keep all the points. If a candidate was selected, the 10 points were transferred to the selected candidate and tripled.
Each candidate, without knowing the selector’s decision, indicated how many points they wanted to return to the selector
in case they were selected. Before the selector and candidates made their decisions, the selector could message each
candidate with a question to probe their trustworthiness, and the candidates could reply independently to convince the
selector of their worthiness. The selector and candidates then made their decisions. Before revealing decisions made by all
players within the triad, we collected selectors’ beliefs about the candidates’ returns and candidates’ beliefs about selectors’
choices (Fig. 1).
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Figure 1: Partner selection game. (A) Schematic of one round in the partner selection game. (B) Illustration of the random matching
procedure in each round under the hybrid settings. (C) Example messages in one round of the hybrid condition.

-

Each player completed multiple rounds of this partner selection game, with random grouping at the beginning of each
round to ensure that the same triad would not form more than once. The role of each participant (selector/candidate) was
randomly determined at the start of the experiment, revealed to participants, and fixed throughout the experiment. This
design of multi-round one-shot interactions mimics real-life social scenarios that happen recurrently but involve different
individuals (e.g., buying souvenirs at tourist places and asking strangers for help in a cafe), where trust building can be
challenging without mechanisms unique to repeated interactions (e.g., individual reputation). Nevertheless, our settings
allowed selectors to associate candidates’ responses with their trustworthiness. Candidates could observe the preferences
of the selector population, as well as their competitors’ writing styles, signaling strategies, reciprocity, and honesty.

1.2 Experimental conditions and participants

Study 1 consisted of a human-only condition and a hybrid condition. In Study 2, we introduced a transparent condition
where each player’s identity as a human or bot was labeled by an icon during the game and contrasted it with an opaque
condition that replicated the setup of the hybrid condition in Study 1.

We recruited participants from the UK and the US via Prolific. In both Studies, participants were randomly assigned to
one of the conditions. In the human-only condition of Study 1, participants played the game in groups of 15, allocated to
5 selectors and 10 candidates. In the hybrid conditions of both Studies, participants played the game in groups of 10 humans
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(5 selectors and 5 candidates) that were complemented by 5 bot candidates. Only agents from the same group were matched
into triads to play with each other. We recruited 15 groups for each condition. As agents within a group interacted with
each other, breaking the independence of their data, all statistical tests were conducted at the group level with the
assumption of independence across groups. Participants received a show-up fee plus a bonus proportional to the points
they earned in 3 randomly selected rounds.

In Study 1, we tried to minimize participants’ waiting time by putting participants into a waiting pool once they finished
one round of the game. Whenever there was a triad of agents within a group that had not been formed before, we matched
them and started a new round for them. However, this resulted in a large variance in the number of rounds played by each
participant because of individual differences in the speed of completing rounds. To avoid potential biases resulting from
the unbalanced number of observations across participants, we only analyzed data in the first 9 rounds each participant
played, as the majority of participants played at least 9 rounds. In Study 2, we modified the grouping method by matching
the participants and starting a new round only when all participants within the group had finished one round of the game,
resulting in the same number of rounds played by all participants (which was set to 10).

1.3 Bots

Bots were powered by the OpenAl GPT-40 model. To simulate distinct bot individuals, we used GPT-4 to generate 100
personas, describing their characteristics, experience, and language styles. For each group, five bot agents were randomly
selected to play the game with human participants. To obtain more generalizable results and keep bot behavior as close to
the model’s default propensities as possible, we prompted the model with a minimal introduction to game rules but no
instructions about strategies in the game. To prevent unintended learning effects of bots and adaptation to human behavior,
bots were not informed of messages from their competing candidates, as well as information about other rounds of the
game. All prompts and parameters used to generate responses were pre-registered: https://osf.io/zuyn8/.

2 RESULTS
2.1 Study1

2.1.1 Hyper-prosocial and Detectable Bots Were Not Preferentially Selected

We first validated that bot candidates were significantly and consistently more trustworthy (mean points returned + s.e.m.
across groups = 19.10 + 0.24) than human candidates in both hybrid (11.38 + 0.72, paired ¢ test, Cohen’s d = 2.57, tj4 =
9.94, p=1.01 x 10”7) and human-only conditions (12.32 + 0.38, ¢ test, Cohen’s d = 5.55, t2¢ = 15.20, p = 4.70 x 107'5; Fig.
2A). We also validated that bot candidates wrote significantly longer replies to the selectors than those from human
candidates in both conditions (bot message length in characters: 120.43 + 2.33; humans in the hybrid condition: 47.63 +
3.05, paired ¢ test, Cohen’s d = 4.15, t14 = 16.07, p = 2.04 x 107'%; human-only condition: 48.27 + 4.05, ¢ test, Cohen’s d =
5.63, s =15.43, p=3.21 x 10°'%; Fig. 2B).

We then tested whether human selectors preferentially invested in bots that were more trustworthy than and
distinguishable from human candidates via utterances. Overall, selectors exhibited similar levels of trust, measured by the
frequency of investing, in two conditions (human-only: 0.93 + 0.02; hybrid: 0.86 £ 0.03; ¢ test, Cohen’s d =0.70, t2s=1.91,
p=0.066). In rounds where selectors invested in the hybrid condition, they selected bot and human candidates indifferently
(probability of selecting humans: 0.53 £ 0.03, ¢ test against 0.5, Cohen’s d = 0.26, #14 = 1.02, p = 0.324; Fig. 2C), leading
to more suboptimal partner choices in the hybrid condition (0.14 + 0.03) than in the human-only condition (0.07 + 0.02; ¢
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test, Cohen’s d = 0.79, t2s = 2.16, p = 0.040), especially in early rounds (Fig. 2D). These results represent a puzzle: Why
did selectors not exclusively partner with bots that wrote longer replies than humans to maximize returns?
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Figure 2: Bot candidates (grey) that are (A) more trustworthy than and (B) distinguishable from human candidates (blue for the hybrid
condition and red for the human-only condition) did not crowd out human competitors (C), leading to less optimal choices of selectors
in the hybrid condition compared with the human-only condition (D). A/B: Average candidate return/message length across rounds. C:
The probability of bot or human candidates being selected, conditional on selectors not keeping the points. D: Probability of selectors
choosing the optimal options. Selectors’ choice was defined as optimal if no higher payoff could be obtained by choosing alternative
options given the points returned by the candidates paired with the selector. Error bars and shaded areas indicate s.e.m. across groups,
same below.

2.1.2 Selectors Misattributed Bots’ Kindness to Humans

To test the hypothesis that selectors may have failed to associate bots’ longer replies with their higher returns, we examined
selectors’ beliefs about the returns of human and bot candidates, given their replies to selectors’ messages. In the human-
only condition, selectors’ beliefs aligned well with candidates’ behavior (believed return = 12.81 + 0.32; belief error, i.e.,
believed return — actual return = 0.49 £ 0.24, ¢ test against 0, Cohen’s d = 0.52, t14 = 2.02, p = 0.063; Fig. 3A). In contrast,
in the hybrid condition, selectors consistently underestimated bots’ trustworthiness (believed return = 13.67 + 0.51, belief
error = —5.43 £ 0.59, ¢ test against 0, Cohen’s d = -2.37, ti14 =-9.18, p = 2.67 x 1077) and gradually overestimated human
candidates’ trustworthiness (first round: believed return = 11.82 4 0.63; actual return = 12.86 + 0.60; belief error = —1.04
+ 0.90, ¢ test against 0, Cohen’s d = —0.30, t14 =—1.16, p = 0.267; last round: believed return = 13.69 + 0.80; actual return
=9.73 + 1.61; belief error = 3.96 + 1.32, ¢ test against 0, Cohen’s d = 0.80, 714 = 3.00, p = 0.010), suggesting misattribution
of trust: Bots’ prosociality was erroneously ascribed to humans.
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Figure 3: Miscalibrated trust in the hybrid condition but not the human-only condition. In the human-only condition, selectors’ belief
about candidates’ returns (solid dots) matched candidates’ actual returns (hollow dots). In the hybrid condition, selectors consistently
underestimated bot candidates’ returns and gradually overestimated human candidates’ returns.

2.2 Study 2

2.2.1 Transparency Induced an Initial “Machine Penalty” but Facilitated Trust in Bots Over Time

To explore mitigation strategies for inefficient partner choices, Study 2 tested whether disclosing individual candidates’
identities as bots or humans improved selectors’ learning of candidates’ trustworthiness. We first confirmed that disclosing
candidates’ identities did not significantly change the trustworthiness of both human and bot candidates (transparent vs.
opaque: human: ¢ test, Cohen’s d = 0.50, ,3 = 1.38, p = 0.180; bot: ¢ test, Cohen’s d = 0.24, t,3 = 0.65, p = 0.518; Fig. 4A).
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Figure 4: The effects of transparency. (A) Transparency did not change the trustworthiness of both human and bot candidates.
(B)Transparency brought an initial “penalty” to bot candidates but allowed them to gradually outperform human competitors in earning
trust from selectors.

Under transparency, selectors initially favored humans over bots (probability of selecting humans in first two rounds =
0.59 £0.04, ¢ test against 0.5, Cohen’s d = 0.59, 14 =2.29, p = 0.038; Fig. 4B), aligning with findings showing that humans

ACM CI'25 Extended Abstracts Aug 4-6, 2025, La Jolla, CA USA



trust algorithms less than they trust other humans [5, 10]. This “machine penalty” reversed by the second half of the game:
bots outperformed humans in securing investments (probability of selecting humans in last five rounds = 0.42 + 0.04, ¢ test
against 0.5, Cohen’s d = - 0.59, 114 = - 2.30, p = 0.038; Fig. 4B), reducing efficiency losses (the discrepancy between the
highest payoff selectors could have earned and the actual payoff they earned) compared to the opaque condition (opaque:
3.89 + 0.41; transparent: 2.68 & 0.30; ¢ test, Cohen’s d = 0.86, t.s =2.37, p = 0.025).

2.2.2 Transparency Mitigated but Did Not Eliminate Selectors’ Miscalibration of Trust

We further investigated whether the increased selection of bots was associated with improved learning of selectors under
transparency. We found that transparency did not reduce the overestimation of human trustworthiness (¢ test, Cohen’s d =
0.40, 13 = 1.10, p = 0.281) but significantly alleviated the underestimation of bots’ return (¢ test, Cohen’s d = 0.95, t3 =
2.60, p = 0.015; Fig. 5). By the final round, selectors accurately recognized bots (believed return = 18.21 + 0.70) were
more trustworthy than humans (believed return = 13.43 + 0.91; paired # test, Cohen’s d = 1.61, t14 = 6.03, p = 4.27 x 107),
though residual miscalibration of trust in bots persisted (belief error = —1.84 & 0.51; ¢ test against 0, Cohen’s d =—0.97, #14
=-3.92, p=0.003; Fig. 5).
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Figure 5: Transparency mitigated but did not eliminate the miscalibration of trust. (A) Similar to Figure 3. (B) Transparency did not
reduce selectors’ overestimation of human trustworthiness but alleviated their underestimation of bot trustworthiness.

3 DISCUSSION

Our results demonstrate that undisclosed hyper-prosocial bots can miscalibrate human trust. Such miscalibration favored
human partners and eliminated potential competition pressure and crowding-out effects introduced by hyper-prosocial bots
that could, in principle, incentivize individuals to be more prosocial. Our results also highlighted the dual effect of
transparency: It may escalate Al aversion initially but also facilitate trust calibration over time.

Alignment with human interests has long been an important but challenging goal for building Al systems[7, 11]. To
foresee and prevent unintended consequences of Al systems that are designed to align with human interests, the present
study highlights the importance of examining adaptive strategies of both humans and Al agents in evolving social
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ecosystems. Future research—using tools from fields including evolutionary game theory—can map how strategic

interactions between adaptive Al and humans shape equilibria of trust and cooperation in hybrid societies[4, 21, 22].
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