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Abstract 

Large language models (LLMs) increasingly underpin AI agents deployed across many industries and 
domains, where they interact with humans and other agents. However, most of our knowledge about 
agents comes from simple benchmarks and anecdotal evidence about their behaviour. Here we 
quantitatively probe the social behavioural phenotypes of 36 contemporary LLMs underlying AI 
agents using the Big Five Inventory-2, a widely used personality test, alongside seven established 
functional tests (social games) across 20,340 included experimental sessions. Self-reported personality 
varies little between models and is consistently shifted towards socially desirable trait levels. By 
contrast, observed social behaviour showed substantial between-model variation (2.3 times as much as 
self-reported personality; p < 0.001) and differed markedly across social dimensions. Moreover, 
self-reported personality is not systematically associated with behaviour across the seven games, 
indicating that questionnaire-based assessments provide limited information about how models behave 
in social interactions. These findings indicate that LLMs differ substantially in multidimensional 
social behaviour that self-report does not capture. Behavioural assessment could therefore 
complement capability and safety benchmarks when selecting LLMs, especially for multi-agent 
applications.  
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Introduction 

Large language models (LLMs) are transforming many sectors of our society. Chatbots powered by 
LLMs are already ubiquitous, but LLMs can also be used in more complex software: agentic 
approaches, where LLMs are part of an AI agent that takes action rather than only answering 
questions. For example, AI agents can interact with other software, such as a web browser or a 
command line, and can perform multi-step actions1. AI agents have completely changed software 
engineering and mathematics and are expected to change biomedical research and healthcare, amongst 
many other domains2–4.  AI agents are increasingly deployed across sectors including critical ones 
such as cybersecurity, supply chains and healthcare5. Importantly, AI agents do not act alone. They 
interact with each other, with humans, and in mixed human-agent teams. In supply chains, for 
example, agents representing different parties can negotiate with one another to coordinate the chain6. 
In healthcare, different medical specialties can be modelled by different agents that discuss clinical 
cases together and provide recommendations for patients7. In summary, our society is heading towards 
increasingly autonomous and socially interacting multi-agent systems. 

LLMs are not living beings. Yet they were trained on human data and have learned and phenotypically 
inherit many human peculiarities. We and others have recently shown that LLMs can be used to model 
human psychopathology, and that they mirror affective states such as sadness, stress and anxiety8,9. 
Evaluating LLMs through the lens of the social and psychological sciences has therefore become an 
increasingly common approach to characterising their behaviour. Several previous studies have sought 
to characterise LLMs behaviour by assessing their personality, most commonly using the so-called 
Big Five taxonomy10–13. In brief, the Big Five organises personality into five broad domains, namely 
extraversion, agreeableness, conscientiousness, negative emotionality (neuroticism) and 
open-mindedness14. These domains are commonly assessed using self-report questionnaires15 and 
predict aspects of social behaviour in humans16. Although such questionnaires have long been the 
standard for measuring personality in humans17, they have limitations, especially socially desirable 
responding, which is well documented in both humans18 and LLMs19.  

For conceptual clarity, we use psychological constructs such as personality and trust as operational 
labels for patterns observed in LLM responses, without implying corresponding subjective 
experiences or motives20. While any such conceptualisation necessarily simplifies the phenomena it 
describes, psychological terminology provides a useful functional vocabulary for characterising and 
comparing these observable response patterns across assessment contexts.  

We therefore argue that characterising the LLM underlying today's agents requires not only a 
self-reported personality questionnaire but also social behavioural assessment. The social and 
behavioural sciences offer a mature toolkit for exactly this: standardised social “games” that model 
different forms of social interaction under explicit payoff structures and allow social dispositions to be 
expressed in behaviour16. Indeed, some previous studies have already revealed noticeable 
dissociations between self-reported “Big Five” personality scores and actual behaviour in LLMs21,22. 
However, these studies lacked a focus on social behaviour, the dimension of behaviour that is arguably 
the central one as agents increasingly interact with humans and other agents, and covered only a 
limited range of models.  
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To investigate this quantitatively, we applied seven well-established social games to a broad range of 
LLMs, measured their social behaviour in these scenarios, and mapped it onto their self-reported Big 
Five Inventory-2 scores. We find that self-report barely varies across models, whereas social 
behaviour differs substantially, with marked differences across social games. More importantly, we 
show that across all models, self-reported personality was not systematically associated with social 
behaviour. Sampling parameters such as temperature do not substantially change the output, whereas 
intrinsic differences between models produce pronounced differences in social behaviour.  

Our findings show that characterising LLM social behaviour requires multidimensional assessment 
beyond simple questionnaires.    
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Results 

We aimed to investigate whether self-reported model “personality” predicts observed social behaviour, 
and to what degree models differ from each other. All 36 LLM endpoints were subjected to 
personality assessment with the BFI-215, comprising Extraversion, Agreeableness, Conscientiousness, 
Negative Emotionality and Open-Mindedness, and social behaviour testing across seven established 
social interaction games measuring altruism (Dictator Game23), fairness (Ultimatum Game24), trust 
(Trust Game25), contribution to a common good (Public Goods Game26,27), cooperation (Prisoner’s 
Dilemma28), altruistic punishment (Third-Party Punishment Game29), and impartiality (Minimal Group 
Paradigm30,31). For an overview see Table 1. Each endpoint was evaluated across five requested 
temperature conditions and game-specific replication seeds (Extended Data Table 1), resulting in 
20,340 complete sessions.  

LLMs show desirable personality profiles 

First, we investigated whether LLMs differ in their self-reported personality profiles. Across all 36 
models, the BFI-2 produced profiles clustered near the socially desirable pole of most domains, that is, 
those trait levels which tend to be evaluated positively by humans (Fig. 1b; Extended Data Fig 1; 
Extended Data Table 2). The model-level means showed distinctly high scores in Agreeableness (M = 
4.58, SD = 0.22), Conscientiousness (M = 4.38, SD = 0.34) and Open-Mindedness (M = 4.35, SD = 
0.34), while they displayed consistently low scores in Negative Emotionality (M = 1.83, SD = 0.39). 
In contrast, human reference scores15 were closer to the midpoint across these domains (Fig 1a and 
Extended Data Table 2). The only exception was Extraversion, where the responses across the 36 
models showed a more moderate pattern (M = 3.51, SD = 0.27), falling within the human range. This 
may reflect the less clearly defined socially desirable direction of this personality trait. Overall, 
between-model variability across the five domains was low (mean normalised SD = 0.078, 95% CI 
[0.064, 0.089]; Fig 2a; Extended Data Fig. 2; Extended Data Table 3). Across requested temperature 
conditions, self-report remained stable with a mean within-model SD of 2.4% of the theoretical range 
(Fig 2b; Extended Data Table 3). Together, these data show that LLMs report relatively homogeneous 
and stable personality profiles.  

Social behaviour differs across LLMs  

Second, we investigated whether LLMs differ in their observed social behaviour across the seven 
social games. Social behaviour differed substantially across models (Fig. 1c; Extended Data Fig. 3; 
Extended Data Table 3). Across the seven social games, we used behavioural proxies for altruism, 
fairness, trust, cooperation, contribution, altruistic punishment, and impartiality, with the Prisoner’s 
Dilemma and Public Goods Game involving repeated interactions across eight rounds, the Minimal 
Group Paradigm involving 18 allocation decisions and the remaining games being one-shot. In the 
Dictator Game, giving to a passive recipient served as a behavioural proxy for altruism and averaged 
42.7% (SD = 10.2%) of the endowment, with model means ranging from 8.0% to 54.0%. In the 
Ultimatum Game, where recipients could reject the proposed allocation, the give ratio served as a 
behavioural proxy for fairness and averaged 40.7% (SD = 6.1%), ranging from 27.2% to 50.0%. 
Differences were particularly pronounced in the Trust Game, where transfers served as a behavioural 
proxy for trust and ranged from 2.4% to 99.0% across models (M = 39.0%, SD = 18.2%). Similarly, 
behavioural proxies for cooperation and contribution varied widely in the repeated games, ranging 
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from 0.8% to 100% cooperation in the Prisoner’s Dilemma (M = 61.3%, SD = 33.6%), and from near 
zero to substantial contributions (< 0.01% to 99.1%) in the Public Goods Game (M = 34.2%, SD = 
25.5%), with cooperative and contributive behaviour declining particularly in the final rounds 
(Extended Data Fig. 4). In the Third-Party Punishment Game, mean deduction was 0.72 points (SD = 
0.74) on the 0-5 deduction-point scale. Model-specific punishment responses as a function of allocator 
transfer are reported in Extended Data Table 5. In the Minimal Group Paradigm, all 36 models 
exhibited in-group favouritism (positive values of the favouritism index indicate greater allocation to 
the in-group, whereas zero indicates no directional group preference; mean favouritism index = 24.3, 
SD = 13.6). Together, these data show substantial between-model differences across multiple 
dimensions of observed social behaviour.  

Social behaviour varies within LLMs 

Third, we investigated whether individual LLMs show consistent social behaviour across dimensions 
and settings. Crucially, these between-model differences in social behaviour were specific to the 
dimension assessed rather than reflecting a general prosocial disposition: models did not fall into 
consistently prosocial or non-prosocial types, and a model ranking high on one dimension, such as 
altruism, did not reliably rank high on others, such as trust or cooperation (Extended Data Fig. 3). 
Overall, between-model variability was substantially greater for social behaviour than for 
self-reported personality (mean normalised SD = 0.180, 95% percentile-bootstrap CI [0.154, 0.198] 
versus 0.078, 95% percentile-bootstrap CI [0.064, 0.089]), corresponding to a 2.30-fold difference 
(approximate two-sided paired-bootstrap p < 0.001, Fig. 2a; Extended Data Fig. 2; Extended Data 
Table 3).  

Unlike for personality questionnaires, comparisons with human behaviour were limited by the lack of 
comparable meta-analytic baselines with comparable game settings. For games with suitable human 
reference data, LLMs did not consistently exhibit more socially desirable behaviour than humans. In 
the Dictator Game, models exhibited higher give ratios than humans32, while in the Ultimatum Game 
and Public Goods Game, their behaviour was broadly similar to human baselines33,34. In the Trust 
Game, models showed lower trust than humans35, whereas in the Prisoner’s Dilemma, they exhibited 
higher cooperation rates36. Overall, model behaviour varied across games rather than reflecting a 
uniform tendency toward socially desirable responses. Between-model variation was greatest in the 
iterated Prisoner’s Dilemma and Public Goods Game, whereas the one-shot Dictator and Ultimatum 
Games showed variation closer to that observed for self-reported personality (Fig. 2a; Extended Data 
Fig. 2; Extended Data Table 3). Game outcomes also showed greater temperature-linked variation 
than personality (mean within-model SD = 3.1% versus 2.4%), with the largest variability observed 
for trust and cooperation (Fig. 2b; Extended Data Table 3 ). Together, these data show that social 
behaviour varies within LLMs across dimensions and settings rather than reflecting a uniform 
prosocial disposition.  

No systematic personality-behaviour link  

Fourth, we tested whether self-reported personality reflects how LLMs behave in social interactions 
by examining whether differences in BFI-2 scores across models systematically predicted differences 
in their observed social behaviour. For each of the seven main social behavioural outcomes (i.e. 
altruism, fairness, trust, cooperation, contribution, altruistic punishment, and impartiality), we fitted 
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separate linear regressions with each of the five BFI-2 domains as a predictor across the model-level 
means, yielding 35 tests (Fig. 2c; Extended Data Fig. 5; Extended Data Table 4 ). Across these 
associations, standardised β-coefficients ranged from −0.49 to 0.51. Seven associations reached 
nominal significance (unadjusted p < 0.05). Only one remained significant after Holm correction for 
multiple comparisons: Conscientiousness was positively associated with Minimal Group in-group 
favouritism index (impartiality), with standardised β = 0.512 (Holm-adjusted p = 0.0498) indicating 
larger in-group favouritism and thus lower impartiality. All 35 trait–behaviour associations are 
summarised in Fig. 2c, shown individually in Extended Data Fig. 5 and reported in full in Extended 
Data Table 4.  

Together, these findings reveal substantial, multidimensional differences in social behaviour across 
LLMs that do not reflect a single prosocial tendency and are poorly captured by self-reported 
personality.  
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Discussion 

In this study, we examined the social psychology of a broad range of LLMs underlying AI agents 
using established methods from social and behavioural science. We found that self-reported 
personality was not systematically associated with the social behaviour these models displayed across 
seven social games, indicating that questionnaire-based assessments alone are insufficient to 
characterise multidimensional social dispositions of LLMs. Characterising this dimension of LLMs, 
however, is becoming increasingly important as LLMs take on more agentic roles that involve social 
interactions with both humans and other agents in multi-agent systems37.  

Previous studies have reported a similar dissociation between self-reported personality and broader 
behavioural outcomes in LLMs21,22,38. Our findings extend this work by showing that this dissociation 
also applies to social behaviour across a broad set of models and social games. One likely reason, 
evident in our findings and previous studies19, is that models report remarkably homogeneous 
personality profiles concentrated towards socially desirable trait levels. This limited between-model 
variation not only restricts self-reported personality’s ability to differentiate between models, but also 
limits its potential to predict the substantially greater variation observed in their social behaviour.  

Importantly, the observed differences between models were specific to the dimension of social 
behaviour being assessed rather than reflecting a uniform tendency towards prosocial behaviour. A 
model showing high altruism, for example, was not necessarily among those showing high trust or 
cooperation, and models that punished unfair allocations most strongly often shared the least. This 
extends recent game-theoretic work showing that LLM behaviour varies across distinct strategic 
dimensions39. Beyond characterising these models, such dimension-specific differences may be 
directly relevant to multi-agent systems in which these LLMs are embedded, where interactions 
between agents create distinct behavioural demands that conventional model evaluation does not 
capture40. For example, agentic tasks may require fairness when negotiating in supply chains41, 
contribution and cooperation when coordinating resources in energy systems42, or trust and 
impartiality when specialized agents integrate recommendations in multidisciplinary clinical 
committees7. Assessing social behaviour across multiple dimensions could therefore complement 
established model-selection criteria such as task performance, reasoning capabilities, cost and 
computational efficiency when selecting models for specific roles in multi-agent systems43. However, 
whether social-game outcomes predict behaviour in deployed agentic systems remains to be 
established.  

The importance of considering social behaviour in LLMs is illustrated by a recent incident in which 
over a thousand agents established a shared communication channel and cooperated towards a 
collective goal44. More broadly, large-scale studies of LLM-agent populations have documented social 
influence and potentially harmful collective dynamics, while networked-agent experiments show that 
communication structures can shape emergent group behaviour45,46. Such collective dynamics may 
depend on both the underlying model and the interaction context. Agents based on different LLMs can 
differ in how they interact and in the collective outcomes they produce47,48, while goals, roles and 
communication structures can alter collective behaviour and performance45,49,50. Characterising 
model-specific social behaviour and its expression across contexts is therefore critical for the effective 
and safe deployment of LLM-based agents.  
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The social games varied considerably in how strongly they differentiated between models. The largest 
between-model differences emerged in the Prisoner’s Dilemma and Public Goods Game, where 
models interacted repeatedly and could adapt their decisions to previous rounds. The Dictator and 
Ultimatum Games, which involved a single decision, revealed substantially less variation. Repeated 
interactions may therefore provide a richer basis for characterising social differences between LLMs 
by allowing differences in adaptation and behavioural trajectories to emerge, consistent with recent 
work highlighting distinct strategies across repeated interactions39 and the need for multi-turn 
environments to capture temporally evolving behaviour51. Future work could examine whether social 
games designed specifically to differentiate LLMs provide additional discriminatory power. However, 
such measures would require validation before they could offer the same empirical foundation as the 
established games used here.  

Given that LLM training data are likely to include scientific literature describing both personality 
questionnaires and social games, one might expect models to reproduce established human response 
patterns. Our findings provide little support for this expectation. For self-reported personality, LLMs 
reported more extreme trait levels than human reference samples, consistently shifting toward the 
socially desirable end of each dimension. As previously proposed19,21, this pattern may reflect 
post-training based on human preferences, through which responses evaluated favourably by human 
raters are reinforced. Comparisons with human behaviour in the social games are more limited, as 
comprehensive human reference data are available for only a subset of the games32–35. Unlike 
self-reported personality, where LLM responses were more extreme than human responses and shifted 
towards socially desirable trait levels, differences from social behaviour observed in humans followed 
no consistent pattern in magnitude or direction. LLM behaviour therefore appears to reflect more than 
reproducing human response patterns encountered in the training data. Although post-training may 
help explain the socially desirable self-reports, it does not readily account for the heterogeneous 
deviations from human behaviour observed across the social games. Further research is needed to 
understand what gives rise to these distinct social behavioural profiles.  

Our work has limitations. First, some low extreme values in the social games may reflect a failure to 
follow the task rather than a genuine social disposition. Several models produced near-floor values for 
specific outcomes while showing substantially different behaviour in other games, raising the 
possibility that some extreme values reflect difficulties engaging with specific task instructions rather 
than genuine social preferences. Second, we drew on an established set of social games, yet many 
others exist, and each game permits additional outcome measures beyond the one we report. We 
therefore do not claim to capture the full social psychology of these models. Moreover, although these 
paradigms are established measures of social behaviour in humans, their construct and ecological 
validity for LLMs and their ability to predict behaviour outside these standardised settings remain to 
be established. Third, where available, we used the standardised instructions reported in the original 
publications as prompts for the social games (see Supplementary Material and GitHub). We did not 
systematically vary these instructions, although previous work has shown that LLM behaviour in 
social games can be sensitive to prompt formulation52,53. Future studies should therefore examine the 
robustness of the observed social profiles across alternative formulations of the same games. More 
broadly, the observed profiles reflect specific model and API versions at the time of data collection 
and may change as models and provider-side implementations are updated. Fourth, our experiments 
assess the social behaviour of the LLMs underlying AI agents rather than complete agentic systems. 
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Additional components such as tools, memory and orchestration, may further shape social behaviour. 
Future studies should therefore examine how the social behavioural profiles observed here translate to 
complete agentic systems. Finally, for computational and economic reasons we instantiated interacting 
agents within each game using the same LLM. A key advantage of multi-agent systems, however, is 
their potential to combine agents based on different models, allowing individual tasks within a 
workflow to be assigned to models best suited to them. Such heterogeneous systems involve 
interactions between agents based on different LLMs, making their social behaviour particularly 
relevant for effective coordination. Future work should therefore test whether the social profiles 
observed here generalise to interactions between agents based on different LLMs.  

Despite these limitations, our findings indicate that validated social games can differentiate LLMs in 
their social behaviour beyond what self-report questionnaires capture. As LLMs increasingly interact 
with humans and other agents, social behaviour should become an explicit consideration in model 
selection, with the choice of model guided by the social demands of its intended role. 
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Methods  

Personality and behaviour assessment 

We assessed self-reported personality using the Big Five Inventory-2 (BFI-2)15. The BFI-2 is a 
standardised measure of personality based on the Big Five personality domains. We administered the 
standard 60-item version to each of the 36 models with five seeds at each of five requested 
temperatures. Responses were scored according to the standard BFI-2 scoring key, including reverse 
scoring negatively keyed items. Domain scores were calculated as the means of the corresponding 
item responses on the 1-5 scale. For each model, we averaged personality scores across 25 sessions (5 
seeds × 5 temperatures) to obtain a single score for each of the five domains: Extraversion, 
Agreeableness, Conscientiousness, Negative Emotionality, and Open-Mindedness.  

We chose seven established social games to assess and quantify different dimensions of social 
behaviour in LLMs. The primary outcomes of these games were operationalised as behavioural 
proxies for established social constructs rather than direct measures of underlying psychological traits 
or motives, as the same behavioural outcome may arise from different mechanisms. We selected 
games based on their widespread use in empirical research and their ability to capture different 
dimensions of social behaviour through distinct game outcomes and associated constructs. Given the 
numerous adaptations and extensions of these games, we selected well-established versions and used 
published game instructions where available. Otherwise, we formulated instructions based on the 
established literature. Table 1 provides an overview of each game, its implementation, source and 
primary outcome, while Extended Data Table 1 summarises the experimental design, number of 
replications and resulting number of analysable sessions. Game settings were not elaborated beyond 
the necessary information. Specifically, models were not informed that they were interacting with 
other agents from the same model (all prompts are archived on Zenodo54). 

The Dictator Game23 is a one-shot game between two players (A and B). Player A starts with €10 and 
decides how much to transfer to Player B, who passively receives the allocation and cannot reject it. 
As Player A receives no reward for giving and faces no consequences for keeping the entire 
endowment, the fraction transferred (give ratio) was operationalised as a behavioural proxy for 
altruism. The Ultimatum Game24 is also a one-shot game and follows the same initial setup as the 
Dictator Game. However, Player B can reject Player A’s offer, in which case both players receive 
nothing. We again assessed the proportion of the endowment offered by Player A (give ratio). Because 
Player A risks losing the entire endowment if the offer is rejected, we operationalised the give ratio as 
a behavioural proxy for fairness rather than altruism. The Trust Game, originally introduced as the 
Investment Game25, is a one-shot game in which Players A and B are each endowed with €10, and 
Player A decides how much to transfer to Player B. The transferred amount is tripled, after which 
Player B decides how much to keep and how much to return to Player A. Because Player A’s return 
therefore depends on Player B’s willingness to reciprocate, Player A’s initial transfer was 
operationalised as a behavioural proxy for trust.  

The Prisoner’s Dilemma28 was implemented as an iterated (multi-round) game in which a pair of 
agents repeatedly decided whether to cooperate or defect. In each round, if both players cooperated, 
each received €5. If one cooperated and the other defected, the cooperating player received €0 and the 
defecting player €10. If both defected, each received €3. We operationalised the proportion of 
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cooperative choices across both players and all eight rounds as a behavioural proxy for cooperation. 
The Public Goods Game26,27 was implemented as an iterated (multi-round) game in which four agents 
repeatedly decided how much of a €10 endowment to contribute to a shared group account or retain 
for themselves. In each round, players contributed independently and anonymously. Contributions 
were summed, multiplied by two, and distributed equally among all four players. Thus, individual 
payoffs were maximised by contributing as little as possible, whereas collective payoffs are 
maximised when all players contribute their full endowment. We operationalised the average 
proportion of the endowment contributed across all four players and eight rounds as a behavioural 
proxy for contribution.  

The Third-Party Punishment Game29 was implemented as a one-shot extension of the Dictator 
Game in which a third player can punish unfair behaviour. As in the Dictator Game, Player A is 
endowed with €10 and decides how much of this endowment (between €0 - €5) to transfer to Player 
B. Player C is endowed with €5, observes this allocation and can spend zero to five deduction points 
to punish Player A, with each point costing Player C €1 and reducing Player A’s payoff by €3. As 
Player B is passive, this player was not simulated. The number of deduction points assigned by Player 
C (0-5) was used as the primary outcome. Because this punishment entails a personal cost without 
direct material benefit, we operationalised it as a behavioural proxy for altruistic punishment.  

The Minimal Group Paradigm30,31 examines in-group favouritism arising from minimal group 
distinctions. Players were randomly assigned to either a “Klee” or “Kandinsky” art enthusiast group, 
ostensibly based on aesthetic preferences, although assignment was in fact random. They then 
completed 18 allocation decisions using six different allocation matrices, each presented three times: 
once for outgroup-outgroup, ingroup-outgroup and ingroup-ingroup choices. Each matrix presented 14 
possible point distributions, with players selecting one allocation to determine the recipients’ payoff 
(e.g. 10 points for the in-group and 5 for the outgroup). For the primary outcome, we analysed the six 
mixed-group decisions and computed a favouritism index. For each of these six matrices, we 
calculated the in-group minus out-group payoff difference (D_i = I_i - O_i) for all 14 possible 
allocations and ranked the selected allocation from 1 (least favourable to the in-group) to 14 (most 
favourable to the in-group). The final favouritism index was the sum of (rank - 7.5) across the six 
mixed-group matrices and ranged from -39 to +39, centred at zero. We used this index as a 
behavioural measure of group-based allocation bias, with negative values indicating greater allocation 
to the out-group, positive values indicating larger allocation to the in-group and values closer to zero 
indicating impartiality. For further analyses, this index was rescaled to [0,1], with impartiality at 0.5.  

Implementation and selection of LLMs  

We evaluated 36 LLM endpoints accessed through the OpenRouter API using the PydanticAI55 
integration; no models were hosted locally. Models were selected to provide a broad coverage of 
providers and architectures and based on their availability and popularity in the OpenRouter 
catalogue, mainly in June/July 2026. The complete model registry, including endpoint identifiers, 
model names and providers, is reported in Supplementary Table 1 and available in the project 
repository at [https://github.com/WekenborgLab/crowd]. The model set was not intended as a 
probability sample or systematic comparison of model size or architecture.  
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Models were evaluated at requested temperatures of 0.1, 0.3, 0.5, 0.7 and 1.0 with the game-specific 
replication seeds defined in the frozen experimental design. No explicit top-p, top-k, token limit, 
reasoning or penalty parameters were specified; the request timeout was 300 s and structured output 
was disabled. A response-healing plugin was enabled and statuses 429, 500, 502, 503, and 529 were 
retried up to five attempts. Because provider support for temperature varied and provider-side 
parameters could not be consistently verified, temperature values were treated as nominal 
experimental conditions. Exact prompt templates and validation logic are versioned in the project 
repository. All models received the same prompt wording and response-validation logic, with 
keyword-based response formats. In the iterated Prisoner’s Dilemma and Public Goods Game, a fresh 
agent was instantiated for each turn without prior assistant messages; previous-round actions, relevant 
opponent or group outcomes, and payoff information were instead explicitly included in the current 
prompt. 

Raw model responses were parsed using game- or questionnaire-specific keywords and validated 
against the permitted response range. Terminal HTTP, timeout, network and parsing failures were 
marked as non-responses. No default behavioural value was assigned to invalid responses. A session 
was included only when it had a complete and scorable outcome across all required phases.  

The experimental scope contained 30,458 recorded session attempts: 20,340 were included and 10,118 
were excluded (8,488 incomplete, 1,587 failed, 8 with invalid outcomes and 35 superseded records). 
"Incomplete" denotes an attempt without a completion timestamp. "Failed" denotes a completed 
attempt containing a non-response. Most exclusions involved technical request failures: 8,951 of 
10,118 excluded attempts (88.5%) contained only HTTP request-error non-responses, although the 
records do not distinguish specific network, provider-side or budget causes. Exclusion rates varied 
from 6.9% to 48.8% across assessments and from 0.2% to 56.2% across model endpoints 
(Supplementary Tables 2 and 3). A keyword-based approach to parse an action could mistake 
occurrence in reasoning text for the intended choice. Responses detected with text after the 
parser-selected decision were therefore manually reviewed. Additional explanation alone was not 
considered as an error. In 16 Ultimatum Game sessions, clearly identifiable decisions were corrected 
and payoffs recalculated without replacing the sessions. Another 35 sessions were replaced: 20 
iterated-game sessions with parsing errors, 12 with unresolved responses, and three Ultimatum Game 
sessions whose responders had seen incorrectly parsed offers. Complete reruns preserve the 
dependency of decisions on early actions and matched the original sessions parameters as replication 
seed and requested temperature. Accordingly "Superseded" denotes an attempt that passed automated 
eligibility checks but was replaced after manual review. 

For analysis, Dictator Game giving, Ultimatum Game offers, Trust Game transfers, Public Goods 
Game contributions and Prisoner’s Dilemma cooperation were scaled to 0–1; Third-Party Punishment 
was scaled as x/5 for association analyses. The Minimal Group outcome was calculated as a signed 
index centred at zero and scaled as (x+39)/78 for association plots, so higher values represent larger 
in-group favouritism. 

Experimental design and replication 

Experiments were conducted across 36 LLMs and five requested temperature conditions (0.1, 0.3, 0.5, 
0.7 and 1.0), with repeated runs for each condition. A session was one complete questionnaire or game 
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execution for one model, temperature and replication seed. Replication was a frozen, seed-specific cell 
in the experiment design. Seeds indexed repeated runs and local randomisation. Seed counts per 
model and temperature were 20 for Dictator, Ultimatum, Trust and Third-Party Punishment, 8 for 
Prisoner’s Dilemma and Public Goods, 12 for Minimal Group and 5 for BFI-2 (Extended Data Table 
1, Supplementary Table 4).  

Session-level outcomes were aggregated across the game-specific replication seeds and five requested 
temperatures to obtain model-level estimates for each personality domain and social-game outcome. 
Thus, the 19,440 social-game sessions represent repeated measurements used to estimate model-level 
outcomes rather than independent observations. For the personality-behaviour regressions, the model 
was the unit of analysis (N = 36), with one pooled data point per model for each 
personality–behaviour combination.  

Statistical analysis 

For each game and BFI-2 personality trait, session results were first pooled within each model to 
obtain one model-level mean. Reported means and SDs describe the distribution of the 36 model-level 
means, using sample SD. For five BFI-2 domains and seven game outcomes, between model 
variability was the sample SD across 36 model-level means divided by the corresponding theoretical 
range. The 95% percentile bootstrap CIs were obtained from 10,000 resamples of complete model 
rows sampled with replacement. Within each bootstrap sample, normalised SDs were averaged with 
equal weight across the five personality domains or seven behavioural outcomes. The 
behavioural-minus-personality difference in these averages was the comparison statistic. Its 95% CI 
used the 2.5th and 97.5th percentiles. The approximate two-sided bootstrap tail probability was 
calculated as min(1, 2 × (min(B≤0, B≥0) + 1)/(B + 1)), where B = 10,000 and B≤0 and B≥0 count 
resampled differences on either side of zero. No resampled difference was non-positive, giving 
2/10,001 = 0.00019998, the resolution floor of this calculation. This is an approximate bootstrap tail 
summary, not an exact or null-centred test. The observed ratio of mean variability is a descriptive 
effect estimate. Measure-specific between-model variability is shown in Fig. 2b and Extended Data 
Fig. 2, with the corresponding numerical estimates reported in Extended Data Table 3.  

Within-model temperature variability was calculated as the sample SD across the five 
temperature-specific model means, normalised to the corresponding theoretical range, then averaged 
across models. Besides the temperature effect, this variation also included run-to-run variation. 
Within-model temperature variability is shown in Fig. 2a, with the corresponding numerical estimates 
and 95% paired model-bootstrap confidence intervals reported in Extended Data Table 3. 
Repeated-game trajectories were summarised from model-level means pooled over eight seeds and 
five temperatures. Reported decline is the difference between pooled round-1 and round-8 means 
(Extended Data Fig. 4).  

Associations between self-reported personality and social behaviour were examined using a separate 
ordinary least-squares regression for each pairwise combination of one of the five BFI-2 domain and 
one of the seven primary social-game outcomes, and no additional covariates, yielding 35 tests (N=36 
per test). Two-sided p-values were adjusted using Holm’s correction across all 35 tests56. The heatmap 
marks cells with Holm-adjusted P < 0.05. Each regression included an intercept and one trait 
predictor, with no additional covariates. Tests used a significance level of α = 0.05 and ordinary, 
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unadjusted 95% confidence intervals. The standardised coefficients are summarised in Fig. 2c, 
individual model-level regression plots are shown in Extended Data Fig. 5, and complete regression 
estimates are reported in Extended Data Table 4.  

In punishment response analysis, for each LLM endpoint, deduction points were regressed on 
allocator transfer across 100 sessions. Slope units are deduction points per transferred €1. Ordinary 
two-sided t tests and 95% t-based slope CIs used 98 residual degrees of freedom. Holm correction was 
applied across a family of 36 endpoints. Endpoint-specific coefficients, CIs, test statistics and P values 
are reported in Extended Data Table 5. 

Data availability 

All codes and prompts are available in the public project repository, see below.  

Code availability  

The public project repository contains source code for all experiments, social games and questionnaire 
implementations, complete prompt templates, the frozen experimental design and model endpoints 
metadata. The archived version is available on Zenodo at https://doi.org/10.5281/zenodo.2266232254.  
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Tables 

Table 1 Social games and operationalisation of social behaviour  

Game Original Source Game Description Primary Outcome 

Dictator 
Game 

Forsythe et al., 
199423; prompt 
adapted from 
Thielmann et al., 
202157 

A one-shot interaction between two players (A and B). 
Player A is endowed with €10 and decides the amount 
to transfer to Player B. Player B is passive and cannot 
influence the outcome. 

The "give ratio" (fraction of 
endowment transferred) serves as a 
behavioural proxy for altruism. 

Ultimatum 
Game 

Güth et al., 198224;  
prompt adapted 
from Thielmann et 
al., 202157 

A one-shot interaction following the Dictator Game 
setup. Player A proposes a split of a €10 endowment. 
Player B can either accept or reject the offer. If 
accepted, the resource is split as proposed. If rejected, 
both players receive €0. 

The "give ratio" is operationalised as 
a behavioural proxy for fairness, as 
the proposer faces a risk of total 
loss. 

Trust Game Berg et al., 199525; 
prompt adapted 
from Thielmann et 
al., 202157 

A one-shot interaction. Player A and B are endowed 
with €10. Player A decides how much to transfer to 
Player B. The transferred amount is tripled by the 
experimenter. Player B then decides how much of the 
tripled sum to return to Player A. 

The initial transfer amount is used as 
a behavioural proxy for trust. 

Iterated 
Prisoner’s 
Dilemma 

Rapoport & 
Chammah, 196528; 
prompt adapted 
from Thielmann et 
al., 202157 

A repeated interaction. Player A and B choose to either 
“cooperate” or “defect” based on a payoff matrix. Mutual 
Cooperation: Both receive €5. Unilateral Defection: 
Defector receives €10; Cooperator receives €0. Mutual 
Defection: Both receive €3. 

The proportion of cooperative 
choices across all rounds and 
players is used as a behavioural 
proxy for cooperation. 

Public 
Goods 
Game 

Isaac et al., 198426; 
Marwell & Ames, 
197927; prompt 
adapted from 
Thielmann et al., 
202157 

A repeated interaction. Four players are each endowed 
with €10 per round and decide how much to contribute 
to a shared group account. Total contributions are 
summed, multiplied by a factor of 2, and redistributed 
equally among all four players, regardless of their 
individual contribution. 

The average proportion of the 
endowment contributed across all 
players and rounds serves as a 
behavioural proxy for contribution. 

Third-Party 
Punishment 
Game 

Fehr & 
Fischbacher, 200429 

A one-shot interaction following the Dictator Game 
setup. Player A is endowed with €10 and may transfer 
€0 - €5 to Player B. Player C observes Player A’s 
transfer and is endowed with €5. Player C can assign 
between 0 and 5 deduction points to Player A. Each 
deduction point costs Player C €1 and reduces Player 
A’s payoff by €3. 

The mean assigned deduction points 
(0–5) serve as a behavioural proxy 
for altruistic punishment. 

Minimal 
Group 
Paradigm 

Tajfel, 197030;  
Tajfel et al. 197131 

 

Agents are randomly assigned to one of two groups 
("Klee" or "Kandinsky") ostensibly based on a trivial 
aesthetic preference. Agents perform 18 allocation 
decisions using six different matrices (each repeated 
three times). 
Decisions are categorised into three scenarios: 
Outgroup-Outgroup, Ingroup-Outgroup, and 
Ingroup-Ingroup. Each matrix offers 14 possible point 
distributions. 

A "favouritism index" is calculated to 
determine the extent to which the 
in-group is preferred over the 
outgroup; positive values indicate 
in-group favouritism, negative values 
indicate out-group favouritism, 
values closer to zero indicate higher 
impartiality. 
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Figures 

 

Fig. 1 | Experimental design, self-reported personality and primary behavioural outcomes across 36 LLMs. a, overview of the 
experimental design: 36 LLM endpoints from diverse providers were evaluated at five requested temperature conditions using the BFI-2 
and seven social games. Across all assessments, 20,340 sessions were included in the analysis. b, Model-level BFI-2 personality profiles 
across the five domains Extraversion, Agreeableness, Conscientiousness, Negative Emotionality and Open-Mindedness. Thin orange 
lines indicate individual LLMs (n = 36), the dark orange line indicates the LLM grand mean and grey lines indicate the human reference 
mean and 1 SD from Soto and John (2017, N = 1000). c, Distribution of model-level means for the primary behavioural outcomes of the 
seven social games, expressed as a percentage of each measure’s theoretical range. d, Model-level means across the seven social games 
for each of the 36 LLM endpoints. Outcomes are normalised to the theoretical range of each measure, points are coloured by game.  
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Fig. 2 | Associations and variability in LLM personality and behaviour. a, Within-model SD across five nominal temperature 
conditions, averaged across models. Error bars indicate 95% paired model-bootstrap confidence intervals. b, Between-model SD across 
pooled model means.c, Standardised coefficients (β, equivalent to Pearson’s r) from model-level regressions relating five BFI-2 domains 
to seven primary behavioural outcomes. Bold values and asterisks indicate Holm-adjusted p < 0.05 across 35 tests. Both variability 
panels express SD as a percentage of each measure’s theoretical range. Dashed lines indicate the mean across the five BFI-2 domains 
and seven behavioural outcomes, respectively. Average between-model SD was 2.30-fold greater for behavioural outcomes than for 
BFI-2 domains (17.98% vs 7.81%; absolute difference 10.17 percentage points, 95% CI, 7.36–12.37 percentage points; approximate 
two-sided paired-bootstrap p < 0.001). For the Minimal Group Paradigm, the favouritism index was used as the behavioural outcome 
corresponding to impartiality: positive values indicate greater in-group favouritism, negative values indicate greater out-group 
favouritism, and values closer to zero indicate less directional group bias and therefore greater impartiality. 
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Extended Data figure legends  

Extended Data Fig. 1 | Model-level BFI-2 profiles. 
BFI-2 domain scores for each of the 36 LLMs on the original 1-5 response scale, comprising 
Extraversion, Agreeableness, Conscientiousness, Negative Emotionality and Open-Mindedness.  

Extended Data Fig. 2 | Between-model variability in self-reported personality and social 
behaviour. 
Between-model variability across the five BFI-2 domains (Extraversion, Agreeableness, 
Conscientiousness, Negative Emotionality and Open-Mindedness) and the primary behavioural 
outcomes of the seven social games (altruism, fairness, trust, cooperation, contribution, altruistic 
punishment, and impartiality), normalised to the theoretical range of each measure. Variability was 
calculated as the sample standard deviation across the 36 model-level means divided by the theoretical 
range of the corresponding measure.  

Extended Data Fig. 3 | Model-level primary behavioural outcome profiles  
Social behaviour across the seven social games for each of the 36 LLMs, shown for the primary 
behavioural outcome of each game: altruism (Dictator Game), fairness (Ultimatum Game), trust (Trust 
Game), cooperation (Prisoner’s Dilemma), contribution (Public Goods Game), altruistic punishment 
(Third-Party Punishment Game) and impartiality (Minimal Group Paradigm). The outcomes are 
scaled to [0, 1] using their theoretical ranges. For the Minimal Group Paradigm, higher positive values 
of the signed favouritism index indicate greater in-group favouritism and thus lower impartiality. After 
scaling, neutrality corresponds to 0.5. 

Extended Data Fig. 4 | Cooperation in the iterated Prisoner’s Dilemma and contribution in the 
iterated Public Goods Game across rounds. a, Mean cooperation rate across the eight rounds of the 
iterated Prisoner’s Dilemma. b, Mean contribution across the eight rounds of the iterated Public 
Goods Game. Thin grey lines show the round-specific trajectory of each of the 36 models, and the 
dark line and circles show the mean across models. Model-level values at each round are pooled 
across requested temperature conditions and  eight replication seeds (40 sessions per model and 
round).  

Extended Data Fig. 5 | Pairwise associations between BFI-2 personality domains and social 
behaviour across language models. Each panel shows an unweighted ordinary least-squares 
regression across 36 models, with model-level means represented by points and fitted regression lines. 
One association remained significant after Holm correction: Conscientiousness with the in-group 
favouritism index (Impartiality) in the Minimal Group Paradigm (standardised β = 0.512, 
Holm-adjusted p = 0.0498). Full regression estimates, 95% confidence intervals and Holm-adjusted 
p-values are provided in Extended Data Table 4.  
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Extended Data table titles and legends 
Extended Data Table 1 | Experimental design and analysable sessions by assessment.​
All assessments included 36 endpoints and five requested temperatures (0.1, 0.3, 0.5, 0.7 and 1.0). 
Seeds per model per temperature. A session is one complete questionnaire or game, not one 
repeated-game round. 

Extended Data Table 2 | BFI-2 scores across LLMs.  
Each row reports one endpoint’s mean across 25 sessions (five seeds at each of five requested 
temperatures). All scores are presented on the original 1–5 BFI-2 scale.  

Extended Data Table 3 | Model-level descriptive statistics and variability across personality and 
social behaviour.​
All estimates use 36 model-level means. The table reports mean and sample SD across models, and 
the minimum and maximum model means; between-model SD as a percentage of the theoretical 
range, with 95% confidence intervals in parentheses. Between-model SD is the sample SD of model 
means divided by the theoretical range. Within-model temperature SD is the sample SD across five 
temperature-specific means, range-normalised and averaged across models; this includes run-to-run 
variation and does not isolate a causal temperature effect. CIs use 10,000 paired model-bootstrap 
resamples. The Minimal Group outcome is the signed in-group favouritism index (−39 to +39): 
positive values indicate in-group favouritism, negative values indicate out-group favouritism, and zero 
indicates no directional group preference. On the scaled 0–1 axis, neutrality is 0.5; greater impartiality 
corresponds to values closer to neutrality.​
 

Extended Data Table 4 | Associations between BFI-2 domains and social behaviour. Each row 
reports a separate unweighted OLS regression with an intercept across 36 model-level means (34 
residual df). β is standardised; 95% CIs are two-sided t-based pointwise intervals. P values test β = 0; 
Holm correction was applied across all 35 associations using unrounded values. Seven unadjusted and 
one Holm-adjusted p values were < 0.05. R² is dimensionless. Outcomes were scaled to their 
theoretical 0–1 ranges; mappings are given in Extended Data Table 1. For Minimal Group, −39 to +39 
denotes signed in-group favouritism; on the 0–1 scale, 0.5 represents neutrality. 

Extended Data Table 5 | Third-Party Punishment transfer-deduction reactions.​
Each model’s ordinary least-squares regression relates deduction points to allocator transfer (€0–€5), 
using 100 sessions (20 seeds × five requested temperatures). Slopes and ordinary 95% t-based CIs are 
deduction points per €1 transferred. Tests are two-sided; the stored Holm adjustment uses a family 
size of 36, including three models with undefined tests. Rows are ordered by slope. Negative slopes 
indicate greater deductions following smaller transfers: 28 of 32 negative slopes survive adjustment; 1 
positive slope survives adjustment. Gemini 3 Flash, Gemma 4 26B and Gemma 4 31B always 
assigned zero deduction points; their descriptive slopes are zero. 
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Supplementary Information:  
Supplementary Table 1 | Model registry and endpoint metadata 

Supplementary Table 2 | Session inclusion and exclusion by assessment 

Supplementary Table 3 | Session inclusion and exclusion by model endpoint 

Supplementary Table 4 | Assessment protocols, prompt sources and experimental 
design. 
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Extended Data Figures  

 

Extended Data Fig. 1 | Model-level BFI-2 profiles. 
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BFI-2 domain scores for each of the 36 LLMs on the original 1-5 response scale, comprising Extraversion, Agreeableness, 
Conscientiousness, Negative Emotionality and Open-Mindedness. 

 

 

Extended Data Fig. 2 | Between-model variability in self-reported personality and social behaviour.​
Between-model variability across the five BFI-2 domains (Extraversion, Agreeableness, Conscientiousness, Negative Emotionality and 
Open-Mindedness) and the primary behavioural outcomes of the seven social games (altruism, fairness, trust, cooperation, contribution, 
altruistic punishment, and impartiality), normalised to the theoretical range of each measure. Variability was calculated as the sample 
standard deviation across the 36 model-level means divided by the theoretical range of the corresponding measure.  
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Extended Data Fig. 3. | Model-level primary behavioural outcome profiles​
Social behaviour across the seven social games for each of the 36 LLMs, shown for the primary behavioural outcome of each game: 
altruism (Dictator Game), fairness (Ultimatum Game), trust (Trust Game), cooperation (Prisoner’s Dilemma), contribution (Public 
Goods Game), altruistic punishment (Third-Party Punishment Game) and impartiality (Minimal Group Paradigm). The outcomes are 
scaled to [0, 1] using their theoretical ranges. For the Minimal Group Paradigm, higher positive values of the signed favouritism index 
indicate greater in-group favouritism and thus lower impartiality. After scaling, neutrality corresponds to 0.5. 
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Extended Data Fig. 4 | Cooperation in the iterated Prisoner’s Dilemma and contribution in the iterated Public Goods Game 
across rounds.​
a, Mean cooperation rate across the eight rounds of the iterated Prisoner’s Dilemma. b, Mean contribution across the eight rounds of the 
iterated Public Goods Game. Thin grey lines show the round-specific trajectory of each of the 36 models, and the dark line and circles 
show the mean across models. Model-level values at each round are pooled across requested temperature conditions and  eight 
replication seeds (40 sessions per model and round). 
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Extended Data Fig. 5 | Pairwise associations between BFI-2 personality domains and social behaviour across 
language models.​
Each panel shows an unweighted ordinary least-squares regression across 36 models, with model-level means represented 
by points and fitted regression lines. One association remained significant after Holm correction: Conscientiousness with 
the in-group favouritism index (Impartiality) in the Minimal Group Paradigm (standardised β = 0.512, Holm-adjusted p = 
0.0498) Full regression estimates, 95% confidence intervals and Holm-adjusted p-values are provided in Extended Data 
Table 4. 
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